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Major Goals: There are two main channels for a human to obtain answers to her questions: one is to resort to
machines like search engines, and the other is to resort to humans such as experts in online forums. We aim to
develop novel human-machine collaboration mechanisms to facilitate both question answering (QA) channels.
While most existing studies focus on either machines or humans, we observe that the capabilities of humans and
machines are highly complementary to each other. The respective limitations of current machine and human QA
systems can be largely remedied by the other: humans can easily resolve the ambiguities in complex questions
that confuse machines, while machines can provide useful insights by analyzing large amounts of data and make
human QA systems more automated. Their collaboration has the potential to greatly advance both QA channels.

The overall goal of this project is to explore human-machine collaboration mechanisms that can address the
challenges faced by the cutting-edge machine and human QA systems. Towards this goal, we propose innovative
techniques that foster the synergies among humans and machines for question answering. Our grand vision is that
humans and machines should team up as an integrated complex system for effective and efficient QA. The
techniques proposed in this project can potentially be generalized to many other scenarios where human and
machine intelligence need to be combined in an algorithmic manner.

Accomplishments: In this project, we aim to explore human-machine collaboration mechanisms that can address
the challenges faced by the cutting-edge machine and human QA systems. Towards this end, we have proposed
innovative techniques to involve humans in the loop for machine QA systems or developed advanced algorithms to
boost the efficiency of human QA systems. Here we select a few publications to highlight some of our
achievements. Details can be found in the uploaded pdf.

1. Involve humans in the loop for machine QA systems and natural language interfaces in general.

Natural language interfaces (NLIs) allow users to query data in natural language and command machines without
programming. Current commercial products that heavily use NLI technologies include Amazon Alexa, Apple Siri,
Google home, etc. There are many challenges for building or scaling up NLIs: (1) high bootstrapping cost,
especially for specialized domains, because mainstream deep learning models are data-hungry and annotation
cost of data is relatively high (as domain expertise is often required), (2) high fine-tuning cost from continuously
analyzing usage and annotating new data, and (3) privacy risks arising from exposing private user conversations to
annotators and developers. We have been pushing the state of the arts in addressing all these challenges, e.g., by
developing automatic data collection methods to reduce bootstrapping cost (e.g., WWW'18 and EMNLP'20) and
exploring an emerging direction of interactive semantic parsing with human users in the loop (e.g., EMNLP'19 and
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EMNLP'20). Beyond question answering, we investigated interactive semantic parsing for program synthesis
(AAAI'19), where the agent can ask the user clarification questions to resolve ambiguities via a multi-turn dialogue,
on an important type of programs called "If-Then recipes." We develop a hierarchical reinforcement learning (HRL)
based agent that significantly improves the parsing performance with minimal questions to the user.

2. Question/answer retrieval to boost the efficiency of human QA forums.

Online forums such as Stack Overflow have contributed a huge number of code snippets, understanding and reuse
of which can greatly speed up software development and help users search the forum and retrieve relevant
questions and answers. Towards this goal, a lot of research work have been developed recently, such as retrieving
or generating code snippets based on a natural language query, and annotating code snippets using natural
language. At the core of these work are machine learning models that map between natural language and
programming language, which are typically data-hungry and require large-scale and high-quality <natural language
question, code solution> pairs (i.e., question-code or QC pairs). In this project, we investigated systematically
mining large-scale high-quality question-code pairs, and presented StaQC (WWW'18), the largest dataset at of
~148K Python and ~120K SQL question-code pairs, systematically mined by our framework. Given such a dataset,
code retrieval (CR) and code annotation (CA) are two important tasks that have been widely studied in the past few
years, where the former aims to retrieve relevant code snippets based on a natural language (NL) query while the
latter is to generate natural language descriptions to describe what a given code snippet does. In WWW'19, we
explored a novel perspective - code annotation *for* code retrieval (CoaCor), which is to generate an NL annotation
for a code snippet so that the generated annotation can be used for code retrieval (i.e., can represent the semantic
meaning of a code snippet and distinguish it from others w.r.t. a given NL query in the code retrieval task). We
developed an effective RL-based framework with a novel rewarding mechanism, in which a code retrieval model is
directly used to formulate rewards and guide the annotation generation. In EMNLP'20, we further studied code
retrieval, where we directly match a code snippet with a given question, but during training, we will utilize question-
description relevance to improve the learning process. We were the first to introduce adversarial training to code
retrieval, given its success on transfer learning from one domain to another and learning with scarce supervised
data.

3. Representation learning with pre-trained language models for information extraction (from semi-structured data)
and QA.

Relational tables on the Web store a vast amount of knowledge. Owing to the wealth of such tables, there has been
tremendous progress on a variety of tasks in the area of table understanding (such as information extraction from
tables). However, existing work generally relies on heavily-engineered task-specific features and model
architectures. In this project, we presented TURL (VLDB'21), a novel framework that introduces the pre-
training/fine-tuning paradigm to relational Web tables. During pre-training, our framework learns deep
contextualized representations on relational tables in an unsupervised manner. Its universal model design with pre-
trained representations can be applied to a wide range of tasks with minimal task-specific fine-tuning. Specifically,
we proposed a structure-aware Transformer encoder to model the row-column structure of relational tables, and
presented a new Masked Entity Recovery (MER) objective for pre-training to capture the semantics and knowledge
in large-scale unlabeled data. We systematically evaluated TURL with a benchmark consisting of 6 different tasks
for table understanding (e.g., relation extraction, cell filling). We showed that TURL generalizes well to all tasks and
substantially outperforms existing methods in almost all instances.

We further studied how to augment language models with the ability to reason over long-range relations and
multiple, possibly hybrid contexts and presented a pre-training method dubbed ReasonBert in EMNLP'21. Unlike
existing pre-training methods that only harvest learning signals from local contexts of naturally occurring texts, we
proposed a generalized notion of distant supervision to automatically connect multiple pieces of text and tables to
create pre-training examples that require long-range reasoning. Different types of reasoning were simulated,
including intersecting multiple pieces of evidence, bridging from one piece of evidence to another, and detecting
unanswerable cases. We conducted a comprehensive evaluation on a variety of extractive QA datasets ranging
from single-hop to multi-hop and from text-only to table-only to hybrid that require various reasoning capabilities
and show that ReasonBert achieves remarkable improvement over an array of strong baselines. Few-shot
experiments further demonstrated that our pre-training method substantially improves sample efficiency.
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Training Opportunities: (1) Training doctoral students. Ziyu Yao who was mainly supported by this ARO grant
during her Ph.D. study graduated in Summer 2021 and joined George Mason University as an assistant professor.
Her thesis is “On Advancing Natural Language Interfaces: Data Collection, Model Development, and User
Interaction.”

Jie Zhao who was also mainly supported by this ARO grant during his Ph.D. study graduated in Fall 2020 and
joined Amazon as an applied scientist. His thesis is “Towards Building Trustworthy Automatic Question Answering
Systems.”

Bortik Bandyopadhyay (partly supported by the Pl using her NSF

grant) graduated in Summer 2020 and joined Apple to work on machine learning and Al. While Bortik was not
directly supported by this ARO grant, his work on "Automatic Table Completion using Knowledge Base" included in
his dissertation is directly related to machine intelligent question answering.

(2) Training undergraduate and high school students. The Pl has mentored many undergraduate students since the
start of this project. In particular, undergraduate students Frederick Zhang and Heming Sun worked on projects
related to this ARO project. They had published a paper in EMNLP'21 on Covid-related QA, where questions were
crawled from various webpages and community QA forums. Frederick also co-led another project on question
generation for domain adaptation of clinical QA systems, which won the Best Paper Award at BIBM'21. These
pieces of work help boost the impact of the ARO project on clinical applications. The two students joined University
of Michigan and University of Southern California for graduate studies in Fall 2021.

In addition, the PI also closely worked with two high school interns during 06-08/2018: Sounak Dey from Thomas
Worthington High School and Jacob Mayhew from St. Charles Preparatory School.

(3) Training master students. The Pl has closely worked with a few master students including Kaushik Mani and
Jayavardhan Reddy Peddamail, who published papers related to the ARO project and joined Oracle and Google,
respectively, after graduation.
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Results Dissemination: A. During the reporting period, we have produced the following publications in top-tier
conferences, on which one or more authors (including the PI) are partly funded by the grant:

1. Xiang Deng, Yu Su, Alyssa Lees, You Wu, Cong Yu, Huan Sun, “ReasonBERT: Pre-trained to Reason with
Distant Supervision,” The 2021 Conference on Empirical Methods in Natural Language Processing (EMNLP 2021,

long paper).

2. Xiang Deng, Huan Sun, Alyssa Lees, You Wu, Cong Yu, “TURL: Table Understanding through Representation
Learning,” The 47th International Conference on Very Large Data Bases (VLDB'21).

3. Zhen Wang, Jennifer Lee, Simon Lin, Huan Sun, “Rationalizing Medical Relation Prediction from Corpus-level
Statistics,” Proceedings of the 58th Annual Meeting of the Association for Computational Linguistics (ACL'20, long).

4. Xiang Yue, Bernal Jimenez, Huan Sun, “Clinical Reading Comprehension: A Thorough Analysis of the emrQA
Dataset,” Proceedings of the 58th Annual Meeting of the Association for Computational Linguistics (ACL'20, long).

5. Bernhard Kratzwald, Huan Sun, Stefan Feuerriegel, "Learning a Cost-Effective Annotation Policy for Question
Answering," 2020 Conference on Empirical Methods in Natural Language Processing (EMNLP'20).

6. Jie Zhao, Huan Sun, "Adversarial Training for Code Retrieval with Question-Description Relevance
Regularization," 2020 Conference on Empirical Methods in Natural Language Processing (EMNLP'20 Findings).

7. Ziyu Yao, Yiqgi Tang, Wen-tau Yih, Huan Sun and Yu Su, "An Imitation Game for Learning Semantic Parsers
from User Interaction,"” 2020 Conference on Empirical Methods in Natural Language Processing (EMNLP'20).

8. Ziyu Yao, Yu Su, Huan Sun, Wen-tau Yih, “Model-based Interactive Semantic Parsing: A Unified Formulation
and A Text-to-SQL Case Study,” 2019 Conference on Empirical Methods in Natural Language Processing
(EMNLP'19).

9. Xiang Deng, Huan Sun, “Leveraging 2-hop Distant Supervision from Table Entity Pairs for Relation Extraction,”
2019 Conference on Empirical Methods in Natural Language Processing (EMNLP'19).

10. Boyuan Pan, Hao Li, Ziyu Yao, Deng Cai, Huan Sun, “Reinforced Dynamic Reasoning for Conversational
Question Generation,” Proceedings of the 57th Annual Meeting of the Association for Computational Linguistics
(ACL"9).

11. Jie Zhao, Ziyu Guan, Huan Sun, “Riker: Mining Rich Keyword Representations for Interpretable Product
Question Answering,” The 25th ACM SIGKDD Conference on Knowledge Discovery and Data Mining 2019
(SIGKDD'19, research track, acceptance rate: ~14.2%, poster). (SIGKDD'19: ~110 oral + ~60 poster presentations
selected from ~1200 submissions)

12. Zhen Wang, Xiang Yue, Soheil Moosavinasab, Yungui Huang, Simon Lin, Huan Sun, “SurfCon: Synonym
Discovery on Privacy-Aware Clinical Data,” The 25th ACM SIGKDD Conference on Knowledge Discovery and Data
Mining 2019 (SIGKDD'19, research track, acceptance rate: ~14.2%, oral).

13. Ziyu Yao, Jayavardhan Reddy Peddamail, Huan Sun, “CoaCor: Code Annotation for Code Retrieval with
Reinforcement Learning,” The Web Conference (former WWW Conference) 2019 (WWW'19, acceptance rate:
18%, Oral + Poster).

14. Ziyu Yao, Xiujun Li, Jianfeng Gao, Brian Sadler, Huan Sun, “Interactive Semantic Parsing for If-Then Recipes
via Hierarchical Reinforcement Learning,” The AAAI Conference on Artificial Intelligence 2019 (AAAI'19,
acceptance rate: 16.2%).

15. Ziyu Yao, Daniel S. Weld, Wei-Peng Chen, Huan Sun, “StaQC: A Systematically Mined Question-Code Dataset
from Stack Overflow,” The Web Conference (former WWW Conference) 2018 (WWW'18, acceptance rate: 14.8%).

B. During the reporting period, the following efforts were made to disseminate our work:
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2020-2021:
1. Pl Sun and her student Xiang Deng presented their work at NAACL, Online, June 2021.

2. Pl Sun and her student Xiang Deng presented their work at VLDB, Online, August 2021.
3. Pl Sun and her student Ziyu Yao presented their work at ICLR, Online, April 2021.

4. Pl Sun gave an invited talk at Nesh (Startup), Texas Al community, Online, July 2021.
5. PI Sun co-presented a tutorial at SIGKDD, Online, August 2021.

6. PI Sun gave an invited talk at Allen Institute for Al (Al2), Online, July 2021.

7. Pl Sun gave an invited talk at Facebook Al Research, Online, November 2020.

8. PI Sun gave an invited talk at UIUC, online, October 2020.

2019-2020:

1. Pl Sun and her student Zhen Wang presented their work at ACL, Online, July 2020.

. PI Sun and her student Tommy Yue presented their work at ACL, Online, July 2020.

. PI Sun's student Ziyu Yao gave an invited talk at CMU, Online, May 2020.

. PI Sun's student Xiang Deng gave an invited talk at MSR, Online, Summer 2020.

. PI Sun gave an invited talk at Rulai (Startup), Online, June 2020.

. PI Sun gave an invited talk at Google Research, New York, Feb 2020.

. PI Sun gave an invited talk to the Facebook Conversational Al group, Menlo Park, Oct 2019.

NO O WN

2018-2019:

1. P1 Sun and her student Ziyu Yao presented their work at AAAI, Hawaii, USA, in Jan 2019.

2. PI Sun gave an invited talk at Army Science Planning and Strategy Meeting, Austin, Texas, in Jan 2019.

3. Pl Sun gave an invited talk at OSU-Tsukuba Joint Linguistics Workshop, Columbus, Ohio, in February 2019.
4. Pl Sun and her student Ziyu Yao presented their work at WWW, SF, USA, in May 2019.

5. Pl Sun gave an invited talk at IEEE National Aerospace & Electronics Conference (NAECON), Dayton, Ohio, in
July 2019.

6. Pl Sun's student Ziyu Yao presented their work at ACL, Florence, Italy, in July 2019.

7. Pl Sun's student Ziyu Yao gave an invited talk at ETH, Zurich, in July 2019.

8. PI Sun and her students Jie Zhao, Xiang Yue, Zhen Wang presented their KDD work at SIGKDD, Anchorage,
USA, in August 2019.

9. PI Sun gave an invited talk at Fujitsu Laboratories of America in Sunnyvale, CA, in August 2019.

2017-2018:

1. Pl Sun’s student Ziyu Yao gave 2 departmental talks respectively on the work published in WWW'18 and in
AAAI'19.

2. Pl Sun’s student Ziyu Yao gave 1 conference presentation at WWW’18, Lyon, France, in April 2018.

3. During Jan 2018 ~ July 2018, Pl Sun gave 7 invited talks respectively at University of lllinois, Chicago, Penn
State University, Rice University, UMass Amherst, Tsinghua University, Fudan University, and City Brain Project at
Hangzhou, China.

4. Pl Sun's student Jayavardhan Reddy Peddamail gave 1 spotlight presentation at SIGKDD’18, London, UK,
08/20/2018.
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Honors and Awards: 1. Pl Sun and her students received the Best Paper Award at the 2021 IEEE International
Conference on Bioinformatics and Biomedicine (BIBM, long paper).

2. Ph.D. student Ziyu Yao (who was mainly supported by this ARO grant) won the prestigious Presidential
Fellowship in Fall 2020. She was selected into EECS Rising Stars 2020. Ziyu also won the Graduate Research
Award by CSE Department at OSU in 2021. She joined George Mason University as a tenure-track assistant
professor in Fall 2021.

Ph.D. student Zhen Wang (who was partly supported by this ARO grant) was selected to attend the 2021 Rising
Stars in Data Science Workshop hosted by UChicago.

3. Undergraduate student Xinliang Frederick Zhang received the Honorable Mention of Outstanding Undergraduate
Researcher Award 2021 by CRA (Computing Research Association). He also won the Undergraduate Research
Award by CSE Department at OSU in 2021. He joined University of Michigan for Ph.D. studies in Fall 2021.

4. Pl Sun received NSF CAREER Award, Google Faculty Research Award, Lumley
Research Award, all in 2020.

5. PI Sun's team was selected to participate in the first Amazon Alexa Taskbot Challenge (10 out of 125 applicant
teams), because of the series work published under the support of this ARO grant.

Protocol Activity Status:
Technology Transfer: Nothing to Report

PARTICIPANTS:

Participant Type: Graduate Student (research assistant)
Participant: Ziyu Yao
Person Months Worked: 15.00 Funding Support:

Proiect Contribution:
National Academy Member: N

Participant Type: Graduate Student (research assistant)
Participant: Jie Zhao
Person Months Worked: 15.00 Funding Support:

Project Contribution:
National Academy Member: N

Participant Type: Graduate Student (research assistant)

Participant: Zhen Wang

Person Months Worked: 5.00 Funding Support:
Proiect Contribution:

National Academy Member: N

Participant Type: Graduate Student (research assistant)

Participant: Xiang Yue

Person Months Worked: 5.00 Funding Support:
Project Contribution:

National Academy Member: N
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Participant Type: Graduate Student (research assistant)
Participant: Xiang Deng
Person Months Worked: 9.00 Funding Support:

Project Contribution:
National Academy Member: N

Participant Type: PD/PI
Participant: Huan Sun

Person Months Worked: 2.00 Funding Support:
Proiect Contribution:
National Academy Member: N

CONFERENCE PAPERS:

Publication Type: Conference Paper or Presentation Publication Status: 1-Published
Conference Name: The Web Conference (former WWW Conference) 2018
Date Received: 29-Aug-2018 Conference Date: 23-Apr-2018 Date Published:

Conference Location: Lyon, France

Paper Title: StaQC: A Systematically Mined Question-Code Dataset from Stack Overflow
Authors: Ziyu Yao, Daniel S. Weld, Wei-Peng Chen, Huan Sun

Acknowledged Federal Support: Y

Publication Type: Conference Paper or Presentation Publication Status: 1-Published
Conference Name: SIGKDD 2018 Deep Learning Day
Date Received: 29-Aug-2018 Conference Date: 20-Aug-2018 Date Published:

Conference Location: London, UK

Paper Title: A Comprehensive Study of StaQC for Deep Code Summarization
Authors: Jayavardhan Reddy Peddamail, Ziyu Yao, Zhen Wang, Huan Sun,
Acknowledged Federal Support: Y

Publication Type: Conference Paper or Presentation Publication Status: 1-Published
Conference Name: The 2021 Conference on Empirical Methods in Natural Language Processing (EMNLP'21)
Date Received: 30-Dec-2021 Conference Date: 07-Nov-2021 Date Published: 11-Nov-2021

Conference Location: Online and Punta Cana, Dominican Republic

Paper Title: ReasonBERT: Pre-trained to Reason with Distant Supervision
Authors: Xiang Deng, Yu Su, Alyssa Lees, You Wu, Cong Yu, Huan Sun
Acknowledged Federal Support: Y
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Publication Type: Conference Paper or Presentation Publication Status: 1-Published
Conference Name: The AAAI Conference on Artificial Intelligence 2019 (AAAI'19)
Date Received: 05-Jan-2022 Conference Date: 27-Jan-2019 Date Published: 01-Feb-2019

Conference Location: Hawaii

Paper Title: Interactive Semantic Parsing for If-Then Recipes via Hierarchical Reinforcement Learning
Authors: Ziyu Yao, Xiujun Li, Jianfeng Gao, Brian Sadler, Huan Sun

Acknowledged Federal Support: Y

Publication Type: Conference Paper or Presentation Publication Status: 1-Published
Conference Name: The Web Conference (former WWW Conference) 2019
Date Received: 05-Jan-2022 Conference Date: 13-May-2019 Date Published: 17-May-2019

Conference Location: San Francisco

Paper Title: CoaCor: Code Annotation for Code Retrieval with Reinforcement Learning
Authors: Ziyu Yao, Jayavardhan Reddy Peddamail, Huan Sun

Acknowledged Federal Support: Y

Publication Type: Conference Paper or Presentation Publication Status: 1-Published
Conference Name: The 25th ACM SIGKDD Conference on Knowledge Discovery and Data Mining 2019
(SIGKDD'19)

Date Received: 05-Jan-2022 Conference Date: 04-Aug-2019 Date Published: 08-Aug-2019

Conference Location: Anchorage

Paper Title: SurfCon: Synonym Discovery on Privacy-Aware Clinical Data

Authors: Zhen Wang, Xiang Yue, Soheil Moosavinasab, Yungui Huang, Simon Lin, Huan Sun
Acknowledged Federal Support: Y

Publication Type: Conference Paper or Presentation Publication Status: 1-Published
Conference Name: The 25th ACM SIGKDD Conference on Knowledge Discovery and Data Mining 2019
(SIGKDD'19)

Date Received: 05-Jan-2022 Conference Date: 04-Aug-2019 Date Published: 08-Aug-2019

Conference Location: Anchorage

Paper Title: Riker: Mining Rich Keyword Representations for Interpretable Product Question Answering
Authors: Jie Zhao, Ziyu Guan, Huan Sun

Acknowledged Federal Support: Y

Publication Type: Conference Paper or Presentation Publication Status: 1-Published
Conference Name: Proceedings of the 57th Annual Meeting of the Association for Computational Linguistics
(ACL'19)

Date Received: 05-Jan-2022 Conference Date: 28-Jul-2019 Date Published: 02-Aug-2019

Conference Location: Florence, Italy

Paper Title: Reinforced Dynamic Reasoning for Conversational Question Generation
Authors: Boyuan Pan, Hao Li, Ziyu Yao, Deng Cai, Huan Sun

Acknowledged Federal Support: Y

Publication Type: Conference Paper or Presentation Publication Status: 1-Published
Conference Name: 2019 Conference on Empirical Methods in Natural Language Processing (EMNLP'19)
Date Received: 05-Jan-2022 Conference Date: 03-Nov-2019 Date Published: 07-Nov-2019

Conference Location: Hong Kong, China

Paper Title: Leveraging 2-hop Distant Supervision from Table Entity Pairs for Relation Extraction
Authors: Xiang Deng, Huan Sun

Acknowledged Federal Support: Y
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Publication Type: Conference Paper or Presentation Publication Status: 1-Published
Conference Name: 2019 Conference on Empirical Methods in Natural Language Processing (EMNLP'19)
Date Received: 05-Jan-2022 Conference Date: 03-Nov-2019 Date Published: 07-Nov-2019

Conference Location: Hong Kong, China

Paper Title: Model-based Interactive Semantic Parsing: A Unified Formulation and A Text-to-SQL Case Study
Authors: Ziyu Yao, Yu Su, Huan Sun, Wen-tau Yih

Acknowledged Federal Support: Y

Publication Type: Conference Paper or Presentation Publication Status: 1-Published
Conference Name: 2020 Conference on Empirical Methods in Natural Language Processing (EMNLP'20)
Date Received: 05-Jan-2022 Conference Date: 16-Nov-2020 Date Published: 20-Nov-2020

Conference Location: Virtual

Paper Title: An Imitation Game for Learning Semantic Parsers from User Interaction
Authors: Ziyu Yao, Yiqi Tang, Wen-tau Yih, Huan Sun and Yu Su

Acknowledged Federal Support: Y

Publication Type: Conference Paper or Presentation Publication Status: 1-Published
Conference Name: Findings of 2020 Conference on Empirical Methods in Natural Language Processing
(EMNLP'20 Findings)

Date Received: 05-Jan-2022 Conference Date: 16-Nov-2020 Date Published: 20-Nov-2020
Conference Location: Virtual

Paper Title: Adversarial Training for Code Retrieval with Question-Description Relevance Regularization
Authors: Jie Zhao, Huan Sun

Acknowledged Federal Support: Y

Publication Type: Conference Paper or Presentation Publication Status: 1-Published
Conference Name: 2020 Conference on Empirical Methods in Natural Language Processing (EMNLP'20)
Date Received: 05-Jan-2022 Conference Date: 16-Nov-2020 Date Published: 20-Nov-2020

Conference Location: Virtual

Paper Title: Learning a Cost-Effective Annotation Policy for Question Answering
Authors: Bernhard Kratzwald, Huan Sun, Stefan Feuerriegel

Acknowledged Federal Support: Y

Publication Type: Conference Paper or Presentation Publication Status: 1-Published
Conference Name: Proceedings of the 58th Annual Meeting of the Association for Computational Linguistics
(ACL'20)

Date Received: 05-Jan-2022 Conference Date: 05-Jul-2020 Date Published: 10-Jul-2020

Conference Location: Virtual

Paper Title: Clinical Reading Comprehension: A Thorough Analysis of the emrQA Dataset
Authors: Xiang Yue, Bernal Jimenez, Huan Sun

Acknowledged Federal Support: Y

Publication Type: Conference Paper or Presentation Publication Status: 1-Published
Conference Name: Proceedings of the 58th Annual Meeting of the Association for Computational Linguistics
(ACL'20)

Date Received: 05-Jan-2022 Conference Date: 05-Jul-2020 Date Published: 10-Jul-2020

Conference Location: Virtual

Paper Title: Rationalizing Medical Relation Prediction from Corpus-level Statistics
Authors: Zhen Wang, Jennifer Lee, Simon Lin, Huan Sun

Acknowledged Federal Support: Y
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Publication Type: Conference Paper or Presentation Publication Status: 1-Published
Conference Name: The 47th International Conference on Very Large Data Bases (VLDB'21)
Date Received: 05-Jan-2022 Conference Date: 16-Aug-2021 Date Published: 20-Aug-2021

Conference Location: Copenhagen, Denmark

Paper Title: TURL: Table Understanding through Representation Learning
Authors: Xiang Deng, Huan Sun, Alyssa Lees, You Wu, Cong Yu
Acknowledged Federal Support: Y
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StaQC: A Systematically Mined Question-Code Dataset
from Stack Overflow

Ziyu Yao', Daniel S. Weld*, Wei-Peng Chen'", Huan Sun’

"The Ohio State University, *University of Washington, T"Fujitsu Labs of America
{ya0.470,sun.397}@osu.edu,weld@cs.washington.edu, wei-peng.chen@us.fujitsu.com

ABSTRACT

Stack Overflow (SO) has been a great source of natural language
questions and their code solutions (i.e., question-code pairs), which
are critical for many tasks including code retrieval and annotation.
In most existing research, question-code pairs were collected heuris-
tically and tend to have low quality. In this paper, we investigate
a new problem of systematically mining question-code pairs from
Stack Overflow (in contrast to heuristically collecting them). It is for-
mulated as predicting whether or not a code snippet is a standalone
solution to a question. We propose a novel Bi-View Hierarchical
Neural Network which can capture both the programming content
and the textual context of a code snippet (i.e., two views) to make
a prediction. On two manually annotated datasets in Python and
SQL domain, our framework substantially outperforms heuristic
methods with at least 15% higher F; and accuracy. Furthermore, we
present StaQC (Stack Overflow Question-Code pairs), the largest
dataset to date of ~148K Python and ~120K SQL question-code
pairs, automatically mined from SO using our framework. Under
various case studies, we demonstrate that StaQC can greatly help
develop data-hungry models for associating natural language with
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%This is pretty thorough: \
def convert(name):
C, sl = re.sub('(.)([A-Z][a-z]+)', r'\1_\2',6name)

return re.sub('([a-2z0-9])([A-Z])',r'\1_\2',sl).lower()

S2 Works with all these (and doesn't harm already-un-cameled versions):
N

-
>>> convert('CamelCase')
G 'camel_case'
>>> convert('CamelCamelCase')

‘camel_camel_case'
A\ — — J

S5 Orif you're going to call it a zillion times, you can pre-compile the regexes:

(firsticapire = re.compile('(.)([A-Z][a-2z]+)") h
all_cap_re = re.compile('([a-20-9])([A-Z])")
CB def convert(name):
sl = first_cap_re.sub(r'\1_\2', name)
\ return all_cap_ re.sub(r'\1_\2', sl).lower() Y,

S4 Don't forget to import the regular expression module

C} [ import re

)/

Figure 1: The accepted answer post to question “Elegant
Python function to convert CamelCase to snake_case?” in SO.
Si (i =1,2,3,4) and Cj (j = 1,2,3,4) denote sentence blocks
and code blocks respectively, which can be trivially sepa-
rated based on the HTML format.

1 INTRODUCTION

Online forums such as Stack Overflow (SO) [40] have contributed
a huge number of code snippets, understanding and reuse of which
can greatly speed up software development. Towards this goal, a lot
of research work have been developed recently, such as retrieving
or generating code snippets based on a natural language query, and
annotating code snippets using natural language [2, 21, 28, 44, 52,
61, 64]. At the core of these work are machine learning models that
map between natural language and programming language, which
are typically data-hungry [19, 24, 46] and require large-scale and
high-quality <natural language question, code solution> pairs (i.e.,
question-code or QC pairs).

In our work, we define a code snippet as a code solution when the
questioner can solve the problem solely based on it (also named as
“standalone” solution). Take Figure 1 as an example, which shows
the accepted answer post? to question “Elegant Python function to
convert CamelCase to snake_case”. Among the four code snippets
{C1, C3, C3, C4}, only C; and C3 are standalone code solutions to

%In SO, an accepted answer post is marked with a green check by the questioner, if
he/she thinks it solves the problem. Following previous work [21, 59], although there
can be multiple answer posts to a question, we only consider the accepted one because of
its verified quality, and use “accepted answer post” and “answer post” interchangeably.



the question while the rest are not, because C, only gives an input-
output demo of the “convert” function without its definition and
Cy4 is a reminder of an additional detail. Given an answer post
with multiple code snippets (i.e., a multi-code answer post) like
Figure 1, previous work usually collected question-code pairs in
heuristic ways: Simply pair the question title with the first code
snippet, or with each code snippet, or with the concatenation of all
code snippets in the post [2, 64]. Iyer et al. [21] merely employed
accepted answer posts that contain exactly one code snippet, and
discarded all others with multiple code snippets. Such heuristic
question-code collection methods suffer from at least one of the
following weaknesses: (1) Low precision: Questions do not match
with their paired code snippets, when the latter serve as background,
explanation, or input-output demo rather than as a solution (e.g.,
C, in Figure 1); (2) Low recall: If one only selects the first code
snippet to pair with a question, other code solutions in an answer
post (e.g., C3) will be unemployed.

In fact, multi-code answer posts are very common in SO, which
makes the low-precision and low-recall issues even more promi-
nent. In the Stack Exchange Data dump[51], among all accepted
answer posts for Python and SQL “how-to-do-it” questions (to be
introduced in Section 2), 44.66% and 34.35% contain more than one
code snippets respectively. Note that an accepted answer post was
verified only as an entirety by the questioner, and labels on whether
each individual code snippet serves as a standalone solution or
not are not readily available. Moreover, it is not feasible to obtain
such labels by simply running each code snippet in a programming
environment for two reasons: (1) A runnable code snippet is not nec-
essarily a code solution (e.g., C4 in Figure 1); (2) It was reported that
around 74% of Python and 88% of SQL code snippets in SO are not
directly parsable or runnable [21, 59]. Nevertheless, many of them
usually contain critical information to answer a question. Therefore,
they can still be used in semantic analysis for downstream tasks
[2, 21, 59, 64] once paired with natural language questions.

To systematically mine question-code pairs with high precision
and recall, we propose a novel task: Given a question® in SO and
its accepted answer post with multiple code snippets, how to predict
whether each code snippet is a standalone solution or not? In this
paper, we focus on “how-to-do-it”-type of questions which ask
how to implement a certain task like in Figure 1, since answers to
such questions are most likely to be standalone code solutions. The
definition and classification of different types of questions will be
discussed in Section 2. We identify two challenges in our task: (1)
As shown in Figure 1, code snippets in an answer post can play
many non-solution roles such as serving as an input-output demo
or reminder (e.g., C2 and Cy4), which calls for a statistical learning
model to make accurate predictions. (2) Both the textual context
and the programming content of a code snippet can be predictive,
but an effective model to jointly utilize them needs careful design.
Intuitively, a text block with patterns like “you can do ..” and “this
is one thorough solution ..” is more likely to be followed by a code
solution. For example, given S; and S3 in Figure 1, a code solution is
likely to be introduced after them. On the other hand, by inspecting
the code content, Cy is probably not a code solution to the question,

3Following previous work [2, 6, 21], we only use the title of a question post in this
work, and leave incorporating the question post content for future work.

»

since it contains special Python console patterns like “>>> ... >>>
and no particular definition of “convert”.

To tackle these challenges, we explore a series of models includ-
ing traditional classifiers and deep learning models, and propose
a novel model, named Bi-View Hierarchical Neural Network (BiV-
HNN), to capture both the textual context and the programming
content of each code snippet (which make the two views). In BiV-
HNN, we design two different modules to learn features from text
and code respectively, and combine them into a deep neural net-
work architecture, which finally predicts whether a code snippet is
a standalone solution or not. To summarize, our contributions lie
in three folds:

First, to the best of our knowledge, we are the first to investigate
systematically mining large-scale high-quality question-code pairs,
which are critical for developing learning-based models aiming to
map between natural language and programming language.

Second, we extensively explore various models including tradi-
tional classifiers and deep learning models to predict whether a
code snippet is a solution or not, and propose a novel Bi-View Hier-
archical Neural Network which considers both text- and code-based
views. On two manually labeled datasets in Python and SQL domain,
BiV-HNN outperforms both the widely adopted heuristic methods
and traditional classifiers by a large margin in terms of F; and ac-
curacy. Moreover, BiV-HNN does not rely on any prior knowledge
and can be easily applied to other programming domains.

Last but not least, we present StaQC, the largest dataset to date of
~148K Python and ~120K SQL question-code pairs, systematically
mined by our framework. Using multiple case studies, we show that
(1) StaQC is rich in surface variation: A question can be paired with
multiple code solutions, and semantically the same code snippets
can have different/paraphrased natural language descriptions. (2)
Owing to such diversity as well as its large scale, StaQC is a much
better data resource than existing ones for constructing models
to map between natural language and programming language. In
addition, we can continue to grow StaQC in both size and diver-
sity, by regularly applying our framework to the fast-growing SO.
Question-code pairs in other programming languages can also be
mined similarly and included in StaQC.

2 PRELIMINARIES

In this section, we first clarify our task definition, and then describe
how we annotated datasets for model development.

2.1 Task Definition

Given a question and its accepted answer post which contains mul-
tiple code snippets in Stack Overflow, we aim at predicting whether
each code snippet in the answer post is a standalone solution to the
question or not. As explained in Section 1, we focus on “accepted”
answer posts and “standalone” solutions.

Users can ask different types of questions in SO such as “how
to implement X” and “what/why is Y”. Following previous work
[12, 13, 32], we divide questions into five types: “How-to-do-it”,
“Debug/corrective”, “Conceptual”, “Seeking something, e.g., advice,
tutorial”, and their combinations. In particular, a question is of type
“how-to-do-it” when the questioner provides a scenario and asks
how to implement it like in Figure 1.



For collecting question-code pairs, we target at “how-to-do-it"
questions, because answers to other types of questions are not very
likely to be standalone code solutions (e.g., answers to “Conceptual”
questions are usually text descriptions). Next, we describe how to
distinguish “how-to-do-it” questions from others.

2.2 “How-to-do-it” Question Collection

2.2.1 Question Type Classification.

At the high level, we combined the other four question types apart
from “how-to-do-it” into one category named “non-how-to” and
built a binary question type classifier.

We first collected Python and SQL questions from SO based on
their tags, which are available for all question posts. Specifically,
we considered questions whose tags contain the keyword “python”
to be in Python domain and questions tagged by “sql”, “database”
or “oracle” to be in SQL domain. For each domain, we randomly
sampled and labeled 250 questions for training (150), validating (20)
and testing (80) the classifier*. Among the 250 questions, around
45% in Python and 57% in SQL are “how-to-do-it” questions. We
built one Logistic Regression classifier respectively for each domain,
based on simple features extracted from question and answer posts
as in [13], such as keyword-occurrence features, the number of
code blocks in question/answer posts, the maximum length of code
blocks, etc. Hyperparameters in classifiers were tuned based on
validation sets.

Finally, we obtained a question-type classification accuracy of
0.738 (precision: 0.653, recall: 0.889, and F;: 0.753) for Python and
an accuracy of 0.713 (precision: 0.625, recall: 0.946, and F;: 0.753) for
SQL. The classification of question types may be further improved
with more advanced features and algorithms, which is not the focus
of this paper.

2.2.2 “How-to-do-it” Question Set Collection.

Using the above classifiers, we classified all Python and SQL ques-
tions in SO whose accepted answer post contains code blocks and
collected a large set of “how-to-do-it” questions in each domain.
Among these “how-to-do-it” questions, around 44.66% (68, 839)
Python questions and 34.45% (39, 752) SQL questions have an ac-
cepted answer post with more than one code snippets, from which
we will systematically mine question-code pairs.

2.3 Annotating QC Pairs for Model Training

To construct training/validation/testing datasets for our task, we
hired four undergraduate students familiar with Python and SQL to
annotate answer posts in these two domains. For each code snippet
in an answer post, annotators can assign “1” to it if they think they
can solve the problem based on the code snippet alone (i.e., it is a
standalone code solution), and “0” otherwise. We ensured each code
snippet is annotated by two annotators and adopted the label only
when both annotators agreed on it. For each programming language,
around 85% code snippets were labeled. The average Cohen’s kappa
agreement [9] is around 0.658 for Python and 0.691 for SQL. The
statistics of our manually annotated datasets are summarized in
Table 1, which will be used to develop our models.

“4Despite of the small amount of training data, no overfitting was observed in our
experiments partly because the features are very simple.

Python SQL
#0of QC % of QC #0of QC % of QC
pairs pairs with pairs pairs with
label “1” label “1”
Training 2,932 43.89% 2,183 56.12%
Validation 976 43.14% 727 55.98%
Testing 976 47.23% 727 58.32%

Table 1: Statistics of manually annotated datasets.

3 BI-VIEW HIERARCHICAL NN

Without loss of generality, let us assume an answer post of a given
question has a sequence of blocks {S1, C1,S2, .--» Si» Cis Si1s -+» SL—15
Cr-1,SL} with L text blocks (S;’s) and L — 1 code blocks (C;’s) in-
terleaving with each other. Our task is to automatically assign a
binary label to each code snippet C;, where 1 means a standalone
solution while 0 otherwise. In this work, we model each code snip-
pet independently and predict the label of C; based on its textual
context (i.e., S;, Si+1) and programming content. If either S; or S;41
is empty, we insert an empty dummy text block to make our model
applicable. One can extend our formulation to a more complicated
sequence labeling problem where a sequence of code snippets can
be modeled simultaneously, which we leave for future work.

3.1 Intuition

We first analyze at the high level how each individual block con-
tributes to elaborating the entire answer fluently. For example, in
Figure 1, the first text block S; suggests its followed code block Cy
(which implements a function) is “thorough” and thus might be
a solution. Sy subsequently connects C; to examples it can work
with in Cy. In contrast, S3 starts with the conjunction word “Or”
and possibly will introduce an alternative solution (e.g., C3). This
observation inspires us to first model the meaning of each block
separately using a token-level sequence encoder, then model the
block sequence S;-C;-S;+1 using a block-level encoder, from which
we finally obtain the semantic representation of C;.

Figure 2 shows our model, named Bi-View Hierarchical Neural
Network (BiV-HNN). It progressively learns the semantic repre-
sentation of a code block from token level to block level, based
on which we predict it to be a standalone solution or not. On the
other hand, BiV-HNN naturally incorporates two views, i.e., textual
context and code content, into the model structure. We detail each
component as follows.

3.2 Token-level Sequence Encoder

Text block. Given a sentence block S; with a sequence of words
wig, t € [1,T;], we first embed the words into vectors through a
pretrained word embedding matrix We, i.e., xj; = Wew;;. We then
use a bidirectional Gated Recurrent Unit (GRU) based Recurrent
Neural Network (RNN) [8] to learn the word representation by
summarizing the contextual information from both directions. The
GRU tracks the state of sequences by controlling how much infor-
mation is updated into the new hidden state from previous states.
Specifically, given the input word vector x; in the current step and
the hidden state h;—; from the last step, the GRU first computes a
reset gate r for resetting information from previous steps in order
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Figure 2: Our Bi-View Hierarchical Neural Network (BiV-
HNN). Text block S; and question g are encoded by a bidi-
rectional GRU-based RNN (Bi-GRU) module and code block
C; is encoded by another Bi-GRU with different parameters.

to learn a new hidden state h;:
r=o(W[x¢, hy—1] + by),
he = dW(xt,r © hy—1] + D),

where [x;, hy—1] is the concatenation of x; and h;_1, o and ¢ are
the sigmoid and tanh activation function respectively. W, W are
two weight matrices in RAn*(dx+dn) and b, b are the biases in
R where dy, dy, is the dimension of x; and the hidden state h;_1
respectively. Intuitively, if  is close to 0, then the information in
h—1 will not be passed into the current step when learning the new
hidden state. The GRU also defines an update gate u for integrating
hidden states h;—1 and ilt:

u = o(Wy[xt, he-1] + by),
ht = uht_l + (1 - u)ﬁt

When u is closer to 0, h; contains more information about the
current step hs; otherwise, it memorizes more about previous steps.
Onwards, we denote the above calculation by h; = GRU(x¢, ht—1)
for convenience.

In our work, the bidirectional GRU (i.e., Bi-GRU) contains a for-
ward GRU reading a text block S; from wj; to w;T, and a backward
GRU which reads from w;t;, to wir:

— —
hit = GRU(xit, hi—1).t € [1,T;],
— —
hir = GRU(xit, hi41),t € [T3,1],

- — — —
hio=0, hit4+1=10

s

where the hidden states in both directions are initialized with zero
vectors. Since the forward and backward GRU summarize the con-
text information from different perspectives, we concatenate their

last hidden states (i.e., _h)iTi, <h_i1) to represent the meaning of the
text block S;:
— —
si=[hi1;, hi1l

Code block. Similarly, we employ another Bi-GRU RNN module to
learn a vector representation v, for code block C; based on its code
token sequence. One may directly take this code vector v, as the
token-level representation of a code block. However, since the goal
of our model is to decide whether a code snippet answers a certain
question, we associate C; with the question title g to capture their
semantic correspondences in the learnt vector representation c;.
Specifically, we first learn the question vector vq by applying the
token-level text encoder to the word sequence in g. The concate-
nation of Vg and v, is then fed into a feedforward tanh layer (i.e.,
“concat feedforward” in Figure 2) for generating c;:

Ci = ¢(Wc[vq, ve] + be).

We will verify the effect of incorporating ¢ in our experiments.
Unlike modeling a code block, we do not associate a text block
with question g when learning its representation, because we ob-
served no direct semantic matching between the two. For example,
in Figure 1, a text block can hardly match the question by its content.
However, as we discussed in Section 1, a text block with patterns
like “you can do ..” or “This is one thorough solution ..” can imply
that a code solution will be introduced after it. Therefore, we model
each text block per se, without incorporating question information.

3.3 Block-level Sequence Encoder
Given the sequence of token-level representations s;-c;j-sj+1, we
use a bidirectional GRU-based RNN to build a block-level sequence
encoder and finally obtain the code block representation:
— — —
hi =GRU(sj, 0), hj = GRU(s;, ch;),
— — —
chi = GRU(c;, h i),ch; = GRU(c;, hiy1),
— e —
hi+1 = GRU(sj+1,chi), hiv1 = GRU(si41, 0),
o)

—
in both directions. We concatenate the forward state ch; and the

where the encoder is initialized with zero vectors (i.e., 0 and

—
backward state ch; of the code block as its semantic representation:

— —
zi = [chi, chi].

3.4 Code Label Prediction
The representation z; of code block C; is then used for prediction:
y; = softmax(Wyz; + by),

where y; = [yio0, yi1] represents the probability of predicting C; to
have label 0 or 1 respectively.

We define the loss function using cross entropy [19], which is
averaged over all the N code snippets during training:

N
1
L — _ﬁ ;pio log(yio) + pi1 IOg(yil),



where pjo = 0 and p;; = 1 if the i-th code snippet is manually
annotated as a solution; otherwise, p;o = 1 and p;; = 0.

4 TRADITIONAL CLASSIFIERS WITH
FEATURE ENGINEERING

In addition to neural network based models like BiV-HNN, we
also explore traditional classifiers like Logistic Regression (LR) [11]
and Support Vector Machine (SVM) [10] for our task. Features are
manually crafted from both text- and code-based views:

Textual Context. (1) Token: The unigrams and bigrams in the
context. (2) FirstToken: If a sentence starts with phrases like “try
this” or “use it”, then the following code snippet is very likely to be
the solution. Inspired by this idea, we discriminate the first token
from others in the context. (3) Conn: Boolean features indicating
whether a connective word/phrase (e.g., “alternatively”) occurs in
the context. We used the common connective words and phrases
from Penn Discourse Tree Bank [43].

Code Content. (1) CodeToken: All code tokens in a code snippet.
(2) CodeClass: To discriminate code snippets that function and can
be considered for learning and pragmatic reuse (i.e., “working code”
[22]) from input-output demos, we introduce CodeClass, which
is the probability of a code snippet being a working code. Specifi-
cally, from all the “how-to-do-it” Python questions in SO, we first
collected totally 850 code snippets following text blocks such as
“output:” and “output is:” as input-output code snippets. We further
randomly selected 850 accepted answer posts containing exactly
one code snippet and took their code snippets as the working code.
We then extracted a set of features like the proportion of numbers
and parenthesis and constructed a binary Logistic Regression clas-
sifier, which obtains 0.804 accuracy and 0.891 F; on a manually
labeled testing set. Finally, the trained classifier outputs the proba-
bility for each code snippet in Python being a “working code” as
the CodeClass feature. For SQL, a working code can usually be
detected by keywords like “SELECT” and “DELETE”, which have
been included in the CodeToken feature. Thus, we did not design
the CodeClass feature for it.

There could be other features to incorporate into traditional clas-
sifiers. However, coming up with useful features is anything but
an easy task. In contrast, neural network models can automatically
learn advanced features from raw data and have been broadly and
successfully applied in different areas [8, 24, 30, 50, 53]. Therefore,
in our work, we choose to design the neural network based model
BiV-HNN. We will compare different models in experiments.

5 EXPERIMENTS

In this section, we conduct extensive experiments to compare vari-
ous models and show the advantages of our proposed BiV-HNN.

5.1 Experimental Setup

Dataset Summarization. Section 2 discussed how we manually
annotated question-code pairs for training, validation and testing.
Statistics were summarized in Table 1. To evaluate different models,
we adopt precision, recall, Fi, and accuracy, which are defined in
the same way as in a typical binary classification setting.

Data Preprocessing. We tokenized Python code snippets with
best efforts: We first applied Python built-in tokenizer and for code
lines that remain untokenized after that, we adopted the “word-
punct_tokenizer” in NLTK toolkit [27] to separate tokens and sym-
bols (e.g., “.” and “=”). In addition, we detected variables, numbers
and strings in a code snippet by traversing its Abstract Syntax Tree
(AST) parsed with Python built-in AST parser, and replaced them
with special tokens “VAR”, “NUMBER” and “STRING” respectively,
to alleviate data sparsity. For SQL, we followed [21] to perform the
tokenization, which replaced table/column names with placeholder
tokens and numbered them to preserve their dependencies. Finally,
we collected 4,557 (3,191) word tokens and 6,581 (1,200) code tokens
from Python (SQL) training set.

Implementation Details. We used Tensorflow[55] to implement
our BiV-HNN and its variants to be introduced in Section 5.2. The
embedding size of word and code tokens was set at 150. The embed-
ding vectors were pre-trained using GloVe [42] on all Python or SQL
posts in SO. Parameters were randomly initialized following [18].
We started the learning rate at 0.001 and trained neural network
models in mini batch of size 100 with the Adam optimizer [23]. The
size of the GRU units was chosen from {64, 128} for token-level
encoders and from {128, 256} for block-level encoders. Following
the convention [20, 21, 29], we selected model parameters based on
their performance on validation sets. The Logistic Regression and
Support Vector Machine models were implemented with Python
Scikit-learn library [41].

5.2 Baselines and Variants of BiV-HNN

Baselines. We compare our proposed model with two commonly
used heuristics for collecting QC pairs: (1) Select-First: Only treat
the first code snippet in an answer post as a solution; (2) Select-All:
Treat every code snippet in an answer post as a solution and pair
each of them with the question. In addition, we compare our model
with traditional classifiers like LR and SVM based on hand-crafted
features (Section 4).

Variants of BiV-HNN. First, to evaluate the effectiveness of com-
bining two views (i.e., textual context and code content), we adapt
BiV-HNN to consider only one single view: (1) Text-HNN (Figure
3a): In this model, we only utilize textual contexts of a code snippet.
We mask all code blocks with a special token CopEBLOCK and rep-
resent them with a unified vector. (2) Code-HNN (Figure 3b): We
only feed the output of the token-level code encoder (i.e., ¢;) into
the “code label prediction” layer in Section 3, and do not model tex-
tual contexts. In addition, to evaluate the effect of question g when
encoding a code block, we compare BiV-HNN with BiV-HNN-ngq,
which directly takes the code vector v, as the code block repre-
sentation c;, without associating question g, for further learning.
These three models are all input-level variants of BiV-HNN.
Second, to evaluate the hierarchical structure in BiV-HNN, we
compare it with “flat” RNN models, which model word and code
tokens as a single sequence. The comparison is conducted in both
text-only and bi-view settings: (1) Text-RNN (Figure 4a): Compared
with Text-HNN, we concatenate all words in context blocks S;
and Sj41 as well as the unified code vector CoDEBLOCK as a single
sequence, i.e., {wj1, ..., w; T;, CODEBLOCK, Wi 41,1, ..., Wi41,T;,, }> US-
ing Bi-GRU RNN. The concatenation of the forward and backward
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Figure 3: Single-view variants of BiV-HNN: (a) Text-HNN, without code content; (b) Code-HNN, without contextual text.
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(a) Text-RNN
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Figure 4: “Flat”-structure variants of BiV-HNN, without differentiating token- and block-level: (a) Text-RNN; (b) BiV-RNN.

hidden states of CopEBLOCK is considered as its final semantic vec-
tor z;, which is then fed into the code label prediction layer. (2)
BiV-RNN (Figure 4b): In contrast to BiV-HNN, BiV-RNN models
all word and code tokens in S;-C;-Si+1 as a single sequence, i.e.,
{Wit, ..., WiT;, €0j1, ..., COjj, ..., CO;. [Ci s Wit1,1s -+ Wit 1, Ty g }, where
cojj denotes the j-th token in code C; and |C;| is the number of
code tokens in C;. BiV-RNN concatenates the last hidden states in
two directions as the final semantic vector z; for prediction. We
also tried directly “flattening” BiV-HNN by concatenating tokens
in S;-q-Ci-Si+1, but observed worse performance, perhaps because
transitioning from S; to question q is less natural.

Finally, at the block level, instead of using an RNN, one may
apply a feedforward neural network [47] to the concatenated token-
level output [s;, ¢;, si+1]. Specifically, the block-level Bi-GRU in
BiV-HNN can be replaced with a one-layer® feedforward neural
network, denoted as BiV-HFF. Intuitively, modeling the three blocks
as a sequence is more consistent with the way humans read a post.
We will verify this intuition in experiments.

While there could be other variants of our model, the above ones
are related to the most critical designs in BiV-HNN. We only show
their performance due to space constraints.

SFor fair comparison, we only use one layer since the Bi-GRU in BiV-HNN only has
one hidden layer.

5.3 Results

Our experimental results in Table 2 show the effectiveness of our
BiV-HNN. On both datasets, BiV-HNN substantially outperforms
heuristic baselines Select-First and Select-All by more than 15% in
F; and accuracy. This demonstrates that our model can collect QC
pairs with much higher quality than heuristic methods used in ex-
isting research. In addition, when compared with LR and SVM, BiV-
HNN achieves 7%~9% higher F; and accuracy on Python dataset,
and 3%~5% better F; and accuracy on SQL dataset. The gain on
SQL data is relatively smaller, probably because interpreting SQL
programs is a relatively easier task, implied by the observation that
both simple classifiers and BiV-HNN can have around 85% F1.

Results in Table 3 show the effect of key components in BiV-
HNN in comparison with alternatives. Due to space constraints, we
do not show the accuracy of each model, which has roughly the
same pattern as F;. We have made the following observations: (1)
Single-view variants. BiV-HNN outperforms Text-HNN and Code-
HNN by a large margin on both datasets, showing that both views
are critical for our task. In particular, by incorporating code con-
tent information, BiV-HNN is able to improve Text-HNN by 7% on
Python dataset and around 5% on SQL dataset in F;. (2) No-query
variant. On Python dataset, the integration of the question infor-
mation in BiV-HNN brings 3% F; improvements over BiV-HNN-ngq,



Python Testing Set SQL Testing Set
Model Precision l Recall l Fi l Accuracy | Precision l Recall l F l Accuracy
Heuristics Baselines
Select-First 0.676 0.551 | 0.607 0.663 0.755 0.517 | 0.613 0.620
Select-All 0.472 1.000 | 0.642 0.472 0.583 1.000 | 0.737 0.583
Classifiers based on simple features
Logistic Regression 0.801 0.733 | 0.766 0.788 0.843 0.849 | 0.846 0.820
Support Vector Machine 0.701 0.813 | 0.753 0.748 0.843 0.858 | 0.850 0.824
BiV-HNN | 0808 [ 0876 [0.841] 0843 | 0.872 [ 0.903 [ 0.888 [ 0.867 |
Table 2: Comparison of BiV-HNN and baseline methods.
which shows the effectiveness of associating the question with the Python Testing Set SQL Testing Set
code snippet for identifying code answers. For SQL dataset, adding l Model Prec. ‘ Rec. ‘ £ Prec. ‘ Rec. ‘ F
the question gives no obvious benefit, possibly because the code Single-view Variants
content in each SQL program already carries critical information Text-HNN | 0.723 ] 0.826 [ 0.771 | 0.798 | 0.887 | 0.840
for making a prediction (e.g., a SQL program containing the com- Code-HNN | 0.770 | 0.859 | 0.812 | 0.848 | 0.854 | 0.851
mand.keyword “SELECT” is very l.ikely tobea soluti:)n tc:} the given No-query Variant
que§t1on, regardless of the quf{snon ?ontent), (3) “Flat™-structure BiV-HINN-nq ‘ 0.802 ‘ 0813 ‘ 0.810 ‘ 0.883 ‘ 0.892 ‘ 0.887
variants. On both datasets, the hierarchical structure leads to 1%~2% = = -
improvements against the “flat” structure in both bi-view (BiV-HNN Flat™structure Variants
vs. BiV-RNN) and single-view setting (Text-HNN vs. Text-RNN). (4) Text-RNN | 0.693 | 0.824 | 0.753 | 0.773 | 0.894 | 0.829
Non-sequence variant. On Python dataset, BiV-HNN outperforms BiV-RNN 0.760 | 0.887 | 0.815 | 0.869 | 0.880 | 0.875
BiV-HFF by around 2%, showing the block-level Bi-GRU is prefer- Non-sequence Variant
able over feedforward neural networks. The two models get roughly BiV-HFF [ 0.787 [ 0.859 [ 0.822 [ 0.845 [ 0.939 [ 0.889

the same performance on SQL, probably because our task is easier
in SQL domain than in Python domain as we mentioned earlier.
In summary, our BiV-HNN is much more effective than widely-
adopted heuristic baselines and traditional classifiers. The key com-
ponents in BiV-HNN, such as bi-view inputs, hierarchical structure
and block-level sequence encoding, are also empirically justified.

Error Analysis. There are a variety of non-solution roles that a
code snippet can play, such as being only one step of a multi-step
solution, an input-output example, etc. We observe that more than
half of the wrong predictions were false positives (i.e., predicting a
non-solution code snippet as a solution), correcting which usually
requires integrating information from the entire answer post. For
example, when a code snippet is the first step of a multi-step solu-
tion, BiV-HNN may mistakenly take it as a complete and standalone
solution, since BiV-HNN does not simultaneously take into account
follow-up code snippets and their context to make predictions. In
addition, BiV-HNN may make mistakes when a correct prediction
requires a close examination of the content of a question post (be-
sides its title). Exploring these directions in the future may lead to
further improved model performance on this task.

Model Combination. When experimenting with the single-view
variants of BiV-HNN, i.e., Text-HNN and Code-HNN, we observed
that the three models complement each other in making accurate
predictions. For example, on Python validation set, around 70%
mistakes made by Text-HNN or Code-HNN can be corrected by
considering predictions from the other two models. Although BiV-
HNN is built based on both text- and code-based views, 60% of its
wrong predictions can be remedied by Text-HNN and Code-HNN.
The same pattern was also observed on SQL dataset.

Therefore, we further tested the effect of combining the three
models via a simple heuristic: The label of a code snippet is predicted

| BiV-HNN [ 0.808] 0.876 [ 0.841 [ 0.872 [ 0.903 [ 0.888 |
Table 3: Comparison of BiV-HNN and its variants.

only when the three models agree on it. Using this heuristic, 69.2%
code blocks on the annotated Python testing set are labeled with
0.916 F; and 0.911 accuracy. Similarly, on SQL testing set, 78.7% code
blocks are labeled with 0.943 F; and 0.926 accuracy. The combined
model further improves BiV-HNN by around 6% while still being
able to label a large portion of the code snippets. Thus, we apply this
combined model to those SO answer posts that are not manually
annotated yet to obtain large-scale QC pairs, to be discussed next.

6 STAQC: A SYSTEMATICALLY MINED
DATASET OF QUESTION-CODE PAIRS

In this section, we present StaQC (Stack Overflow Question-Code
pairs), a large-scale and diverse set of question—code_pairs automat-
ically mined using our framework. Under various case studies, we
demonstrate that StaQC can greatly help tasks aiming to associate
natural language with programming language.

6.1 Statistics of StaQC

In Section 5, we showed that a combination of BiV-HNN and its
variants can reliably identify standalone code solutions with > 90%
F; and accuracy from a large portion of the testing set. Thus we
applied this combined model to all unlabeled multi-code answer
posts that correspond to “how-to-do-it” questions in Python and
SQL domain, and finally collected 60,083 and 41,826 question-code
pairs respectively. Additionally, there are 85,294 Python and 75,637
SQL “how-to-do-it” questions whose answer post contains exactly
one code snippet. For them, as in [21], we paired the question title



# of QC Question Code
pairs Average # of Average # of
length | tokens | length | tokens
Python | 147,546 9 17,635 86 137,123
SQL 119,519 9 9,920 60 21,143

Table 4: Statistics of StaQC.

Question: "How to limit a number to be within a specified range ?
(Python)"
Code answers:

def clamp(n, minn, maxn): def clamp(n, minn, maxn):
return max(min(maxn, n), if n < minn:
minn) (1st) return minn
elif n > maxn:
clamp = lambda n, minn, return maxn
maxn: max(min(maxn, n), else:
minn) (2nd) return n (5th)

[n = minn if n < minn else maxn if n > maxn else n (4th)]

Figure 5: StaQC contains four alternative code solutions to
question “How to limit a number to be within a specified
range? (Python)” [38] whose answer post contains five code
snippets. The number at the bottom right denotes the posi-
tion of each code snippet in the answer post.

with the one code snippet as a question-code pair. Together with
2,169 and 2,056 manually annotated QC pairs with label “1” for each
domain (Table 1), we collected a dataset of 147,546 Python and
119,519 SQL QC pairs, named as StaQC. Table 4 shows its statistics.

Note that we can continue to expand StaQC with minimal efforts,
since it is automatically mined by our framework, and more and
more posts will be created in SO as time goes by. QC pairs in other
programming languages can also be mined similarly to further enrich
StaQC beyond Python and SQL domain.

6.2 Diversity of StaQC

Besides the large scale, StaQC also enjoys great diversity in the
sense that it contains multiple textual descriptions for semantically
similar code snippets and multiple code solutions to a question.
For example, considering question “How to limit a number to be
within a specified range? (Python)” whose answer post contains five
code snippets (Figure 5), our framework is able to correctly mine
four alternative code answers. Heuristic methods may either miss
some of them or mistakenly include a false solution (i.e., the 3rd
code snippet). Therefore, our framework is able to obtain more
alternative solutions for the same question more accurately. More-
over, Figure 6 shows two question-code pairs included in StaQC,
which we easily located by comparing code solutions of relevant
questions in SO (i.e., questions manually linked by SO users). Note
that the two code snippets have a very similar functionality but
two different text descriptions.

Figure 5 and 6 show that StaQC is highly diverse and rich in
surface variation. Such a dataset is beneficial for model development.
Intuitively, when certain data patterns are not observed in the
training phase, a model is less capable to predict them during testing.
StaQC can alleviate this issue by enabling a model to learn from
alternative code solutions to the same question or from different

Question B: "How do I find a “gap” in
running counter with SQL?"

Question A: "How to find a gap in
range in SQL"

SELECT id + 1 SELECT id + 1
FROM test mo FROM mytable mo
WHERE NOT EXISTS WHERE NOT EXISTS
( (
SELECT NULL
FROM test mi FROM mytable mi
WHERE mi.id = mo.id + 1 WHERE mi.id = mo.id + 1
) and mo.id> 100 )
ORDER BY ORDER BY
id id
LIMIT 1

SELECT NULL

LIMIT 1

Figure 6: StaQC has different text descriptions, e.g., “How to
find a gap in range in SQL” [37] and “How do I find a “gap”
in running counter with SQL?” [36], for two code snippets
bearing a similar functionality.

text descriptions to similar code snippets. Next we demonstrate
this benefit using an exemplar downstream task.

6.3 Usage Demo of StaQC on Code Retrieval

To further demonstrate the usage of StaQC, we employ it to train
a deep learning model for the code retrieval task [2, 21, 22]. Given
a natural language description and a set of code snippet candidates,
the task is to retrieve code snippets that can match the description. In
particular, an effective model should rank matched code snippets
as high as possible. Models are evaluated by Mean Reciprocal Rank
(MRR) [58]. In [21], the authors proposed a neural network based
model, CODE-NN, which outputs a matching score between a nat-
ural language question and a code snippet. We choose CODE-NN
as it is one of the state of the arts for code retrieval and improved
previous work by a large margin. For training, the authors collected
around 25,870 SQL QC pairs from answer posts containing exactly
one code snippet (which is paired with the question title). They
manually annotated two datasets DEV and EVAL for choosing the
best model parameters and for final evaluation respectively, both
containing around 100 QC pairs. The final evaluation is conducted
in 20 runs. In each run, for every QC pair in DEV or EVAL, [21]
randomly selected 49 code snippets from SO as non-answer candi-
dates, and ranked all 50 code snippets based on their scores output
by CODE-NN. The averaged MRR is computed as the final result.

Improved Retrieval Performance. We first trained CODE-NN
using the original training set in [21]. We denote this setting as
CODE-NN (original). Then we used StaQC to upgrade the training
data in two most straightforward ways: (1) We directly took all
the 119,519 SQL QC pairs in StaQC to train CODE-NN, denoted as
CODE-NN (StaQC). (2) To emphasize the effect of our framework,
we just added the 41,826 QC pairs, automatically mined from SO
multi-code answer posts, to the original training set and retrained
the model, which is denoted as CODE-NN (original + StaQC-multi).
In both (1) and (2), questions and code snippets occurring in the
DEV/EVAL set were removed from training.

In all three settings, we used the same DEV/EVAL set and the
same hyper-parameters as in [21] except the dropout rate, which
was chosen from {0.5, 0.7} for each model to obtain better perfor-
mance. Like [21], we decayed the learning rate in each epoch and
terminated the training when it was lower than 0.001. The best



Model Setting MRR
CODE-NN (original) 0.51 + 0.02
CODE-NN (StaQC)* 0.57 = 0.02

CODE-NN (original + StaQC-multi)* | 0.54 + 0.02

Table 5: Performance of CODE-NN [21] on code retrieval,
with and without StaQC for training. *denotes statistically
significant w.r.t. CODE-NN (original) under one-tailed Stu-
dent’s t-test (p < 0.05).

model was selected as the one achieving the highest average MRR
on DEV set. When using this strategy, we observed better results
on the EVAL set than those reported in [21] (around 0.44).

Table 5 shows the average MRR score and standard deviation of
each model on EVAL set. We can see that directly using StaQC for
training leads to a substantial 6% improvement over using the orig-
inal dataset in [21]. By adding QC pairs we mined from multi-code
posts to the original training data, CODE-NN can be significantly
improved by 3%. Note that the performance gains shown here are
still conservative, since we adopted the same hyper-parameters and
a small evaluation set, in order to see the direct impact of StaQC. Us-
ing more challenging evaluation sets and by conducting systematic
hyper-parameter selection, we expect models trained on StaQC to
be more advantageous. StaQC can also be used to train other code
retrieval models besides CODE-NN, as well as models for other
related tasks like code generation or annotation.

7 DISCUSSION AND FUTURE WORK

Besides boosting relevant tasks using StaQC, future work includes:
(1) We currently only consider a code snippet to be a standalone
solution or not. In many cases, code snippets in an answer post
serve as multiple steps and should be merged to form a complete
solution [39]. This is a more challenging task and we leave it to
the future. (2) In our experiments, we combined BiV-HNN and its
two variants using a simple heuristic to achieve better performance.
In the future, one can also use StaQC to retrain the three models,
similar to self-training [34], or jointly train the three models in a tri-
training framework [63]. (3) One may also employ Convolutional
Neural Networks [1, 24, 49], which have shown great power on rep-
resentation learning, to encode text and code blocks. Moreover, we
can consider encoders similar to [31, 33] for capturing the intrinsic
structure of programming language.

8 RELATED WORK

Language + Code Tasks and Datasets. Tasks that map between
natural language and programming language, referred to Lan-
guage + Code tasks here, such as code annotation and code re-
trieval/generation, have been popularly studied in recent years
[2, 15, 21, 22, 26, 35, 45, 57, 64]. In order to train more advanced yet
data-hungry models, researchers have collected data either auto-
matically from online communities [2, 5, 21, 22, 26, 45, 57, 64] or
with human intervention [16, 35]. Like our work, [2, 21, 57, 64] uti-
lized SO to collect data. Particularly, [2] merges code snippets in its
answer post as the target source code and pair it with the question
title. [21] only employs accepted answer posts containing exactly
one code snippet. Other interesting datasets include ~19K <English
pseudo-code, Python code snippet> pairs manually annotated by

[35], and ~114K pairs of Python functions and their documenta-
tion strings heuristically collected by [5] from GitHub [17]. Unlike
their work, we systematically mine high-quality question-code
pairs from SO using advanced machine learning models. Our mined
dataset StaQC, the largest to date of around 148K Python and 120K
SQL question-code pairs, has been shown to be a better resource.
Moreover, StaQC is easily expandable in terms of both scale and
programming language types.

Recurrent Neural Networks for Sequential Data. Recurrent
Neural Networks have shown great success in various natural lan-
guage tasks [4, 8, 20, 29]. In an RNN, terms are modeled sequentially
without discrimination. Recently, in order to handle information
at different levels, [25, 48, 54, 60] stack multiple RNNs into a hi-
erarchical structure. For example, [60] incorporates the attention
mechanism in a hierarchical RNN model to pick up important words
and sentences. Their model finally aggregates all sentence vectors
to learn the document representation. In comparison, we utilize the
hierarchical structure to first learn the semantic meaning of each
block individually, and then predict the label of a code snippet by
combining two views: textual context and programming content.
Mining Stack Overflow. Stack Overflow has been the focus of
the Mining Software Repositories (MSR) challenge for years [3, 62].
A lot of work [12-14, 32, 56, 59] have been done on exploring
the categories of questions, mining source codes, etc. We follow
[12, 13, 32] to categorize SO questions into 5 classes but only focus
on the “how-to-do-it” type (Section 2). [14, 59] analyzes the quality
of code snippets (e.g., readability) or explores “usable” code snippets
that could be parsed, compiled and run. Different from their work,
we are interested in finding standalone code solutions, which are
not necessarily directly parsable, compilable or runnable, but can be
semantically paired with questions. To the best of our knowledge,
we are the first to study the problem of systematically mining high-
quality question-code pairs.

9 CONCLUSION

This paper explores systematically mining question-code pairs from
Stack Overflow, in contrast to heuristically collecting them. We fo-
cus on the “how-to-do-it” questions since their answers are more
likely to be code solutions. We present the largest-to-date dataset of
diversified question-code pairs in Python and SQL domain (StaQC),
systematically collected by our framework. StaQC can greatly help
downstream tasks aiming to associate natural language with pro-
gramming language. We will release it together with our source
code for future research.
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Abstract

Given a text description, most existing semantic parsers syn-
thesize a program in one shot. However, it is quite challenging
to produce a correct program solely based on the description,
which in reality is often ambiguous or incomplete. In this pa-
per, we investigate interactive semantic parsing, where the
agent can ask the user clarification questions to resolve am-
biguities via a multi-turn dialogue, on an important type of
programs called “If-Then recipes.” We develop a hierarchical
reinforcement learning (HRL) based agent that significantly
improves the parsing performance with minimal questions to
the user. Results under both simulation and human evaluation
show that our agent substantially outperforms non-interactive
semantic parsers and rule-based agents.'

1 Introduction

Semantic parsing aims to map natural language to formal
domain-specific meaning representations, such as knowl-
edge base or database queries (Berant et al. 2013; Dong
and Lapata 2016; Zhong, Xiong, and Socher 2017; Gao,
Galley, and Li 2018), API calls (Campagna et al. 2017;
Su et al. 2017) and general-purpose code snippets (Yin and
Neubig 2017; Rabinovich, Stern, and Klein 2017). In this
work, we focus on semantic parsing for synthesizing a sim-
ple yet important type of conditional statements called If-
Then recipes (or If-Then programs), based on a natural lan-
guage description (Quirk, Mooney, and Galley 2015; Belt-
agy and Quirk 2016; Liu et al. 2016; Yin and Neubig 2017;
Chaurasia and Mooney 2017). For example, the descrip-
tion “Create a link note on Evernote for my liked tweets”
should be parsed into an If-Then recipe with 4 components:
trigger channel Twitter, trigger function New liked
tweet by you, action channel Evernote, and action
function Create a link note. On the one hand, If-
Then recipes allow users to perform a large variety of tasks
such as home security (“text me if the door is not locked”).
On the other hand, developing intelligent agents that can au-
tomatically parse these recipes is an important step towards
complex natural language programming (Quirk, Mooney,
and Galley 2015).

Copyright © 2019, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

' All source code and documentations are available at
https://github.com/Little YUY U/Interactive-Semantic-Parsing.

User: “record to evernote”

Ground-truth recipe: [tc: Twitter, tf: New liked
tweet by you, ac: Evernote, af: Create a link
note]

(Liu et al. 2016): [tc: Phone Call,tf: Leave IFTTT any
voicemail, ac: Evernote, af: Append to note]

User: “record to evernote”

HRL-fixedOrder agent: “Which channel triggers the action?”
User: “twitter”

HRL-fixedOrder agent: “Which event triggers the action?”
User: “If I like a tweet”

HRL-fixedOrder agent: “Which event results from the trig-
ger?”

User: “Create a note with link”

Agent Prediction: [tc: Twitter, tf: New liked tweet
by you,ac: Evernote, af: Create a link note]

User: “record to evernote”

HRL agent: “Which event triggers the action?”

User: “If I like a tweet”

HRL agent: “Which event results from the trigger?”

User: “Create a note with link”

Agent Prediction: [tc: Twitter, tf: New liked tweet
by you, ac: Evernote, af: Create a link note]

Table 1: Semantic parsers on an ambiguous description: The
state-of-the-art non-interactive model (Liu et al. 2016) can-
not correctly parse the recipe while our two HRL-based in-
teractive agents can. Particularly, by coordinating the sub-
task order, the HRL agent asks fewer questions than the
HRL-fixedOrder agent (tc: trigger channel, tf: trigger func-
tion, ac: action channel: af: action function).

Most previous work translates a natural language descrip-
tion to an If-Then recipe in one turn: The user gives a recipe
description and the system predicts the 4 components. How-
ever, in reality, a natural language description can be very
noisy and ambiguous, and may not contain enough infor-
mation. For simplicity, we refer to this problem as descrip-
tion ambiguity. In fact, in the widely used If-Then evalu-
ation dataset (Quirk, Mooney, and Galley 2015), 80% of
the descriptions are ambiguous. As shown in Table 1, the
description “record to evernote” is paired with the same
ground-truth recipe as in the first example, but even humans
cannot tell what the “record” refers to (i.e., trigger chan-
nel/function) and what kind of note to create on Evernote



(i.e., action function). Therefore, it is quite challenging, if
not impossible, to produce a correct program in one shot
merely based on an ambiguous description.

Driven by this observation, we investigate interactive se-
mantic parsing, where an intelligent agent (e.g., the two
HRL-based agents in Table 1) strives to improve the parsing
accuracy by asking clarification questions. Two key chal-
lenges are addressed: (1) Lack of supervision on when to
ask a question. To date, there is no large-scale annotated
dataset on whether and when an agent should ask a ques-
tion during parsing. The only feedback an agent can obtain
is whether or not a synthesized program is correct. (2) How
to improve the parsing accuracy with a minimal number of
questions? To guarantee a good user experience, the agent
should only ask “necessary” questions and learn from hu-
man interactions over time.

Previous work (Chaurasia and Mooney 2017) developed
rule-based agents to interactively predict the 4 components
of an If-Then recipe. These agents decide to ask a question
when the prediction probability of a recipe component is
lower than a predefined threshold. However, such rule-based
agents are not trained in an optimization framework to si-
multaneously improve the parsing accuracy and reduce the
number of questions.

We address these challenges via a Hierarchical Reinforce-
ment Learning (HRL) approach. We formulate the inter-
active semantic parsing in the framework of options over
Markov Decision Processes (MDPs) (Sutton, Precup, and
Singh 1999), where the task of synthesizing an If-Then
recipe is naturally decomposed into 4 subtasks or options
(i.e., predicting trigger/action channel/function). In particu-
lar, we propose an HRL agent with a hierarchical policy: A
high-level policy decides the order of the subtasks to work
on, and a low-level policy for each subtask guides its com-
pletion by deciding whether to (continue to) ask a clarifi-
cation question or to predict the subtask component. We
train the policies to maximize the parsing accuracy and min-
imize the number of questions with the rewarding mecha-
nism, where the only supervision (reward signal) is whether
or not a predicted component is correct.

Compared with the approach of solving the entire task
with one flat policy (Mnih et al. 2015), HRL takes advan-
tage of the naturally defined “4-subtask” structure. Such de-
sign also allows the agent to focus on different parts of a
recipe description for each subtask, as emphasized in (Liu
et al. 2016), and endows each low-level policy with a re-
duced state-action space to simplify the learning. On the
other hand, the high-level policy optimizes the subtask order
by taking into account both the recipe description and user
responses. As shown in Table 1, the HRL agent learns to ask
about the trigger function first, to which the user response
(i.e., “tweet”) implies the trigger channel. This mechanism
leads to fewer questions than the HRL-fixedOrder agent,
which executes subtasks in the fixed order of “tc-tf-ac-af”.

Experimental results under both simulation and human
evaluation show that our HRL agent can obtain a signif-
icantly better accuracy while asking fewer questions than
rule-based agents like (Chaurasia and Mooney 2017). In ad-
dition, we show the effectiveness of the high-level policy on

reducing the number of questions. Our agent tends to pre-
dict functions before channels, which is different from most
existing works that either assume independence among sub-
tasks (Chaurasia and Mooney 2017) or predict channels be-
fore functions (Beltagy and Quirk 2016; Dong and Lapata
2016; Yin and Neubig 2017).

2 Background

If-Then recipes allow people to manage a variety of web ser-
vices or physical devices and automate event-driven tasks.
We focus on recipes from IFTTT.com, where a recipe has 4
components: trigger channel, trigger function, action chan-
nel, and action function. There are a variety of channels,
like GMail and Facebook, representing entities such as
web applications and IFTTT-provided services. Each chan-
nel has a set of functions representing events (i.e., trigger
functions) or action executions (i.e., action functions). In one
recipe, there could be exactly one value for trigger/action
channel/function.

Following (Liu et al. 2016; Chaurasia and Mooney 2017),
we decompose the task of parsing a natural language de-
scription into four subtasks, i.e., predicting trigger/action
channel/function in a recipe. We have made two key obser-
vations about real-life recipe descriptions and existing se-
mantic parsing work: (1) Around 80% recipe descriptions
are ambiguous or contain incomplete information, according
to the human annotations provided by Quirk, Mooney, and
Galley (2015), which makes it extremely difficult to synthe-
size a recipe in one turn (see the prediction result of (Liu et
al. 2016) in Table 1). Therefore, (Liu et al. 2016; Chaura-
sia and Mooney 2017; Yin and Neubig 2017) focus on the
unambiguous 20% recipes for evaluation. (2) Previous work
assumes either independence (Chaurasia and Mooney 2017)
or heuristic dependencies among the 4 subtasks. In particu-
lar, Liu et al. (2016) assumes that functions should be pre-
dicted before channels since a channel can be derived from
the function prediction, while (Beltagy and Quirk 2016;
Dong and Lapata 2016; Yin and Neubig 2017) assume that
channels should be predicted before functions and triggers
before actions.

Given these observations, we propose an inferactive se-
mantic parser that can ask users for clarification to make
more accurate predictions. Moreover, we abandon the inter-
subtask (in)dependence assumptions used in previous work.
Our agent learns to optimize the subtask order for each
recipe to save questions.

3 Interactive Semantic Parser
3.1 Framework Overview

Given a recipe description, four components need to be pre-
dicted. Thus, the semantic parsing task can be naturally de-
composed into four subtasks G = {sty, sto, sts, st4}, stand-
ing for predicting the trigger channel (st;), trigger function
(st2), action channel (st3) and action function (sty4), respec-
tively. We aim at an agent that can decide the order of sub-
tasks for each parsing task, and only moves to the next sub-
task when the current one has been completed. We formu-
late this as a hierarchical decision making problem based on



/high-level policy 7" (g; 5)

low-level
policy

@y o @y

Figure 1: Hierarchical policy: The high-level policy chooses
a subtask to work on while the low-level policy decides to
predict the subtask or ask the user at each time step.

the framework of options over Markov Decision Processes
(MDPs) (Sutton, Precup, and Singh 1999).

Specifically, the agent uses a hierarchical policy consist-
ing of two levels of policies operating at different time
scales. The high-level policy selects the next subtask (or op-
tion) to work on, which can be viewed as operating on a
Semi-MDP (Sutton, Precup, and Singh 1999). The low-level
policy selects primitive actions (i.e., predicting a component
value or querying the user) to complete the selected subtask.
As elaborated in Section 3.2, we adopt 4 low-level policies,
each for one subtask.

Figure 1 shows the process. At an eligible time step ¢ (i.e.,
at the beginning of a parsing task or when a subtask termi-
nates), the high-level policy 7" (g; s;) receives a state s; and
selects a subtask g, € G to work on. Then the low-level pol-
icy 7!, (a; s;) for this subtask chooses an action a; € Ay, .
By taking this action, the agent receives a low-level reward
7l (st,a;). For the next N time steps (e.g., N = 2 in Fig-
ure 1), the agent will work on the same subtask g, until it
terminates (i.e., when either the agent has predicted the cor-
responding component or the agent has interacted with the
user for Max_Lobal T'urn turns). The agent will receive
a high-level reward " (s;, g;) for this subtask completion,
then select the next subtask g;4 n and repeat the above pro-
cedure until the entire task terminates (i.e., when either all
four components are predicted or the agent has worked on
Max_Global Turn subtasks).

States. A state s tracks 9 items during the course of interac-

tive parsing:

e The initial recipe description Z.

e The boolean indicator b; (i = 1,2, 3,4) showing whether
subtask st; has been predicted.

e The received user answer d; (i = 1,2,3,4) for subtask
st;, respectively.

For each subtask st;, we learn a low-level state vector slst

to summarize state information of this subtask for low-level

policy wéti to select the next action. Similarly, a high-level

state vector s" is learned to present a summary of the entire

state, consisting of the 4 low-level state vectors and other

state information, for high-level policy 7" to choose the next

subtasks. Section 3.2 details how states are represented.

Actions. The action space for the high-level policy is G =

{stq, sta, st3, st4}, where each action denotes one subtask

mentioned earlier. The action space of subtask g is A, =

Vy U{AskUser}, where V), is the set of available component
values for subtask g (e.g., all trigger channels for subtask
st1), meaning that the agent can either predict a component
or ask the user a clarification question.

Rewards. At each eligible time step ¢, the agent selects a
subtask g; ~ 7" (g;s;) and receives a high-level reward
r"(s¢, g¢) when the subtask terminates after N steps. The
high-level reward will be used to optimize the high-level
policy via RL. We define 7" (s, g;) as the accumulated low-
level rewards from time step ¢ to ¢t + NN. For intermediate
time steps (during which the agent works on a selected sub-
task), there is no high-level reward.

N ..
(50, g0) Syl (sw.ax)  for eligible ¢
’ 0 otherwise

While working on subtask g;, the agent receives a low-
level reward for taking action a; (i.e., predicting g; or query-
ing the user):

1 ifag =10,
rét (s¢,a1) =< —fB  if a; = AskUser
—1 otherwise

where {4, is the ground-truth label for subtask g, and § €
[0,1) is the penalty for querying the user. The received re-
ward will be used to optimize the low-level policy ﬂ'fn for
this subtask via RL.

Essentially, the low-level reward r! alleviates the reward
sparsity in the long trajectory of the entire task, and stim-
ulates the agent to predict a correct component with fewer
questions. Note that during the course of RL we do not stop
the parsing even if one of the predictions is incorrect in or-
der to encourage the agent to predict as more correct com-
ponents as possible. This also fits the realistic application
setting where the agent does not know the ground truth at
the component level, and does not receive the external re-
ward signal until it recommends a synthesized program to
the user at the end of the interactive parsing process.
Transition. Interactive semantic parsing starts with a state
so where b; = 0 (i.e., no subtask is completed) and d; = @
(i.e., no user answer). As the agent takes actions, it deter-
ministically transits to a new state with updated b; and d;.

3.2 Hierarchical Policy Functions

Low-level policy function. The low-level policy
Wéti (a;s) decides whether to ask a question or predict
subtask st; (e.g., selecting a trigger channel name for
st1). When it selects the “AskUser” action, the user will
clarify the subtask with a natural language utterance as
shown in Table 1. The policy then decides the next action
by considering both the recipe description and the user
response.

To understand a recipe description, we choose one of the
state-of-the-art models, Latent Attention Model (LAM) (Liu
etal. 2016). The main idea behind LAM is to first understand
the latent sentence structure and then pay attention to words
that are critical for a subtask. For example, given a descrip-
tion with a pattern “X to Y,” LAM adopts a latent attention
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Figure 2: High- and low-level policy designs.

mechanism to first locate the keyword “to,” and then focus
more on “X” when predicting the trigger channel/function
and on “Y” when predicting the action channel/function.
This reveals that different subtasks need different policies,
so that they can focus on different parts of a recipe descrip-
tion. Such design also allows each subtask to have a differ-
ent and reduced action space. Hence, we define 4 low-level
policy functions with the same model structure yet different
parameters for the 4 subtasks, respectively.

To deal with user responses, one straightforward adapta-
tion from LAM is to simply concatenate them with the ini-
tial recipe description as the input and extend the predic-
tion space with an extra “AskUser” action. However, we ob-
serve that user answers are fundamentally different from a
recipe description, e.g., user answers typically contain in-
formation related to the queried subtask (rather than all sub-
tasks). Therefore, we propose to model these two parts sep-
arately as shown in Figure 2. In particular, we employ LAM
to instantiate the “recipe description understanding” module
to capture the meaning of the initial recipe description (i.e.,
vr), and utilize a bidirectional GRU-RNN with the atten-
tion mechanism (Zhou et al. 2016) to instantiate the “user
answer understanding” module.> Details can be found in
the Appendix A. Since each subtask maintains a separate
policy function, the learned v; can be different for differ-
ent subtasks. The agent can ask the user to clarify a subtask
for multiple times,? and the newly received answers will be
concatenated with the old ones to update d;.

We combine the representations of recipe description (vy)
and user answers (vq, ) as the semantic representation related
to subtask st;:

v; = (1 — wg)vr + wyvg,, @))]
where wy € [0,1] is a weight controlling information from

2We also verified this separate design is much better than the
straightforward adaptation from LAM mentioned earlier during
model development.

3Using the same predefined question (see User Simulation).

the initial recipe description versus from user answers. The
semantic vector v;, concatenated with the information of
other subtasks, defines the low-level state vector sgt of
subtask st; via a multi-layer perceptron model (the “MLP”
module in Figure 2):

1 1 l 1 1 4
Sst, = tanh(Wci [Sstrs e Saty 13 Vi3 Sstipys 5 Sstg])-t Q)

Essentially, s St summarizes the state information for
completing subtask st;, including the initial recipe de-
scription, user answers for st;, and the current low-level
state vectors of other subtasks (such that the completion
status of other subtasks can affect the current one, as
shown in Table 1). Finally, the low-level policy function
7, (a; s)=softmax(W!, s., ), takes the state vector as the
input, and outputs a probability distribution over the action
space of subtask st;.

High-level policy function. The high-level policy 7" (g; s)
receives a state s and decides the next subtask g. The high-
level state vector s" is learned to encode the state of overall
parsing task through a multi-layer perceptron model (i.e., the

“MLP” module in Figure 2) using the 4 low-level state vec-
l

tors sg,;.’s, as well as the subtasks’ boolean indicators b;’s,
as inputs:
h ! ! ! !
= tanh(We[syy, 015 851,3 b25 Sgp,5 033 85,5 0a]),
7" (g; 5) = softmax(W"s"). 3)

Optimization. The high-level policy " is trained to max-
imize the expectation of the discounted cumulative rewards
for selecting subtask g, in state s;:

max J(0) = max E.n [r" (s, g¢) (C))

h 2 h
F A" (81481, Gy )+ T (St4N, + N 5 Gk Ny +N3 )

oY (St Ny Gersioe | N ) ISt g T (0)],

where 6 stands for parameters in 7", N,,(n = 1,2, ...,00)

is the number of time steps that the agent spent on the previ-
ous subtask, and v € [0,1] is the discount factor. Similarly,
we train the low-level policy 7rg for the selected subtask g,
to maximize its expected cumulative discounted low-level
reward:

mlax Jgt (¢5]t) = mlax ETFL [ (5)
gt 9t !

Z ’ykrlgt (5t+k7 at+k) |5t7 Qt, gt ﬁ;t (ngt )]7

k>0

where ¢,4, denotes the parameters in 7r , and +y is the same
discount factor.

All policies are stochastic in that the next subtask or action
is sampled according to the probability distribution which
allows exploration in RL, and that the policies can be op-
timized using policy gradient methods. In our experiments
we used the REINFORCE algorithm (Williams 1992). De-
tails are outlined in Algorithm 1 of the Appendix.

4 Experiments

We experiment with our proposed HRL agent under both
simulation and human evaluation.

“Bias terms are omitted for clarity.



VI
Test Data CI VL2 VI3 Total
Size 727 1,271 1,872 3,870

(%) (18.79) (32.84) (48.37) (100)

Table 2: Statistics of the test subsets.

4.1 Dataset

We utilize the 291,285 <recipe, description> pairs collected
by Ur et al. (2016) for training and the 3,870 pairs from
Quirk, Mooney, and Galley (2015) for testing.’ 20% of the
training data are randomly sampled as a validation set. All
recipes were created by real users on IFTTT.com. In total,
the datasets involve 251 trigger channels, 876 trigger func-
tions, 218 action channels and 458 action functions. For each
description in the test set, Quirk, Mooney, and Galley (2015)
collected five recipe annotations from Amazon Mechanical
Turkers. For each subtask, if at least three annotators make
the same annotation as the ground truth, we consider this
recipe description as clear for this subtask; otherwise, it is
labeled as vague. In this way, we split the entire test set into
three subsets as shown in Table 2: (1) CI: 727 recipes whose
descriptions are clear for all 4 subtasks; (2) VI-1/2: 1,271
recipes containing 1 or 2 vague subtasks; (3) VI-3/4: 1,872
recipes containing 3 or 4 vague subtasks.

4.2 Methods Comparison

e LAM: The Latent Attention Model (Liu et al. 2016),°
one of the state-of-the-art models for synthesizing If-Then
recipes. We do not consider the model ensemble in (Liu et
al. 2016), as it can be applied to all other methods as well.
Our reproduced LAM obtains a performance close to the
reported one without ensemble.

e LAM-rule Agent: A rule-based agent built on LAM, sim-
ilar to (Chaurasia and Mooney 2017). Specifically, the
agent makes a prediction on a subtask with a certain prob-
ability. If the probability is lower than a threshold,’ the
user is asked a question. The user answer is concatenated
with the initial recipe description for making a new pre-
diction. This procedure repeats until the prediction proba-
bility is greater than the threshold or the agent has run for
Max_Local Turn turns on the subtask.

e LAM-sup Agent: An agent based on LAM, but with the
user answer understanding module in Figure 2 and an ex-
tra “AskUser” action for each subtask. It is trained via
a supervised learning strategy and thus is named LAM-
sup. We collected the training data for each subtask st;

3Quirk, Mooney, and Galley (2015) only released the urls of
recipes in their test set, among which the unavailable ones have
been removed from our test set. Each recipe is associated with a
unique ID. We ensure no overlapping recipes between training and
testing set by examining their IDs.

Unlike (Liu et al. 2016), which consolidates channel and func-
tion names (e.g., “Twitter.New liked tweet by you”)
and builds 2 classifiers for trigger and action respectively, we de-
velop 4 classifiers so that an agent can inquire channel or function
separately.

"We set it at 0.85 based on validation set.

based on the LAM-rule agent: If LAM-rule completes the
subtask without interactions with humans, we add a tuple
<Z,3, s, > to the training set, where Z is the recipe de-
scription and /4, is the ground-truth label for subtask st;;
otherwise, we add two tuples <Z, @, “AskUser”> and
<Z,d;,¥s,>, where d; is the received user answer. We
train the agent by minimizing the cross entropy loss. Dur-
ing testing, for each recipe description, the agent starts
with no user answer; for each subtask, if it predicts the
“AskUser” label, the received user answer will be con-
catenated with previous ones to make a new prediction
until a non-AskUser label is selected.

e HRL Agent: Our agent with a two-level hierarchical pol-
icy.

e HRL-fixedOrder Agent: A variant of our HRL agent
with a fixed subtask order of “sti-sto-st3-st4” and no
high-level policy learning.

Evaluation metrics. We compare each method on three

metrics: (1) C+F Accuracy: A recipe is considered

parsed correctly only when all its 4 components (i.e.,

Channel+Function) are accurately predicted, as adopted in

(Quirk, Mooney, and Galley 2015; Liu et al. 2016). (2) Over-

all Accuracy: We measure the average correctness of pre-

dicting 4 components of a recipe, e.g., the overall accuracy
for predicting 3 components correctly and 1 incorrectly is

0.75. (3) #Asks: The averaged number of questions for com-

pleting an entire task. Generally, the C+F Accuracy is more

challenging as it requires no mistake on any subtask. On the
other hand, #Asks can reveal if an agent asks redundant ques-
tions. In our experiments, we consider C+F Accuracy and

#Asks as two primary metrics.

Implementation details. The word vector dimension is set

at 50, the weight factor wy is 0.5, and the discount fac-

tor v is 0.99. The max turn Max_Local Turn is set at 5

and Mazx_Global _Turn at 4, which allows four subtasks

at most. 3 is a trade-off between parsing accuracy and the
number of questions: A larger ( trains an agent to ask fewer
questions but with less accuracy, while a lower g leads to
more questions and likely more accurate parses. With the
validation set, we experimented with 5={0.3,0.4,0.5}, and
observed that when 8 = 0.3, the number of questions raised
by the HRL-based agents is still reasonable compared with
LAM-rule/sup, and its parsing accuracy is much higher.
More details are shown in Appendix C.

4.3 User Simulation

In our work, for each subtask, agent questions are predefined
based on templates,® and a user answer is a natural language
description about the queried subtask. Given that it is too
costly to involve humans in the training process, we intro-
duce a user simulator to provide answers to agent questions.

For a trigger/action function, we adopt several strategies
to simulate user answers, including revising its official de-
scription on IFTTT.com and replacing words and phrases
in the function description with their paraphrases accord-
ing to the PPDB paraphrase database (Pavlick et al. 2015).

8 Automatically generating recipe-specific questions is non-
trivial, which we leave for future work.



Simulation Eval Human Eval
Model All Cl VI-1/2 VI-3/14 VI-3/4
ode C+F | Overall] #Asks| C+F | #Asks| C+F | #Asks| C+F | #Asks| C+F | #Asks
Acc Acc Acc Acc Acc Acc

| LAM [0374 (0640 | 0 [0801 | O [0436 ] 0 [0166] 0 0206 ] 0 |
LAM-rule 0.761 | 0.026 | 3.801 | 0.897 | 1.433 | 0.743 | 2.826 | 0.721 | 5.568 | 0.518 | 2.781
LAM-sup 0.809 | 0.940 | 2.028 | 0.894 | 0.684 | 0.803 | 1.482 | 0.780 | 2.921 | 0.433 | 2.614
HRL-fixedOrder | 0.881 | 0.966 | 2.272 | 0.950 | 1.522 | 0.855 | 1.958 | 0.871 | 2.777 | 0.581 | 2.306°
HRL 0.894* | 0.968 | 2.069* | 0.949 | 1.226* | 0.888* | 1.748* | 0.878* | 2.615* | 0.634" | 2.221*

Table 3: Model evaluation on the test set. For Simulation Eval, each number is averaged over 10 runs. For Human Eval, the
LAM result is calculated on the sampled 496 recipes. * denotes significant difference in mean between HRL-fixedOrder vs.
HRL in Simulation Eval and between HRL-based agents vs. {LAM-rule, LAM-sup} agents in Human Eval (p < 0.05).

In addition, we extract user descriptions of a function from
our training set, based on six manually defined templates.
For example, for a recipe description following pattern “If
X then Y,” X will be considered as an answer to questions
about the ground-truth trigger function and Y as an answer
to those about the ground-truth action function. More details
regarding the strategies are in Appendix and source code
will also be released. For each function, we collected around
20 simulated user answers on average. In our simulations,
for each question we randomly select one from this set of
possible answers as a response.

For trigger/action channels, when an agent asks a ques-
tion, the user simulator will simply provide the channel
name (e.g., GMail), since it is straightforward and natural
for real users as well.

4.4 Simulation Evaluation

Table 3 shows results on the test set in the simulation envi-
ronment, where our user simulator provides an answer when
requested. By enabling the user to clarify, all agents ob-
tain much better accuracy compared with the original non-
interactive LAM model. In particular, HRL-based agents
outperform others by 7% ~ 13% on C+F accuracy and 2%
~ 4% in terms of Overall accuracy. For vague recipes in
VI-1/2 and VI-3/4 subsets, which make up more than 80%
of the entire test set, the advantage of HRL-based agents is
more prominent. For example, on VI-3/4, HRL-based agents
obtain 9% ~ 15% better C+F accuracy than LAM-rule/sup,
yet with fewer questions, indicating that they are much more
able to handle ambiguous recipe descriptions.

Compared with HRL-based agents, the LAM-rule agent
usually asks the most questions, partly because it relies on
heuristic thresholding to make decisions. On VI-3/4, it asks
twice the number of questions but parses with 15% less
accuracy than HRL-based agents. On the other hand, the
LAM-sup agent always asks the least questions, especially
when the recipe description is relatively clear (i.e., CI and
VI-1/2). However, it may simply miss many necessary ques-
tions, leading to at least 5% accuracy loss.

Finally, we evaluate the high-level policy by compar-
ing HRL with HRL-fixedOrder. The significance test shows
that HRL requires fewer questions to obtain a similar or
better accuracy. Interestingly, we observe that, under the

interactive environment, HRL tends to predict the func-
tion before the channel, which is different from the inter-
task (in)dependence assumptions in previous work. This is
mainly because users’ descriptions of a function can be more
specific and may contain information about its channel. The
HRL agent is thus trained to utilize this intuition for asking
fewer questions.

4.5

We further conduct human evaluation to test the four inter-
active agents on the most challenging VI-3/4 subset. Two
students familiar with IFTTT were instructed to participate
in the test. For each session, a recipe from VI-3/4 and one
agent from {LAM-rule, LAM-sup, HRL-fixedOrder, HRL}
were randomly picked. The participants were presented the
description and the ground-truth program components of the
recipe, and were instructed to answer clarification questions
prompted by the agent with a natural language sentence. To
help the participants better understand the recipe, we also
showed them the official explanation of each program com-
ponent. However, we always encouraged them to describe
a component in their own words when being asked. For a
better user experience and an easier comparison, we limited
each agent to ask at most one question for each subtask. In
total, we collected 496 conversations between real humans
and the four agents. Examples are shown in Appendix E.
We compare each agent primarily on C+F Accuracy and
#Asks. As shown in Table 3, all agents perform much better
than the non-interactive LAM model. Particularly, the HRL
agent outperforms the LAM model by >40% accuracy, with
an average of ~2.2 questions on VI-3/4 (which is a reason-
able number of questions as each task contains at least 3
vague subtasks). We also observe that the two HRL-based
agents obtain 6% ~ 20% better parsing accuracy with even
fewer questions than the LAM-rule/sup agents. Moreover, in
comparison with the HRL-fixedOrder agent, the HRL agent
can synthesize programs with a much better accuracy but
fewer questions, showing the benefit of optimizing subtask
order at the high level. However, there is still large space to
improve compared with simulation results in Table 3, mainly
because agents are trained with the user simulator while the
language used by real users for answers can be very differ-
ent (e.g., having the Out-Of-Vocabulary issue, misspellings,

Human Evaluation



less or non- relevant information). How to simulate user re-
sponses as close as possible to real ones for training is a
non-trivial task, which we leave for future work.

4.6 Discussion

Here we further discuss our framework and future work on
the following aspects:

Error analysis. Due to the discrepancy between real users
and simulated users, several major factors affect the perfor-
mance of the HRL agent, including user typos (e.g., “emial”
for “email”) and unseen expressions (e.g., “i tweeted some-
thing” to describe the function New tweet by you). To
improve the robustness of the HRL agent, possible solutions
as future work can be modeling user noises in simulation (Li
et al. 2016b), or crowdsourcing more diverse component de-
scriptions as user answers for training.

Training with real users in the loop. Theoretically, our
agents can be trained with real users. However, it is too
costly to be practical because the agent can require many
interactions during the training phase. An alternative way
is to train the agent in simulation and fine-tune it with real
users, or to build a world model that mimics real user be-
haviors during the human-in-the-loop training (Peng et al.
2018). Both approaches need significant efforts to be care-
fully designed, which we leave as future work.
Generalizability to other semantic parsing tasks. The
proposed HRL framework can be easily generalized to re-
solve ambiguities in other semantic parsing tasks where sub-
tasks can be pre-defined. For example, in the knowledge-
graph-based question answering task (Berant et al. 2013;
Yih et al. 2015), the subtasks include identifying entities,
predicting relations, and associating constraints. To train the
HRL agent, one can build a user simulator by paraphrasing
the ground-truth entities or relations, similar to Section 4.3.
HRL can be very promising for these tasks, as it enables tem-
poral abstractions over the state and action space (leading to
a smaller search space) and can model the dependencies be-
tween subtasks, as shown in Table 1. We will explore these
applications in the future.

5 Related Work

In addition to the aforementioned work on If-Then program
synthesis, Dong, Quirk, and Lapata (2018) investigated how
to measure a semantic parser’s confidence in its predictions,
but did not further resolve uncertainties. Others include:

Interactive Systems for Resolving Ambiguities. Resolv-
ing ambiguities via interactions with humans has been ex-
plored in Natural Language Understanding in dialog sys-
tems (Thomason et al. 2015; Dhingra et al. 2017), Question
Answering (Guo et al. 2016; Li et al. 2017), CCG parsing
(He et al. 2016) and parsing for SQL and web APIs (Li
and Jagadish 2014; Gur et al. 2018; Su et al. 2018). Guo
et al. (2016) built an agent to ask relevant questions until it
has enough information to correctly answer user’s question,
but expected the user to respond with an oracle value. He
et al. (2016) investigated generating multi-choice questions
for humans to resolve uncertainties in parsing sentences.
They determined the necessity of a question by a heuris-
tic threshold. In contrast, we allow users to respond with

natural language utterances, and our HRL-based agents can
learn when to ask through the reward mechanism. Recently,
(Li et al. 2016a; Azaria, Krishnamurthy, and Mitchell 2016;
Iyer et al. 2017) explored human feedback on the final re-
sults as training supervision. Different from theirs, we in-
clude humans during the parsing process for them to pro-
vide necessary information in natural language, and define
rewards as the only feedback.

Hierarchical Reinforcement Learning (HRL). To solve a
complex task, HRL decomposes the task into several eas-
ier subtasks and solve them sequentially via MDPs (Parr
and Russell 1998; Sutton, Precup, and Singh 1999; Di-
etterich 2000). Recently, HRL-based approaches are ap-
plied to tasks like game playing (Kulkarni et al. 2016;
Tessler et al. 2017), travel planning (Peng et al. 2017), and
visual question answering and captioning (Wang et al. 2017;
Gordon et al. 2017; Zhang, Zhao, and Yu 2018). Inspired
by these work, given that our semantic parsing task can be
naturally decomposed into 4 subtasks, we learn a two-level
policy where a high-level policy decides the subtask order
while a low-level policy accomplishes each subtask by ask-
ing humans clarifying questions if necessary.

6 Conclusion

In this paper we explored using HRL for interactive seman-
tic parsing, where an agent asks clarification questions when
the initially given natural language description is ambiguous
and accomplishes subtasks in an optimized order. On the If-
Then recipe synthesis task, in both simulation and human
evaluation settings, we have shown that our HRL agent can
substantially outperform various interactive baselines in that
it produces more accurate recipes but asks the user fewer
questions in general. As future work, we will generalize
our HRL framework to other semantic parsing tasks such as
knowledge based question answering, explore better training
strategies such as modeling real user noises in simulation, as
well as further reduce the user interaction turns.
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A User Answer Understanding Module

We define the user answer understanding module in Figure 2
based on a bidirectional Recurrent Neural Network with at-
tention. Specifically, for the j-th word in the user answer d;,
we concatenate its forward and backward hidden states (i.e.,

— — . . .
hq, ; = [ha,;; ha,;]) as its semantic representation. Atten-

tion weights wqtt; over all words are computed with a trainable
context vector ¢, i.e., watt; = softmax(cThdw ), which will
help the agent identify important words in d;. User answer d; is
then represented as vy, = ) j Watt; hq, ;-

B Training Algorithm for HRL

In our work, policy functions are all updated via Stochastic Gra-
dient Ascent. Given the objective Eq (4), we deduce the updates
for the high-level policy function below:

Vo J(0) = E 1 [Vglogx"(g; s)ud], (6)

where wy = 330%™ sy N, gy, N,) i the
summation item within the two brackets in Eq (4).

Similarly, at low level, for the ongoing subtask g; € G =
{st1, sta, st3, st} at time step ¢, the updates of its policy func-
tion wf] , are given by:

l
v¢gt Jg.(¢g.) = E'n-_f“ [v(bgt log g, (a; s)ug,,t], (7

where wg, t = 31507 by (St4ks @)

Algorithm 1 details the entire training procedure. Line 1-2
initialize each policy network. Particularly, each low-level pol-
icy network is pre-trained via supervised learning (Section 4).
We train the agent on M episodes (i.e., recipes). At the be-
ginning of each episode, the state vector slsti is initialized by

calculating Eq (1-2) with sétﬂ. -0 (Line 7). Gradients of
parameters 6 and ¢, are accumulated during every episode.
To improve efficiency, we perform gradient update for every 64
episodes (Line 31-34).

C Implementation Details

To accelerate the training of HRL-based agents, we adopt a sim-
ilar skill as (Gordon et al. 2017; Wang et al. 2017) to initialize
their low-level policy functions with the well-trained LAM-sup
model. Particularly for HRL, we apply an “action mask” at the
high level, so that the completed subtask will not be repeatedly
chosen as the next subtask. However, the agent does not rely
on this mask after being fully trained. The validation check is
performed every 2K iterations on a randomly sampled 1K vali-
dation recipes. The best parameter setting is the one that obtains
the most high-level reward in validation.

D User Simulator

For a trigger/action function, we design the following strategies

to simulate user answers:

1. Revised function description: Each function has an official
description on IFTTT.com, e.g., for function Create a
link note, its description is “This action will create a
new link note from a source URL in the notebook you spec-
ify.” We revised the function description to make a simulated
user answer, e.g., “‘Create a new link note from a source URL
in the notebook I specify.”

2. Paraphrases of the revised function description: Specifi-
cally, we replaced words and phrases with their paraphrases,
which were collected and marked as semantically “Equiv-
alence” by the PPDB paraphrase database (Pavlick et al.
2015).

3. Extractions from a large collection of real-user recipe de-
scriptions in our training set (Ur et al. 2016): The extrac-
tions are based on six manually defined templates and will
embrace language variation in simulated user answers. For
example, for a recipe description “If X then Y,” X will be
considered as an answer to questions about the ground-
truth trigger function and Y as an answer to those about the
ground-truth action function.

E User Evaluation Examples
We present three user evaluation examples in Table 4.

Example 1
User: “pinterest post to wordpress”
Ground-truth recipe: [tc: Feed, tf: New feed item, ac:
WordPress, af: Create a photo post]
HRL agent: “Which event triggers the action?”
User: “when there’s a new pinterest post’
HRL agent: “Which event results from the trigger?”
User: “create a post with photo”
Agent Prediction: [tc: Feed, tf: New feed item, ac:
WordPress, af: Create a photo post]

Example 2
User: “foto do instagram”
Ground-truth recipe: [tc: Instagram, tf: Any new
photo by you,ac: Email, af: Send me an email]
HRL agent: “Which event triggers the action?”
User: “I share new ins photo”
HRL agent: “Which channel should act per your request?”
User: “email”
Agent Prediction: [tc: Instagram, tf: Any new photo
by you,ac: Email, af: Send me an email]

Example 3
User: “send fiverr orders to wunderlist”
Ground-truth recipe: [tc: Fiverr, tf: New order
received, ac: Gmail, af: Send an email]
HRL agent: “Which event triggers the action?”
User: “a new order is recievied”
Agent Prediction: [tc: Fiverr, tf: New email in inbox
from search,ac: Gmail, af: Send an email]

Table 4: Two examples (Example 1-2) from user evaluation
where the HRL agent correctly interpreted the user instruc-
tions and two (Example 3) where it did not. The agent failed
when there is a typo in the word “recievied”.



Algorithm 1 Learning algorithm for HRL

1: Initialize parameters 6 of the high-level policy network randomly.

2: Initialize parameters ¢4, (i = 1,2, 3,4) of each low-level policy network with supervised pre-training.
. Initialize gradients: df < 0, dgs;, < 0.

4 for #episode = 1to M do

5: Reset the user simulator and get a recipe description Z.

6: Initialize b; < 0,d; < 0,Vi = 1,2, 3, 4. Observe sg = {Z, b;,d;}.

7: Calculate sst ,Vi=1,2,3,4, according to Eq (1-2), with Sit,i = 0.

8: global _turn « 1.

9 t < 0.

0 while s; is not terminal and global,turn < Max_Global _Turn do

1: Sample a subtask g; ~ 7 (g; s¢) according to Eq (3). We denote g; as st;,, i.e., the i;-th subtask in the subtask set

g {Stl, St27 Std, St4}

12: tstart < T.

13: local_turn < 1, a; <+ @.

14: while (a; == @ or a; == “AskUser”) and local_turn < Max_Local _Turn do
15: Sample a primitive action a; ~ wéti, (a; st).

16: Execute and receive a low-level reward rlstit (st,at).

17: d;, + d;,U retrieved simulated user answer.

18: Observe new state s.4; with new d;, .

19: Update Sétit according to Eq (1-2).

20: Jgt+1 < Gt

21: t+—t+1.

22: local turn < local turn + 1.

23: end while

24: dst,, < ddst,, + accumulated gradient according to Eq (7).
25: Receive a high-level reward 7" (s;_,. ., gi.,...)-

26: bit +— 1.

27: t < t + 1. Observe state s;.

28: global turn < global turn + 1.

29: end while
30: df < df+ accumulated gradient according to Eq (6).
31: if #episode % 64 == 0 then

32: Perform update of 6 and ¢4, (i = 1,2, 3,4) by gradient ascent using df and d¢s;,.
33: df < 0, d¢st, < 0.
34: end if

35: end for
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and external word association, which predict the importance of each
question word and associate the question with outside relevant
keywords respectively, and can be jointly trained under weak su-
pervision with large-scale QA pairs. The keyword representations
from RIKER can be directly used as input to a keyword-based search
module, enabling the whole process to be effective while preserv-
ing good interpretability. We conduct extensive experiments using
Amazon QA and review datasets from 5 different departments, and
our results show that RIKER substantially outperforms previous
state-of-the-art methods in both synthetic settings and real user
evaluations. In addition, we compare keyword representations from
RIKER and those from attention mechanisms popularly used for
deep neural networks through case studies, showing that the former
are more effective and interpretable.
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1 INTRODUCTION

Question answering (QA) on e-commerce websites allows cus-
tomers to acquire useful information for making purchase decisions.
Currently, answering product-related questions still largely relies
on costly human efforts. It can take several days to get an answer
from sales representatives or other experienced customers. In this
work, we study the problem of automating product question an-
swering (PQA) [7]: Given a question regarding a product, we aim to
return relevant sentences extracted from corresponding customer
reviews to provide answer information. One important characteris-
tic of PQA in comparison with open domain answer selection (e.g.,
[45, 47, 51]) is its high demand in system interpretability, partly
because customers may have increasing concerns about hidden ad-
vertising agendas and leaked personal information and can distrust
a PQA system [18] if puzzled by how they get the results, and also
partly because latest policies and regulations are also urging com-
panies to provide interpretations for their algorithms that directly
affect users [13, 17].

To the best of our knowledge, all recent PQA works [30, 43, 48] ad-
vocate end2end semantic matching methodologies, which tend to be
black-box and directly output a matching score for each <question,
review sentence> pair. Typically, questions/answers/reviews are
first encoded into low-dimensional vector representations, which
are then used to generate the matching scores based on some rele-
vance functions (e.g., dot product). For example, question-review
and answer-review encoders and relevance functions are simulta-
neously learned by optimizing a mixture-of-experts objective [30].
In fact, in open domain as well, almost all latest answer selection
works [41, 42, 50] fall into this category, e.g., relying on hidden units
within deep neural networks (DNN) to represent the relevance of
QA sentences pairs [28]. Despite its popularity, the end2end par-
adigm has received challenges on its lack of interpretability [14].
Even with many recent efforts [3, 5, 10, 37, 39], it is still very dif-
ficult to interpret dense vector representations or how an answer
is matched with a question. Meanwhile, different attention mech-
anisms [31, 41, 50] have been incorporated into DNN models to
associate the relevant parts across two sentences. Although to some
extent the intermediate attentions can help reveal the soft word
alignments between two sentences, the models are still less trans-
parent because of the nonlinear relationship between attention
scores and outputs [35].

In this work, we do not follow the end2end paradigm of existing
approaches, and instead advocate a hybrid framework marrying
the advantages of both DNN structures and classic keyword-based
Information Retrieval (IR) techniques [4]. Keyword-based IR tech-
niques such as tf-idf ranking functions naturally exhibit much
better interpretability owing to their transparency and intuitiveness:
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Figure 1: Interpretability and effectiveness of different methodologies. Here we use DNN structures as an example of end2end
methods. Our proposed method RIKER mines rich keyword representations for a question, which are used as input to a stan-
dard tf-idf based IR module. With overlapped words highlighted in orange, such representations also serve as interpretation
to the user for the retrieved results and help keep the ranking process transparent.

An answer candidate will be ranked higher if it has more impor-
tant keywords matched with the question. However, standalone
keyword-based IR methods are often not as effective due to the
lexical gap problem [38], i.e., they cannot handle mismatched yet
relevant words. In addition, they tend to weigh question words only
according to their corpus-level statistics like tf-idf without consid-
ering the specific sentence-level context information. Therefore, to
achieve a good balance between interpretability and effectiveness,
we propose a new framework named RIKER, which mines rich keyword
representations of a question and uses them to effectively improve the
performance of interpretable keyword-based search techniques.

Figure 1(a) qualitatively shows the trade-off between effective-
ness and interpretability for different methodologies, while Fig-
ure 1(b) and 1(c) demonstrate how an end2end model and RIKER
process the same question "Weight of the baby seat?". An end2end
system is often hard for humans to understand or intervene. As
exemplified in Figure 1(b), when an irrelevant review sentence is
ranked at the top (because the system misinterprets the question
intent as "baby weight" rather than "baby seat weight"), the user
may have no choice but keep rephrasing the question to probe
the system. In contrast, as Figure 1(c) shows, RIKER can map the
question into its keyword representations, which emphasize impor-
tant internal words (i.e., words that appear in the question) such as
"weight", "seat" and include relevant external words (i.e., words that
are not in the question but exist in the corpus) such as "weighs" and
"Ib". Such easy-to-understand keyword representations can then be
used as input to standard tf-idf based IR, which keeps the review
sentence selection process transparent. Moreover, if unsatisfied
with current results, the user can adjust the keywords and their
predicted weights (e.g., set the predicted weight of "baby" to zero
to reduce ambiguity) and anticipate better results.

Specifically, RIKER consists of two neural components: (1) Inter-
nal word re-weighting, which predicts the relative importance of
words within the question, and assigns more weights to those that
are more likely to occur in correct answers and less likely in incor-
rect ones; (2) External word association, which models pairwise
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word associations between questions and answers, and enables
RIKER to infer relevant keywords outside the question in the entire
vocabulary. For training, we design two novel objective functions re-
spectively for each component. They explicitly encourage assigning
higher scores to matched or associated keywords between correct
QA pairs and mutually enhance each other, so that RIKER achieves
the best overall performance when both objectives are jointly opti-
mized. The mined keyword representations are employed as input
to the IR module to alleviate its lexical gap problem and enhance
the search performance, and are demonstrated more effective than
the state-of-the-art word embedding based query expansion meth-
ods [12, 49]. At the same time, they can serve as interpretations
to human users and allow RIKER to enjoy the interpretability of
the keyword-based search techniques, which we demonstrate both
quantitatively and qualitatively through case studies.

In summary, our contributions are as follows:

To the best of our knowledge, we are the first to advocate in-
terpretability in product QA, which can give customers a better
intuition of how their questions are answered and eventually
helps earn user trust in the system.

We design a new PQA framework, RIKER, which jointly identifies
important keywords within the question and associates rele-
vant words outside the question based on neural models. Such
keyword representations can improve the search performance
and meanwhile preserve the interpretability of a keyword-based
search module.

We conduct extensive experiments using 5 PQA datasets from
Amazon.com as well as a real user study, and show that our
framework consistently outperforms existing query expansion
and PQA methods. In addition, we also discuss RIKER w.r.t. a
widely adopted attention mechanism for DNN models on their
interpretability via case studies.

2 OVERVIEW

Traditional keyword-based IR techniques widely used by e-commerce
websites have the advantage of being self-explanatory to general
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Figure 2: Training structure of RIKER.

customers without domain knowledge, and are commonly acknowl-
edged by data scientists as interpretable algorithms among decision
trees, rule lists [44], sparse linear models [26], etc. However, naive
keyword-based search has drawbacks when applied to PQA: They
tend to ignore the relative importance of words given the question
context and can not relate different but semantically similar words.
To solve this problem, we design RIKER that mines better keyword
representations for questions. Figure 2 shows the training neural
architecture of RIKER. The internal word re-weighting component is
learned through exact pairwise matching (Section 3) and predicts
higher weights for question words that may exactly appear in the
correct answers but rarely in others, whereas the external word
association component is learned through soft pairwise matching
(Section 4) and captures semantic associations between different
words. Such keyword representations can preserve the natural in-
terpretability of keyword-based search methods, and also make
RIKER more effective as experiments will show (Section 5). Addi-
tionally, we use case studies to further discuss the interpretability
of keyword representations from RIKER (Section 6).

3 INTERNAL WORD RE-WEIGHTING

The goal of internal word re-weighting component is to assign
different weights to words within a given question, according to
their relative importance in the context. In this section, we first
introduce the details of the re-weighting function, and then describe
how it can be trained with an exact pairwise matching objective.
The internal word re-weighting function takes a question g that is
a word sequence [q1, ..., n] as input, and outputs a weight for each
word, denoted as f(g;|q). As shown in the left part of Figure 2, the
question words are mapped to word embeddings and then encoded
with a standard bidirectional recurrent neural network (Bi-RNN)
with Gated Recurrent Units (GRU) [11] to aggregate sentence-level
context information. Specifically, the i-th time step operation of a
forward GRU cell parameterized by {Wr, I;r, Wu, Eu, W, g}is:
F=o(Wrle(gi), hi—11+by) 5 i=0(Wule(g:), hi1]+by)
hi=¢(W[e(qi), 70hj_1]+b) ; hj=17®hl'_1 +(l—l?)®hi
Here [, -] represents vector concatenation, e(q;) is the looked-up
word embedding of word g;, o and ¢ represent sigmoid and tanh
activation functions respectively, and © is element-wise product. A
backward GRU cell is defined symmetrically to encode the question

from the last word to the first, with a different set of parameters
{W,, by, Wu, by, W, b}. The forward and backward GRU hidden
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states are concatenated at each position to be the output of the Bi-
RNN encoder, i.e., o? = [Ei, i;l] for g;. Next, the Bi-RNN output at
each step is passed through a fully connected feedforward network
with a sigmoid output layer, followed by a normalization step.

si = oWy o(Wiof +b1)+b2): f™(qilg) = si/ ) sk (2)
k=1

Exact pairwise matching. We define the exact pairwise matching
(EPM) score for a <q, a> pair as a weighted sum of all the overlapped
words (corresponding to the black squares of the exact pairwise

matching module in Figure 2):
n

Mg, a) = ) F™(gilg) Ui € a)
i=1
Here I(q; € a) is an indicator function that returns 1 if g; appears
in a and 0 otherwise.

The objective of exact pairwise matching is to assign higher
scores to correct answers than incorrect ones, and therefore guides
fint to put more weights on words that occur in the correct answers
but not in other answer candidates. Specifically, we use a standard
cross-entropy loss function, minimizing which encourages increas-
ing sPPM of the correct answer a* compared with a set of randomly
sampled non-answers A~:

©)

exp(s™™(g, a™))

Yac{arjua- exp(sFPM(q, a))

Once the internal word re-weighting function ™ is learned,
we can directly combine the predicted word weights of a question
with an off-the-shelf ¢f-idf based IR [22], so that the importance of
a word is measured by both its corpus-level statistical importance
and the context-aware semantic importance. Specifically, the tf-idf
weight of each question word in an answer candidate is multiplied
with its fi score, before they are summed up as the final score
of the answer candidate. Despite being simple, as experiments will
show, adopting this re-weighting (RW) strategy helps retrieve better
results, which also outperforms some existing baselines.

LM — _og

©

4 EXTERNAL WORD ASSOCIATION

It is common that a question word semantically aligns with different
words in a correct answer, e.g., "weight" in g with "Ib" or "weighs"
in a in Figure 2. Unfortunately, exact pairwise matching does not
exploit such connections, and is therefore incapable of solving the
lexical gap problem. This motivates us to design the soft pairwise
matching objective to further explore the associations between a
question word and other words that are outside the question but
likely to appear in correct answers. At the end of this section, we
discuss three different strategies that leverage the word associations
to expand a question at retrieval time.

Soft pairwise matching. Analogous to the previous section, we
define a soft pairwise matching (SPM) score, sS*M(q, a), based on
word associations from both the question side and the answer
side. Recall that in Equation 1, the question has already been en-
coded into [o?, ozq, ...,OZ]. During training, we use the same Bi-
RNN (with shared parameters) for questions to encode an answer
(a=la1,....am]) as [0}, ..., 05 ]. Afterwards, we calculate the exter-
nal word association score (g, ajq, a) for every word pair <g;,
aj> as the cosine similarity of their corresponding Bi-RNN outputs,
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Algorithm 1: General Question Expansion

1 Result: Question expansion words and weights

2 Input: internal word weights f™(q; |q); vocabulary V;
3 expansion similarity function p(g;, w);

4 hyper-parameters: integer N; float §

s for q; in question q = [qi, ..., qn] do

6 ?(qi, qi) =0

7 /* Select N words with highest expansion similarities: */
8 Wi 1, .- Wi, N} = top_k([p(qi> o), ---, p(qi> Wv))), N)
9 /* & controls the contribution of expansion terms */
10 Si,j :fim(qi |q)p(q1, Wj) 5, ] =1....N

end

Sum s;, ; that corresponds to the same word
12 return distinct w; ; with corresponding aggregated s;, ;

and aggregate them into the overall soft pairwise matching score

SPM(q, follows:
s*Y(q, a) as follows a7
1
i, alg,0) = ——— )
i loj 1 lof]
SPM _ int, . ext . .
Mg =) Maile) max fMgialga @)

i=1
Here f™(g;|q) is the internal word weight from Equation 2, rep-
resenting the relative importance of the i-th word in the question.
The intuition behind this SPM function is that an answer should
achieve a high score if for each important word of the question,
at least one word in the answer matches well with it. We also em-
pirically test for each question word g;, summing f**%(q;, aj|q, a)
of all the answer words a; instead of using max pooling, which
leads to similar results but takes longer time to train. Same as in
the previous section, the soft pairwise matching function can also
be trained using negatively sampled QA pairs:

exp(s" (g, a*)

Yae(arjua- exp(sSt™(g, a))
Optimizing £5M alone can affect both internal word re-weighting
(£ and external word association (f*) modules through back-

propagation, but the effect on the former can be distant and indirect.
Therefore, we propose to jointly optimize both objectives:

m@in (LEPM + LSPM)

LSPM —

—log (7)

®)

Here, © represents all parameters including word embedding vec-
tors, those in Bi-RNN, and {Wy, by, W, by }.

Question expansion based on external word associations. Al-
though directly ranking answer candidates through soft pairwise
matching seems applicable, it requires encoding all the review sen-
tences with Bi-RNN at testing time, which is computationally expen-
sive for PQA. We propose to use easy-to-compute word similarity
functions to transform the neural external word associations from
the training phase (Eq. 6) to a small set of expanded keywords for a
question, which promotes interpretability as it is easier for humans
to check expansion words than pairwise word associations and can
also be used to enhance the performance of keyword-based IR.
There has been a broad spectrum of works on question/query ex-
pansion (QE) in the past for retrieving web pages [46], emails [23],
answers [38] and so on. However, many existing QE techniques
are not directly applicable in this PQA scenario (e.g., those trained
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with click-through data). The most related QE techniques to ours
are those using word embeddings [12, 24, 49]. The difference of our
QE methods is that we jointly consider internal word weights in
training word associations (f™ in Eq.6), and find external relevant
words not only at the word embedding level, but also at higher
levels projected by the trained neural architecture. Algorithm 1
outlines a general query expansion scheme based on which we de-
veloped three intuitive variants (QE1/2/3) using different expansion
similarity functions (p /p’/p’’). Given an expansion similarity func-
tion, it finds N most similar words for each question word (line 8),
and their weights are the product of the internal word weights fint,
the expansion similarities p(q;, w) and a hyper-parameter ¢ (line 9).
Duplicated expansion words are aggregated by summing up their
individual weights (line 11). The final output is a set of weighted ex-
ternal words, which can be combined with the re-weighted internal
words and then input together to the off-the-shelf keyword-based
IR method as discussed earlier.

QE1: Word embedding similarity. This is a basic expansion sim-
ilarity function that directly leverages trained word embeddings
[12]. It is defined as the cosine similarity between the word em-
beddings of a question word g; and an arbitrary word w from the
vocabulary:
_e(w)" - elqi)
le(w) le(q:)]
Word embeddings in our model are initialized with pre-trained
results [33] in the general domain, but further trained to be product
domain specific [12] and can be more suitable for query expansion
in our settings.

(qi,w) )

QE2: Higher-level word similarity. During training, the raw
word embeddings of a sentence are further encoded by the Bi-RNN,
which outputs higher-level representations at each step. We hypoth-
esize that even without context (i.e., surrounding words), such low
to high level transformations can help capture word associations
more effectively. Therefore, we propose to leverage the learned pa-
rameters within the GRU cell. Specifically, we concatenate the word
embedding e(q;) (same for e(w)) with zero vectors in both forward
and backward directions, and project them by part of the GRU pa-
rameters. The projected vectors are concatenated into higher-level
representations e’(q;) and e’(w) and measured by cosine similarity:

¢'(qi) = [p(Wle(qi), 0] + b), $p(Wle(q:), 0] + b)]
¢/(w) = [p(We(w), 0] + b), $p(Wle(w),0] + b)]
_ e -e(q)

le’(w)] le’(q)]

QE3: Context-aware similarity. We further propose a question-
context-aware QE strategy, which considers the entire question
sentence at testing time and dynamically calculates expansion word
similarities based on its Bi-RNN encodings (note for computational
efficiency, there is no context considered for the expansion word
side). Formally, with o? being the Bi-RNN output corresponding to
the i-th question word, and e’(w) the same as in Equation 10, the
new expansion similarity is defined as:

e/ (w)T - o?

le’(w)] [0 |

(10)
p'(qi,w)

p"(qi, w) (11)
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Comparing the three variants, QE1 and QE2 are off-line strate-
gies meaning that the expansion similarity between any two words
in the vocabulary can be pre-calculated, stored in a table, and ready
to look up at testing time. QE2 is slightly more complex than QE1
as it requires to project word embeddings. They both enjoy a higher
computational efficiency than QE3, which is an online strategy that
needs to dynamically compute the expansion similarities based on
the context of a specific question. However, QE3 is closer to how the
external word association score £ is optimized during training,
and can potentially achieve the best performance.

5 EXPERIMENTS

Due to the lack of labeled review sentences (being relevant/irrelevant
to a question), previous works [30, 43] adopted a synthetic eval-
uation setting using large-scale historical QA pairs. Specifically,
answers to all questions are gathered as an entire answer candidate
pool for retrieval. For each question, its paired answer given by
a human expert (the top rated one if there are many), is treated
as correct whereas all other answer candidates as incorrect. The
candidate pools for training, dev and testing sets are separated.
In addition to this synthetic setting, we also experiment under a
realistic scenario where we retrieve review sentences to answer
questions, and ask human annotators to evaluate their relevance.

5.1 Experimental Setup

Datasets. We use the Amazon QA [30] and review datasets [29]
from 5 different departments. We pre-process these raw data slightly
differently from [30] and the statistics are summarized in Table 1.
First, we do not classify a question as yes-no or open-ended type.
As emphasized in [30], even for yes-no questions, it is critical to
find relevant review sentences as supporting evidence. Therefore,
we directly treat PQA as a review sentence selection task. Second,
we filter out QA pairs whose answers contain less than two words
other than stop words or "yes"/"no", because they contain little
useful information for either training or testing. The last column of
Table 1 shows that after filtering, we still keep 80%~97% of all the
questions in the raw datasets, much higher than the 44% classified
as open-ended in [30], additionally showing that treating PQA as a
retrieval problem has a broader coverage. The datasets are randomly
divided into train, dev and test set using 7: 1: 2 ratio. The same
pre-processed data splits are used for all methods.

Evaluation Measure. For synthetic evaluation, we follow previous
work [30, 43] to use average Area Under the Curve (AUC):

1 1
AUC:@ Z =T Z
q€Q

a-eA-{a*}
where Q represents all the questions in dev or test set, and A is the
corresponding set of all the answers. I(score(q, a*) > score(q, a™))
is a binary indicator function that returns 1 when the paired an-
swer is ranker higher than the non-answer!. In the real user study
experiment, where humans are asked to annotate the relevance

I(score(g,a™) > score(q,a”)),

Same as previous work [30, 43], we approximately assume only the paired answer is
correct to a question. AUC essentially measures the percentage of non-paired answers
getting lower scores than the paired one, and is less sensitive to the dataset noise
compared with other ranking metrics like Mean Reciprocal Rank (MRR) or nDCG,
especially when the number of correct answers to a question is significantly smaller
than the answer pool size |A|.
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Dept vo_cab # of QA pairs subjective
’ size Train Dev Test Qs (%)
Appliances 31,694 6,156 879 1,760 97.17
Baby 62,267 14,901 2,128 4,259 73.58
Patio 89,449 37,427 5,346 10,695 89.72
Tools 116,635 62,242 8,891 17,785 87.96
Electronics | 100,000 179,858 25,694 51,389 81.76

Table 1: Dataset statistics.

of each retrieved review sentence, we use normalized discounted
cumulative gain (nDCG), a popular ranking metric for IR [21].

Baseline methods. The baseline methods can be divided into those
without and with explicit question expansion. Those without ex-
plicit QE are: (1) Moqa and BM25+ [30]: They both use the same
mixture-of-experts framework to jointly optimize answer-review
and question-review relevance functions. Moqa models the rele-
vance functions as approximated bilinear models to match sentence
pairs in latent vector spaces, while BM25+ models them as Okapi
BM25+ ranking function with a few learnable parameters [27]. We
used their published code for both Moga and BM25+ on our pre-
processed datasets. (3) OQ and OQ - stop: Two naive baselines
using the same #f-idf IR module as in our framework, one directly
using the original question to query and the other with stopwords
removed from the (Iuestion using SpaCy. (4) RW: Our internal word
re-weighting method as described in Section 3.

We select the following baselines with question expansion: (5)PRF-
TFIDF: A classic QE method [6] that expands a query using the
top-K tf-idf words from the top-N pseudo-relevant sentences re-
turned by IR. (6) PRF-RM: A popular QE strategy based on rele-
vance model [25]. Specifically, given original query qo, the proba-
bility of selecting a term ¢ in the reformulated query is: P(¢|qo) =
(1=A)P’(t|g0)+A X gep, 1/1DolP(t|d)P(qo|d), where Dy is the set of
top-N pseudo-relevant documents returned by go and A is set at 0.5
following previous work. P(t|qo) is defined as the normalized tf-idf
weight of t in go and P(¢|d) the add-one smoothed language model:
P(t|d) « tf(t, d) + 1. We select top-K terms with highest probability
to expand query go. (7) GloVe and GloVe'®!: Following state-of-the-
art word embedding based QE works [12, 49], question words are
expanded through similarities (equivalent to p(g, w;) in Equation 9)
measured by two types of word embeddings: (i) those pre-trained by
GloVe [33] and (ii) those fine-tuned on our target (tgt) domain cor-
pus with the relevance-based objective designed by [49] for search
tasks. Specifically, the QE process is equivalent to Algorithm 1 but
without considering learned internal word weights (i.e., fix fi to
1in line 10). (8) GloVe+RW and GloVe'8' +RW: Same as above but
further take into account our learnt internal word weights (i.e., £t
given by RIKER in line 10). (9) RIKER+QE1/QE2/QE3: After RIKER
is trained, we test the three question expansion variants described
in Section 4 respectively.

5.2 Results

Comparing with baselines without QE. The upper half of Ta-
ble 2 compares all the methods without explicit question expansion.
We observe that our internal word re-weighting (RW) strategy
outperforms the search baselines OQ and OQ - stop, showing the
benefit of dynamically predicting word weights over naive strate-
gies using equal weights or removing stop words (which may fail
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Appliances Baby Patio Tools Electronics
Dev Test Dev Test Dev Test Dev Test Dev Test
BM25+ 56.577 56.746 | 65.799 65.385 | 65.349 64.497 | 64.280 65.219 | 63.913 63.818
0Q 78.120  79.039 | 87.078 87.600 | 85.020 84.510 | 86.131 86.049 | 86.356  86.408
0Q - Stop 77.448 78.319 | 86.002 85.963 | 83.559 83.311 | 84.873 84.888 | 84.537 84.683
Moqa 76.367 76314 | 83.836 83.349 | 85.292 85.011 | 86.673 86.421 | 87.836  87.824
RW 78.332  79.653 | 87.743 89.043 | 85.204 84.792 | 86.524 86.436 | 87.063 87.082
PRF-TFIDF 74.382  75.061 | 84.802 85.102 | 82.205 82.884 | 83.534 83.723 | 82.847 83.492
PRF-RM 78.446 79.801 | 87.931 88.235 | 85.469 85.113 | 86.766 86.688 | 86.058 86.083
GloVe 65.410 66.918 | 74.775 74.456 | 73.760 73.440 | 77.785 77.676 | 78.072  78.003
GloVe'st 76.146  77.293 | 85.777 85.517 | 82.748 82.590 | 84.613 84.442 | 83.126  83.054
GloVe+RW 77.071 78.628 | 88.600 88.307 | 86.147 85.599 | 87.261 87.156 | 86.692  86.749
GloVe'®'+RW | 79.959 80.981 | 90.298 90.053 | 87.884 87.856 | 89.060 88.918 | 88.151 88.126
RIker+QE1 78.733  79.920 | 89.486 89.170 | 86.744 86.384 | 86.436 87.836 | 87.380  87.436
RIKER+QE2 80.405 81.427 | 91.527 91.367 | 89.427 89.681 | 90.394 90.175 | 89.493 89.537
RIKER+QE3 84.415 84.629 | 92.262 92.086 | 91.365 91.368 | 91.969 91.643 | 91.095 91.010

Table 2: PQA results (AUC) under the synthetic setting. The upper(lower) half shows methods without(with) explicit QE.
RIkER+QE2/QE3 achieve the best overall performance, showing that it mines effective keyword representations.

because words such as "without", "last", "bottom" that are often
treated as stop words are actually important for product-related
questions). RW also achieves comparable or better performances
to the end2end Moqa baseline especially when the dataset size
gets smaller, indicating that the task to predict word importance
is less sensitive to dataset sizes, and is especially suitable for new
domains without much available data. Another observation is that
with our pre-processing steps, using the original question (0Q)? to
search has already achieved performances close to Moqa, showing
that keyword-based search can be decently effective in product
domain. Next, we will discuss that RW also plays a key role for QE
to succeed.

Comparing RIKER with baselines with QE. The lower half of
Table 2 compares all methods with explicit question expansion.
Our proposed RIKER+QE2/QE3 variants outperform all baselines.
GloVe('8)-RW using word embeddings fine-tuned for retrieval pur-
pose in the target domain corpus is the strongest baseline, but is
less effective than some RIKER variants because we jointly trained
internal word re-weighting and external word association in a uni-
fied framework. Notice that word embedding based QE baselines
perform poorly if not combined with RW (Glove(tg)), again show-
ing the importance of internal word re-weighting for PQA because
treating question words equally when incorporating external terms
will introduce much noise. The classic QE methods PRF-TFIDF and
PRF-RM generally works not as well as embedding based ones be-
cause the representation power of word embedding can be more
expressive than corpus level statistics.

Comparing RIKER variants. RIKER+QE2 with the novel use of
GRU cell parameters outperforms RIKER+QE1, demonstrating that
the trained neural layer can project word embeddings into more ef-

fective higher-level semantic representations. As expected, RIKER+QE3,

which takes the context information of an entire question into ac-
count, performs the best, but it comes at a cost of computing vector
similarities at testing time as discussed earlier. In practice, one may
consider the trade-off between efficiency and effectiveness when
choosing from QE2 and QE3.

2This baseline was not tested in [30].
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Objective dev AUC test AUC

) RW  OQE3 | RW _ OE3
EPM 87434 86563 | 88.117 86.632
SPM 87.104 91.646 | 87.589 91.426
EPM+SPM | 87.743 92.626 | 88.041 92.086

Table 3: Training objective ablation.

Ablation study of training objectives. Table 3 shows the effect
of our proposed training objectives. Due to space limit, we only
show the Baby dataset but the results for others are similar. Train-
ing using only the EPM objective gets comparable performance
as using both objectives for our RW method, but makes QE3 in-
effective because without SPM, the Bi-RNN does not learn how
to associate words at the high level. The QE3 strategy works the
best when the EPM (Eq. 4) and SPM (Eq. 7) objective are optimized
simultaneously, showing that with explicit supervision for internal
word re-weighting using EPM, RIKER can better find the important
expansion words to be associated with a question.

Parameter sensitivity. Figure 3 shows that RIKER+QE3, our best
variant, is insensitive to QE hyper-parameters N and § on Baby
dataset. Similar results are observed on the other datasets. RIKER+QE3
significantly outperforms the baseline without QE (i.e., RW in Table
2), whose AUC for the dev/test set is 87.743/89.043, far below the cur-
rent coordinate ranges in Figure 3. Results on dev and test datasets
are similar, with AUCs reaching the best when the expansion scale
& = 0.15. The performance tends to get better as N increases, but
involving more and more external words will make keyword-based
IR less understandable, and hence we balance effectiveness and
interpretability by upper-bounding N at 70.

Real User Evaluation So far, we have been experimenting under
the synthetic setting, where RIKER performs the best at selecting
answer sentences. However, one might suspect such performance
gain could come from that RIKER is trained to optimize answer
ranking, whereas the existing state-of-the-art PQA method Moqa
[30] jointly models the relevance between questions, answers and
reviews in a comprehensive probabilistic model.?

31t is fair to compare RIKER with other baselines such as GloVe'®'(+RW) under the
synthetic evaluation, since they all directly match QA pairs, not through reviews.
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dev test

92.2 4 nDCG@10 (%) .
Fleiss
92.0 | | Dept. Userl User2 User3 Avg Kappa

g Moga QE3 | Moga QE3 | Moqa QE3 | Mogqa QE3
T 9181 -+ Ef‘s‘g I Appl. | 18.60 55.22 | 4236 56.60 | 20.74 43.67 | 27.24 5183 | 0335
91.6 o N—eo ] Baby | 2638 73.97 | 2550 66.29 | 1447 5413 | 2378 64.80 | 0.459
— N=70 Patio | 23.89 61.80 | 26.53 49.30 | 24.68 56.64 | 2503 5591 | 0.293
LA : . S €. : : 1 Tools | 2503 49.67 | 2662 42.15 | 3349 4355 | 2838 45.12 | 0.392
005 010 015 020 005 010 015 020 Elec. | 2751 59.57 | 3549 53.42 | 21.81 58.47 | 28.27 57.15 | 0.370

6 6
Figure 3: Hyper-parameter (N and J) sensitivity.

In order to show RIKER’s generalization ability to selecting review
sentences, we conduct a real user study where different methods
retrieve review sentences corresponding to the product to answer
questions. We randomly sampled 200 questions, 40 from each de-
partment, and there are on average 474 review sentences as answer
candidates for each question.* For every retrieved sentence, three
different human annotators were asked to score it with 2, 1 or 0,
corresponding to being relevant, partly relevant and irrelevant.>
The results are summarized in Table 4. In this realistic setting,
Riker+QES3 still substantially outperforms Moqa, indicating that
using RIKER predicted keyword representations of a question can
also search product reviews more effectively than latent semantic
representation approaches. This is partly because review sentences
often contain more personal experience as well as sentiment-related
words/phrases than human provided answers in our training sets,
and their sentence-level semantics can be hard to match with a
question. However, once the keywords associated with a question
are predicted, relevant review sentences can be more easily re-
trieved using keyword-based IR. Fleiss’ Kappa scores [15] are used
to measure the consistency among different users’ labels, which
show fair and moderate agreements (>0.35) for most departments.

6 DISCUSSION

Section 5 shows that keyword representations mined by RIKER
can enhance the performance of keyword-based IR, in comparison
with various existing query expansion and PQA methods, leading
to a more effective PQA framework with the ranking process still
interpretable based on matched keywords. In this section, we will
further compare RIKER with attention mechanisms|[9, 31, 41, 42],
which have recently been widely used in DNNs for sentence pair
modeling and can provide interpretations of how two sentences
are matched by revealing word-level associations. As we need to
first clarify how to apply the attention mechanisms to our task, we
separate the discussion from other methods in Section 5.

6.1 An Attention-based Deep QA Model

We briefly show how to adapt an end2end DNN QA model to the
PQA setting. We choose a standard word pairwise attention mech-
anism [31] that are proved effective in many recent sentence pair
modeling works [9, 41, 42] . For fair comparison, we use the ex-
act same Bi-RNN architecture as in RIKER to encode the ques-
tion/answer sentences and compute attention from its outputs

4The average number of reviews sentences for each product in the datasets: Appliance-
342.88, Baby-720.87, Patio-319.96, Tools-297.92, Electronics-686.23.

5We adopt these three scores since annotators found it hard to label many review
sentences as definitely relevant or not, due to the subjectivity of PQA.

Table 4: Real user evaluation of Moqa and RIKER+QE3.
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[0;], - OZ] and [0f, ..., ofy,]. The final matching score is SPNN,

ei,j:F(o?)T-F(o;) 1<i<n1<j<m (12)
5 _ o explei ) of 0= exp(e;,j) 4 (13
oLl o) T A TR expler)
n m
v = > G(lof.of). v =) Glof.5)) (14)
i=1 Jj=1
PN = H([0?,0%]) (15)

Here, F, G and H are different feedforward networks and are all
instantiated with one hidden layer in our experiments. The same
objective function (Eq. 4 or 7 but using sPNN), regularization and
training procedure as RIKER is used to train this DNN model.

Using attention for question expansion We compare the learned
attention from this DNN model head-to-head with RIKER’s word

associations for question expansion. Specifically, we adapt the same

QE2 and QE3 strategy in Section 4 for the attention mechanism,
with the word similarity functions changed to:

T ™N(gi, w) = F(e'(w) T F(e/(gi)/(IF(e’ ()| [E(e’(g:))]) (16)
PN (gi, w) = F(e' (W) F(oT) /(IF(e/(w))] [F(oT)]) 17)

Here F is the trained feedforward net in Equation 12. We denote
these two baselines as ATTN+QE2 and ATTN+QE3.

6.2 Case Studies

We first show some qualitative results to help illustrate the inter-
pretability of RIKER’s word associations in comparison with that
of DNN. How to evaluate interpretability is still an open issue, but
intuitively in the PQA scenario, a method that comes up with more
relevant keywords and uses them to retrieve better answer sentences
is more interpretable than one with less relevant words and finds less
useful answers. Table 5 demonstrated using QE3 strategy to expand
several common questions in the largest Electronics dataset. In gen-
eral, RIKER’s expansion words appear to be better. For example, for
the last question about turning off the alarm, RIKER+QE3 suggests
words such as"alert", "disarm", "deactivate", while ATTN+QE3’s re-
sult seems less relevant. Due to space limit, we omit examples from
other datasets and the qualitative comparison between RIKER+QE2
and ATTN+QE2, but we observed the same phenomenon that RIKER
can associate more relevant words.

We next quantitatively compare the keyword representations
mined by RIKER and those by attention mechanisms in terms of how
much they help boost the tf-idf based search framework. This evalu-
ation method is also the same as the so-called functionally-grounded
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Question

ATTN+QE3

RIKER+QE3

"can i use this for
outdoors? thank..."

sensitive outside weather
aviation camping d100 cop
extensively sonar 60csx
eave coordinate 1980 bel-
tronics fahrenheit resonate

outside outdoor backyard
camping weather windy
unprotected rain indoor
rv camper atmosphere
weatherproof hiking

ra dingy enemy 9500ix rooftop wherever desert
"how large be | ceiling riser plywood | folding standing spaced

the base of the
light stand? i need
to know if these
stand can fit in a
smallish space."

sanus symmetrical perpen-
dicular shelf finesse firing
endure attached peerless
50-inch cushioning sleeker
stretchy 15inch sail

headboard collapse stool
heel pray centimeter small
raise hang 161 hanging
chair bookcase strong
ledge pedestal liking

"how do you turn
the alarm off ?"

switched hardwired good-
bye elevator reseat instan-
taneously tutorial unin-
terrupted shutdown shaft

alert disarm deactivate
beeping buzzer count-
down wunplug regulate
annoying beep inactive

disable checkbox snooze
timer shutoff inactivity

hitch shutoff swiping unin-
stalled direction quadrant

Table 5: Qualitative comparison of word expansion with
QE3. In general, the top few words expanded by RIKER+QE3
(e.g., "outside", "folding", "alert") is more relevant than those
using DNN attentions (e.g., "sensitive", "ceiling", "switched").
evaluation methodology suggested by [13] for interpretable machine
learning, which advocates using the performance improvement of
some interpretable model (i.e., the tf-idf based search in our setting)
as proxy to evaluate the explanation/interpretation quality. We pre-
fer this evaluation method to user studies (e.g., hiring humans to
score the expanded keywords such as those in Table 5) in that it is
more objective, much cheaper and easier to conduct. For example,
it is not easy for humans to compare the two columns in Table 5 at
large scale, especially when both contain some relevant keywords.

Table 6 summarizes the comparison between RIKER and ATTN
with both QE2 and QE3. We also list the performance of end2end
DNN at the bottom despite its known lack of interpretability. As
we can see, all methods outperform the RW baseline, indicating
that the learned pairwise attentions from DNN indeed associate
interpretable expansion words. Consistent with RIKER’s results,
ATTN+QE2 is less effective than ATTN+QE3. Importantly, both
ATTN+QE2 and ATTN+QE3 are inferior to their counterparts using
RIKER, showing that our methods can generate more interpretable
expansion words. The reason is that the attention within DNN is
trained only as intermediate weights used for aggregating latent
word representations (Eq. 13), while our training objective directly
optimize the score function sS*M, which is the sum of pairwise
word associations (Eq. 6). The end2end DNN model achieves the best
performance when the dataset size is large, but its interpretability is
worse than ATTN+QE2/QE3 as the last few steps (Eq. 14 and 15) are
non-linear and the low-dimensional dense feature vectors still need
further interpretation [14, 20]. Our framework can be viewed as a
model that constrains the question and review sentences to be matched
in the lexical space with sparse bag-of-word features, and is optimized
to strike a good balance between effectiveness and interpretability.

7 RELATED WORK

(Product) answer sentence selection. Product QA on large-scale
Amazon datasets is first studied in [30], which proposes a mixture-
of-experts framework to jointly model review-answer and review-
question relevance with latent vector representations. Wan et al.
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Appl. [ Baby [ Patio [ Tools [ Elec.

RW 79.653 | 89.043 | 84.792 | 86.436 | 87.082
RikER+QE2 81.427 | 91.367 | 89.681 | 90.175 | 89.537
ATTN+QE2 78.405 | 89.434 | 86.965 | 88.749 | 88.112
Riker+QE3 84.629 | 92.086 | 91.368 | 91.643 | 91.010
ATTN+QE3 80.682 | 90.070 | 87.729 | 89.428 | 88.587
DNN (end2end) [ 82.115 [ 90.318 [ 91.756 [ 94.158 [ 95.927

Table 6: Quantitative comparison of RIKER, end2end DNN
and using its ATTeNtion for QE on test set. For methods
using keyword-based search (except end2end DNN), higher
retrieval performance (AUC) corresponds to better inter-
pretability reflected by the tf-idf proxy [13].

[43] build upon the above framework to handle the situation where
questions can have multiple answers and reviews can be subjective
by including more features (e.g., reviewer expertise and biases).
Similar to [30], our framework currently models text information
only and optimizes one correct answer, but can be extended to the
scenario in [43] by averaging the scores of all correct answers and
incorporating non-text features in our objective functions. Yu et al.
[48] focus on "yes-no" questions only, and shows that learning la-
tent product aspects and aspect-specific embeddings can help make
binary predictions. Outside the product domain, answer sentence
selection (e.g., [41, 42]) has been a popular topic in general. Our
internal word re-weighting function and soft pairwise matching
module are related to attention mechanism (e.g., [50]) and pair-
wise semantic interactions (e.g., [31, 41]), which are two popular
techniques applied in general answer sentence selection models,
but differ from them in the sense that we use the explicit weights
(f" and <) to directly rank answers, while their techniques are
integrated in latent vector representations in a less interpretable
end2end fashion.

Query expansion. Query expansion aims to automatically ex-
pand a query with additional terms to get better search results, and
has been a longstanding topic [6, 23, 25, 38, 46]. Question expan-
sion strategies in our work (especially QE1) are most related to
recent word embedding based techniques such as [24]. Diaz et al.
[12] further show that fine-tuning word embeddings on domain
specific corpus can help get better performance, but it requires
re-training word embeddings for every query. Zamani et al. [49]
propose learning offline word embeddings based on "relevance"
instead of "proximity". In this work, we do not focus on developing
novel QE strategies, and instead apply existing or most intuitive
ones to employ the learned word weights and associations by RIKER
and test its effectiveness. It is interesting for future work to see
whether QE techniques learned from other data sources may be
combined with RIKER to achieve overall better performances.

Interpretable machine learning. Interpretable machine learning
receives a lot of attention recently in a broad range of fields [16—
18]. Some works focus on understanding general machine learning
algorithms including deep neural networks, e.g., through proxy
models [37], salient mapping [3], interpreting latent semantic rep-
resentations [5], or adversarial networks [10]. On the application
level, people have explored making systems more interpretable to
users including recommendation systems [2], visual QA [32], mul-
tiple choice answers [40] and so on. To the best of our knowledge,
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we make the first effort towards interpretable PQA and advocate
mining keyword, rather than vector, representations of a question
to boost the effectiveness of keyword-bases search.

8 CONCLUSION

This work proposes a new hybrid framework combining the advan-
tages of deep models and keyword-based search towards effective
yet interpretable PQA. We employ an easily interpretable tf-idf
based IR module to rank answers, but in order to address the lexical
gap problem, we propose RIKER to mine rich keyword represen-
tations for customer questions, consisting of re-weighted internal
words and associated external words. Experimental results show
that the mined keyword representations can help improve PQA
performance substantially over existing PQA methods, while at
the same time preserve good interpretability of the keyword-based
search paradigm.
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A IMPLEMENTATION DETAILS

Some extra implementation details of this work are clarified here.
For data pre-processing, we use SpaCy [19] to lemmatize and lower-
case words. The vocabulary (Table 1) is constructed by including
all words from the training set that either appear in the GloVe[33]
pre-trained vocabulary or appear more than 5 times, except for the
Electronics department, where for efficiency reasons we further
truncate the vocabulary size to 100K from more than 300K words
obtained by the above preprocessing method.

For the question expansion baselines PRF-TFIDF and PRF-RM
(Table 2), we grid search the pseudo-relevant sentence number N
from [10, 20, ..., 60] and top expansion word number K from [10,
20, ..., 80]. For all other QE baselines using Algorithm 1, we grid
search N from [40, 50, 60, 70] and & from [0.05, 0.10, 0.15, 0.20]. We
select the best combination for each dataset based on dev set. For
keeping the same level of interpretability, the expanded queries are
evaluated through the same #f-idf based IR across our experiments,
which is different from the language model based IR used in state-
of-the-art word embedding based QF works [12, 49].
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In the evaluation of the end2end DNN baseline (Table 6), because
of the high computational cost to encode all answer candidates
through Bi-RNN, we approximate its AUC performance by ran-
domly sampling 1000 negative answers for each question following
the method used in [30].

We use Tensorflow [1] to implement RIKER. For each training
epoch, we randomly sample 5 non-answers from the train/dev
answer pool for each QA pair. We tune the model hyper-parameters
based on the Baby domain dev set because of its moderate size for
efficiency concerns, and use them for all other domains. We use
the Adam optimizer with the learning rate set at 5e-4 and batch
size set at 64. We add L2 regularization with coefficient 1e-4. For
the keyword-based IR module, we employ an off-the-shelf inverted
index based IR tool [36] and use the standard BM25 function with
default parameters [34] to rank answers or review sentences. Source
code and data will be available at: https://github.com/jiez-osu/PQA.
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ABSTRACT

Unstructured clinical texts contain rich health-related information.
To better utilize the knowledge buried in clinical texts, discovering
synonyms for a medical query term has become an important task.
Recent automatic synonym discovery methods leveraging raw text
information have been developed. However, to preserve patient
privacy and security, it is usually quite difficult to get access to large-
scale raw clinical texts. In this paper, we study a new setting named
synonym discovery on privacy-aware clinical data (i.e., medical terms
extracted from the clinical texts and their aggregated co-occurrence
counts, without raw clinical texts). To solve the problem, we propose
a new framework SURFCON that leverages two important types
of information in the privacy-aware clinical data, i.e., the surface
form information, and the global context information for synonym
discovery. In particular, the surface form module enables us to detect
synonyms that look similar while the global context module plays
a complementary role to discover synonyms that are semantically
similar but in different surface forms, and both allow us to deal
with the OOV query issue (i.e., when the query is not found in the
given data). We conduct extensive experiments and case studies
on publicly available privacy-aware clinical data, and show that
SurrCoN can outperform strong baseline methods by large margins
under various settings.
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1 INTRODUCTION

Clinical texts in Electronic Medical Records (EMRs) are enriched
with valuable information including patient-centered narratives,
patient-clinician interactions and disease treatment outcomes, which
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Figure 1: Task illustration: We aim to discover synonyms for
agiven query term from privacy-aware clinical data by effec-
tively leveraging two important types of information: Sur-
face form and global contexts.

can be especially helpful for future decision making. To extract
knowledge from unstructured clinical texts, synonym discovery
[37] is an important task which can benefit many downstream
applications. For example, when a physician issues a query term
(e.g., "vitamin C") to find relevant clinical documents, automatically
discovering its synonyms (e.g., "c vitamin", "vit ¢", "ascorbic acid") or
even commonly misspelled variations (e.g. "viatmin ¢") can help to
expand the query and thereby enhance the retrieval performance.

For the sake of patient privacy and security, it is usually quite
difficult, if not impossible, for medical institutes to grant public
access to large-scale raw or even de-identified clinical texts [2].
Consequently, medical terms' and their aggregated co-occurrence
counts extracted from raw clinical texts are becoming a popular (al-
though not perfect) substitute for raw clinical texts for the research
community to study EMR data [2, 8, 33]. For example, Finlayson
et al. [8] released millions of medical terms extracted from the clin-
ical texts in Stanford Hospitals and Clinics as well as their global
co-occurrence counts, rather than releasing raw sentences/para-
graphs/documents from the clinical text corpus. In this work, we
refer to the given set of medical terms and their co-occurrence
statistics in a clinical text corpus as privacy-aware clinical data,
and investigate synonym discovery task on such data (Figure 1):
Given a set of terms extracted from clinical texts as well as their global
co-occurrence graph?, recommend a list of synonyms for a query term.

! A medical term is a single- or multi-word string (e.g., "Aspirin", "Acetylsalicylic Acid").
Zwhere each node is a medical term and each edge between two nodes is weighted by
the number of times that two terms co-occur in a given context window.



Developing effective approaches under this setting is particularly
meaningful, as they will suggest that one can utilize less sensitive
information (i.e., co-occurrence statistics rather than raw sentences
in clinical texts) to perform the task well.

A straightforward approach to obtain synonyms is to map the
query term to a knowledge base (KB) entity and retrieve its syn-
onyms or aliases stored in the KBs. However, it is widely known
that KBs are incomplete and outdated, and their coverage of syn-
onyms can be very limited [38]. In addition, the informal writing
of clinical texts often contain variants of surface forms, layman
terms, frequently misspelling words, and locally practiced abbre-
viations, which should be mined to enrich synonyms in KBs. Re-
cent works [30, 37, 42] have been focused on automatic synonym
discovery from massive text corpora such as Wikipedia articles
and PubMed paper abstracts. When predicting if two terms are
synonyms or not, such approaches usually leverage the original
sentences (a.k.a. local contexts) mentioning them, and hence do not
apply or work well under our privacy-aware data setting where
such sentences are unavailable.

Despite the lack of local contexts, we observe two important
types of information carried in the privacy-aware data - surface
form information and global context information (i.e., co-occurrence
statistics). In this work, we aim to effectively leverage these two
types of information for synonym discovery, as shown in Figure 1.

Some recent works [24, 25] model the similarity between terms
in the character-level. For example, Mueller and Thyagarajan [24]
learn the similarity between two sequences of characters, which
can be applied for discovering synonyms that look alike such as "vit
c" and "vitamin c¢". However, we observe two common phenomena
that such approaches cannot address well and would induce false
positive and false negative predictions respectively: (1) Some terms
are similar in surface form but do not have the same meaning (e.g.,
"hemostatic" and "homeostasis", where the former means a process
stopping bleeding while the latter refers to a constant internal
environment in the human body); (2) Some terms have the same
meaning but are different in surface form (e.g., "ascorbic acid" and
"vitamin c" are the same medicinal product but look different).

On the other hand, given a term co-occurrence graph, various
distributional embedding methods such as [18, 28, 34] have been
proposed to learn a distributional representation (a.k.a. embedding)
for each term based on its global contexts (i.e., terms connected to
it in the co-occurrence graph). The main idea behind such methods
is that two terms should have similar embedding vectors if they
share a lot of global contexts. However, we observe that the privacy-
aware clinical data tends to be very noisy due to the original data
processing procedure®, which presents new challenges for utilizing
global contexts to model semantic similarity between terms. For
example, Finlayson et al. [8] prune the edges between two terms
co-occurring less than 100 times, which can lead to missing edges
between two related terms in the co-occurrence graph. Ta et al.
[33] remove all concepts with singleton frequency counts below
10. Hence, the noisy nature of the co-occurrence graph makes it
less accurate to embed a term based on their original contexts.
Moreover, when performing the synonym discovery task, users

3This tends to be a common issue in many scenarios as raw data has to go through
various pre-processing steps for privacy concerns.

are very likely to issue a query term that does not appear in the
given co-occurrence data. We refer to such query terms as Out-
of-Vocabulary (OOV). Unlike In-Vocabulary* query terms, OOV
query terms do not have their global contexts readily available
in the given graph, which makes synonym discovery even more
challenging.

In this paper, to address the above challenges and effectively
utilize both the surface form and the global context information
in the privacy-aware clinical data, we propose a novel framework
named SURFCoN which consists of a bi-level surface form encoding
component and a context matching component, both based on neu-
ral models. The bi-level surface form encoding component exploits
both character- and word-level information to encode a medical
term into a vector. It enables us to compute a surface score of two
terms based on their encoding vectors. As mentioned earlier, such
surface score works well for detecting synonyms that look simi-
lar in surface form. However, it tends to miss synonymous terms
that do not look alike. Therefore, we propose the context matching
component to model the semantic similarity between terms, which
plays a complementary role in synonymy discovery.

Our context matching component first utilizes the bi-level sur-
face form encoding vector for a term to predict its potential global
contexts. Using predicted contexts rather than the raw contexts in
the given graph enables us to handle OOV query terms and also
turns out to be effective for InV query terms. Then we generate a
semantic vector for each term by aggregating the semantic features
from predicted contexts using two mechanisms - static and dynamic
representation mechanism. Specifically, given term a and term b,
the dynamic mechanism aims to learn to weigh the importance of
individual terms in a’s contexts based on their semantic matching
degree with b’s contexts, while the static mechanism assigns equal
weights to all terms in one’s contexts. The former takes better ad-
vantage of individual terms within the contexts and empirically
demonstrates superior performance.

Our contributions are summarized in three folds:

o We study the task of synonym discovery under a new setting, i.e.,
on privacy-aware clinical data, where only a set of medical terms
and their co-occurrence statistics are given, and local contexts
(e.g., sentences mentioning a term in a corpus) are not available. It
is a practical setting given the wide concern about patient privacy
for access to clinical texts and also presents unique challenges to
address for effective synonym discovery.

e We propose a novel and effective framework named SuRFCoN
that can discover synonyms for both In-Vocabulary (InV) and
Out-of-Vocabulary (OOV) query terms. SURFCON considers two
complementary types of information based on neural models -
surface form information and global context information of a
term, where the former works well for detecting synonyms that
are similar in surface form while the latter can help better find
synonyms that do not look alike but are semantically similar.

e We conduct extensive experiments on publicly available privacy-
aware clinical data and demonstrate the effectiveness of our
framework in comparison with various baselines and our own
model variants.

4Query terms that appear in the given co-occurrence graph are referred to as In-
Vocabulary (InV).



2 TASK SETTING

In this section, we clarify several terminologies used in this paper
as well as our problem definition:

Privacy-aware Clinical Data. Electronic medical records (EMRs)
typically contain patient medical information such as discharge
summary, treatment, and medical history. In EMRs, a significant
amount of clinical information remains under-tapped in the unstruc-
tured clinical texts. However, due to privacy concerns, access to raw
or even de-identified clinical texts in large quantities is quite limited.
Also, traditional de-identification methods, e.g., removing the 18
HIPAA identifiers [32], require significant manual efforts for the an-
notation [7]. Moreover, there also exists the risk that de-identified
data can be attacked and recovered by the re-identification in some
cases [9]. Thus, to facilitate research on EMRs, an increasingly pop-
ular substitute strategy for releasing raw clinical texts is to extract
medical terms and their aggregated co-occurrence counts from the
corpus [2, 8, 33]. We refer to such data as privacy-aware clinical
data in this paper. Converting raw sentences to co-occurrence data
protects privacy as original patient records are very unlikely to
be recovered. However, the local context information contained
in the raw sentences is also lost, which makes various tasks in-
cluding synonym discovery more challenging under privacy-aware
datasets.

Medical Term Co-occurrence Graph. A medical term-term co-
occurrence graph is defined as G=(V, E), where V is the set of
vertices, each representing a medical term extracted from clinical
texts. Each vertex has a surface form string (e.g., "vitamin c", "can-
cer") which is the spelling of the medical term. E is the set of edges,
each weighted by how many times two terms co-occur in a certain
context window (e.g., notes from patient records within 1 day).
Medical Term Synonym. Synonyms of a medical term refer to
other medical terms that can be used as its alternative names [30].
For example, "vit ¢", "c vitamin" and "ascorbic acid" refer to the
same medicinal product, while "Alzheimer’s disease" and "senile
dementia" represent the same disease. In our dataset, the extracted
medical terms are mapped to the Unified Medical Language System
(UMLS) [3] Concept Unique Identifier (CUI) by [8]. Different terms
mapping to the same UMLS CUI are treated as synonyms for model
training/development/testing.

Task Definition. We formally define our task of synonym dis-
covery on privacy-aware clinical data as: Given a medical term
co-occurrence graph G, for a query term q (which can be either In-
Vocabulary or Out-of-Vocabulary), recommend a list of medical terms
from G that are likely to be synonyms of q.

3 SURFCON FRAMEWORK

In this section, we introduce our proposed framework SurFCoN for
synonym discovery on privacy-aware clinical data.

3.1 Overview

We observe two important types of information carried in the
privacy-aware clinical data: surface form information of a med-
ical term and the global contexts from the given co-occurrence
graph. On the one hand, existing approaches [25] using character-
level features to detect synonyms could work well when synonyms
share a high string similarity, but tend to produce false positive
predictions (when two terms look similar but are not synonyms,
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Figure 2: Framework overview. For each query term, a list
of candidate terms will be ranked based on both the surface
and context scores.

e.g., "hemostatic" and "homeostasis") and false negative predictions
(when two terms are synonyms but look very different, e.g., "ascor-
bic acid" and "vitamin c"). On the other hand, the global contexts of
a term under the privacy-aware setting tend to be noisy partly due
to the original data pre-processing procedure, which also presents
challenges for using them to model the semantic similarity between
terms. Thus, a framework that is able to effectively leverage these
two types of information needs to be carefully designed.

Towards that end, we propose SURFCoN (Figure 2) and summarize
its high-level ideas as below:
(1) Given a query term (whether being InV or OOV), the bi-level
surface form encoding component and the context matching com-
ponent score a candidate term® respectively based on the surface
form information and global context information. The former en-
ables us to find synonyms that look similar to the query term by
considering both character- and word-level information, and the
latter complements it by capturing the semantic similarity between
terms to better address the false positive and false negative problem
mentioned earlier.
(2) Considering the original global contexts being noisy as well as
the existence of OOV query terms, instead of directly leveraging
the raw global contexts, the context matching component will first
utilize the surface form encoding vector of a term to predict its
potential global contexts®. We then investigate a novel dynamic
context matching mechanism (see Section 3.2.2 for details) to eval-
uate if two terms are synonyms based on their predicted contexts.
(3) The two components are combined by a weighted score func-
tion, in which parameters are jointly optimized with a widely used
ranking algorithm ListNet [5]. At testing time, given a query term,
candidate terms are ranked based on the optimized score function.

3.2 Methodology

Now we describe the two components of SURFCoN: Bi-level Surface
Form Encoding and Context Matching in details.

3.2.1 Bi-level Surface Form Encoding. The bi-level surface form
encoding of our framework aims to model the similarity between
two terms at the surface form level, as we observe that two terms
SEvery term in the given co-occurrence graph can be a candidate term.

®For terms in the co-occurrence graph, predicting contexts can be treated as denoising
its original global contexts (or edges)



tend to be synonymous if they are very similar in surface forms.
Such observation is intuitive but works surprisingly well in syn-
onym discovery task. Driven by this observation, we design the
bi-level surface form encoding component in a way that both of
character- and word-level information of terms are captured. Then,
a score function is defined to measure the surface form similarity
for a pair of terms based on their bi-level encoding vectors. The
bi-level encoders are able to encode surface form information of
both InV terms and OOV terms.

Specifically, as shown in Figure 2, given a query term q and
a candidate term ¢, we denote their character-level sequences as
xg = {xg,1, ...,xq,mq},xC = {x¢ 1, ... Xc,m, }> and their word-level
sequences as wg = {wg, 1, ..., Wq,ng, b we = {we 1, ..., We, n,. }, Where
mgq, g, M, N are the length of the character-level sequence and
word-level sequence of the query term and the candidate term
respectively. Then we build two encoders ENC¢# and ENC™? to
capture the surface form information at the character- and word-
level respectively:

s;h = ENCCh(xq,l, wees X mg ) s;"d = ENCWd(wq,l, cees W ng) .

sgh = ENCCh(xC,l, wees Xe,me )s s;“’d = ENCWd(wcgl, cees We,ne) @
where s(c]h, sgh € R are the character-level embeddings for the

query and candidate terms, and s(‘]"d, s;"d € R% are the word-level

embeddings for the query and candidate terms respectively.

Note that there has been a surge of effective encoders that model
sequential information from character-level or word-level, rang-
ing from simple look-up table (e.g., character n-gram [13] and
Skip-Gram [23]) to complicated neural network architectures (e.g.,
CNN [14], LSTM [1] and Transformer [35], etc.). For simplicity,
here, we adopt simple look-up tables for both character-level em-
beddings and word-level embeddings. Instead of randomly initial-
izing them, we borrow pre-trained character n-gram embeddings
from Hashimoto et al. [13] and word embeddings from Pennington
et al. [28]. Our experiments also demonstrate that these simple en-
coders can well encode surface form information of medical terms
for synonym discovery task. We leave evaluating more complicated
encoders as our future work.

After we obtain the embeddings at both levels, we concatenate
them and apply a nonlinear function to get the surface vector s for
the query and candidate term. Let us denote such encoding process
as a function h(-) with the input as term g or ¢ and the output as
the surface vector sq or sc:

sq = h(g) = tanh([s", s’ |W; + b),

2
se = h(c) = tanh([s¢", s¥ ¥ W + bs) @

where the surface vectors sq, sc € R and W, € Rldetdw)xds p ¢
R% are weight matrix and bias for a fully-connected layer.

Next, we define the surface score for a query term ¢ and a candi-
date term c to measure the surface form similarity based on their
encoding vectors sq and s.:

Surface Score (g, ¢) = fs(sq,Sc) (3)

3.2.2 Context Matching. In order to discover synonyms that are
not similar in surface form, and also observing that two terms tend
to be synonyms if their global contexts in the co-occurrence graph
are semantically very relevant, we design the context matching

component to capture the semantic similarity of two terms by
carefully leveraging their global contexts. We first illustrate the
intuition behind this component using a toy example:

ExampLE 1. [Toy Example for Illustration.] Assume we have
a query term "vitamin c" and a candidate term "ascorbic acid". The
former is connected with two terms "iron absorption" and "vitamin
b" in the co-occurrence graph as global contexts, while the latter has
"fatty acids" and "anemia" as global contexts.

Our context matching component essentially aims to use a term’s
contexts to represent its semantic meaning and a novel dynamic
context matching mechanism is developed to determine the impor-
tance of each individual term in one’s contexts. For example, "iron
absorption” is closely related to "anemia” since the disease "anemia"
is most likely to be caused by the iron deficiency. Based on the
observation, we aim to increase the relative importance of "iron
absorption” and "anemia” in their respective context sets when
representing the semantic meaning of "vitamin ¢" and "ascorbic
acid". Therefore, we develop a novel dynamic context matching
mechanism to be introduced shortly.

In order to recover global contexts for OOV terms and also
noticing the noisy nature of the co-occurrence graph mentioned
earlier, we propose an inductive context prediction module to predict
the global contexts for a term based on its surface form informa-
tion instead of relying on the raw global contexts in the given
co-occurrence graph.

Inductive Context Prediction Module. Let us first denote a gen-
eral medical term as ¢t. For a term-term co-occurrence graph, we
treat all InV terms as possible context terms and denote them as
{uj }]H:/l| where |V| is the total number of terms in the graph. The
inductive context prediction module aims to predict how likely
term u; appears in the context of ¢ (denoted as the conditional
probability p (u;]t)). To learn a good context predictor, we utilize

all existing terms in the graph as term ¢, i.e., t € {u,}l‘zl| and the
conditional probability becomes p (u;|u;).
Formally, the probability of observing term u; in the context of

term u; is denoted as: T
exp (v - su)
P (ujlui) = v -
Zk:l exp (Vuk . Sui)

4

where s, = h(u;) and h(-) is the same encoder function defined
in section 3.2.1. vy; € R% is the context embedding vector corre-
sponding to term u; and we let d, = ds. The predicted distribu-
tion p (uj|u;) is optimized to be close to the empirical distribution
P (ujlu;) defined as:

A WVV
P (wjlu;) = J

s ®)
2(i,k)eE Wik

where E is the set of edges in the co-occurrence graph and wij; is the
weight between term u; and term u;. We adopt the cross entropy
loss function for optimizing:

Ln=- Z Vﬁ(ujlui) log (p(ujlui)) (©)

When the number of terms in the graph |V| is very large, it
is computationally costly to calculate the conditional probability
p (ujlu;), and one can utilize the negative sampling algorithm [22]



to train our inductive context predictor efficiently. The loss function
Eqn. 6 can be modified as:
No
log O'(V,{j Su;) + Z Ey, ~P,wllog 0'(—1/3” - su;)] 7)
n=1
where o(x) = 1/(1 + exp(—x)) and uy, is the negative sample drawn

from the noise distribution P, (u) o d?/ * Ny is the number of
negative samples and d, is the degree of term u in the co-occurrence
graph.

Now, given a term ¢ (either InV or OOV), we can select the top-K

terms as its predicted contexts based on the predicted probability
distribution p (+|t). Next, we describe the dynamic context matching
mechanism to model the semantic similarity of two terms based on
their predicted contexts.
Dynamic Context Matching Mechanism. Inspired by previous
works on neighborhood aggregation based graph embedding meth-
ods [12, 36], which generate an embedding vector for an InV node
by aggregating features from its neighborhood (contexts), we in-
troduce two semantic vectors respectively for the query term and
the candidate term, vq, v, € R9%, and learn them by aggregating
the feature vectors of their corresponding top-K predicted contexts
from previous module.

Let us define v(i] € R as the feature vector of the i-th term in

query term ¢’s context while v/, € R as the feature vector of the
Jj-th term in candidate term ¢’s context, and their context sets as
D(q) = {v(il}f:l, d(c) = {vé}]K:1 Essentially, as we aim to capture
the semantic meaning of terms, the feature vectors v;’s and v!’s
are expected to contain semantic information. Also noticing that
all predicted context terms are InV terms (i.e., in the co-occurrence
graph), which allows us to adopt widely used graph embeddings,
such as LINE(2nd) [34] as their feature vectors.

One naive way to obtain the context semantic vectors, v4 and vs
is to average vectors in their respective context set. Since such vg
(or v¢) does not depend on the other one, we refer to such vectors
as "static” representations for terms.

1 1
1.1 Y Ue Mt
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Figure 3: Dynamic Context Matching Mechanism.

In contrast to the static approach, we propose the dynamic context
matching mechanism (as shown in Figure 3), which weighs each
term in the context of ¢ (or ¢) based on its matching degree with
terms in the context of ¢ (or ¢) and hence the context semantic vector
representation vg (or v.) is dynamically changing depending on
which terms it is comparing with. More specifically, let us define
g(x,y) = tanh(xWy,yT) as a nonlinear function parameterized with
weight matrix Wy, € RéeXde to measure the similarity between two
row vectors x and y. For each context vector v; of the query term,
we calculate its weight based on how it matches with ¢’s contexts
overall:

match [v}, ®(c)] = Pooling [g(v}, v}), ... g(vl, v5)]  (8)

For the pooling operation, we empirically choose the mean pooling
strategy as it performs better than alternatives such as max pooling
in our experiments. Then we normalize the weight of vy as:
match[vé,@(c)]

i e

q

©)

a, = %
Zlk(zl e match[vg, ®(c)]

Finally, the context semantic vector for the query term vy is
calculated through a weighted combination of ¢’s contexts:

K
vg = Za‘i] . v,il (10)
i=1

Following the same procedure, we can obtain the context seman-
tic vector v, for the candidate term w.r.t. the query term. Then we
define the context score for a query term g and a candidate term c
to measure their semantic similarity based on vg and v,:

Context Score (g, ¢) = fe(vg,vc) (11)

3.3 Model Optimization and Inference

Objective Function. Given a query term q and a candidate term
¢, to capture their similarity based on surface forms and global
contexts, we define the final score function as:

f(g.0) = (A =y)- fs(sq:se) +v - fe(vg,vc) (12)
fs(:) and fc(:) are similarity functions between two vectors, e.g.,
cosine similarity or bilinear similarity. Now we obtain the recom-
mendation probability of each candidate ¢; € {t1,....tN} given a
query g
ef(a.t)

_— 13
Zlk\f:l ef(qte) (13)

pltilg) =
where N is the size of the candidate set. Finally, we adopt the
ListNet [5] ranking framework which minimizes the cross entropy

loss for query term g: N

Ly == p*(tilg) logp(tilq) (14)
i=1

where p*(t;i|q) is the normalized ground-truth distribution of a list
of ranking scores as {ri}f\i 1 Where r; equals to 1 if g and ¢; are
synonyms and 0 otherwise.

Training. For efficiency concerns, we adopt a two-phase training
strategy: We first train the inductive context prediction module by
loss function L, (Eqn. 6) in the term-term co-occurrence graph,
and sample top-K contexts based on the predicted probability dis-
tribution and use them in the context matching component. Then,
we train the ranking framework by minimizing the ranking loss L,
(Eqn. 14).

Inference. At the inference stage, we treat all InV terms as candi-
dates for a given query. Since the dynamic representation mecha-
nism involves pairwise term matching between the contexts of the
query term and those of each candidate term and can have a high
computational cost when the candidate set size is large, we adopt a
two-step strategy: (1) For a given query term, select its top-N high
potential candidates based on the surface form encoding vector and
the context semantic vector obtained by the static representation
mechanism; (2) Re-rank the selected candidates by applying our
SUurRrCoN framework with the dynamic representation mechanism.



4 EXPERIMENTS

Now we evaluate our proposed framework SURFCON to show the
effectiveness of leveraging both surface form information and global
context information for synonym discovery.

4.1 Datasets

Medical Term Co-occurence Graph. We adopt publicly avail-
able sets of medical terms with their co-occurrence statistics which
are extracted by Finlayson et al. [8] from 20 million clinical notes
collected from Stanford Hospitals and Clinics[20] since 1995. Medi-
cal terms are extracted using an existing phrase mining tool [16] by
matching with 22 clinically relevant ontologies such as SNOMED-
CT and MedDRA. And co-occurrence frequencies are counted based
on how many times two terms co-occur in the same temporal bin
(i.e., a certain timeframe in patient’s records), e.g., 1, 7, 30, 90, 180,
365, and co-day bins.

Without loss of generality, we choose 1-day per-bin and co-day
per-bin’ graphs to evaluate different methods. We first convert the
global counts between nodes to the PPMI values [17] and adopt
subsampling [23] to filter very common terms, such as "medical his-
tory", "
they have very different connection density as shown in Table 1,
and denote them as 1-day and All-day datasets.

Synonym Label. In the released datasets, Finlayson et al. [8] pro-
vided a term-to-UMLS CUI mapping based on the same 22 ontolo-
gies as used when extracting terms. They reduced the ambiguity
of a term by suppressing its least likely meaning so as to provide
a high-quality mapping. We utilized such mapping to obtain the
synonym labels: Terms mapped to the same UMLS CUI are treated
as synonyms, e.g., terms like "c vitamin", "vit c¢", "
synonyms as they are all mapped to the concept "Ascorbic Acid"
with ID C0003968.

Query Terms. Given a medical term-term co-occurrence graph,
terms in the graph that can be mapped to UMLS CUIs are treated
as potential query terms, and we split all such terms into training,
development and testing sets. Here, since all terms appear in the
given co-occurrence graph, this testing set is referred to as the InV
testing set. We also create an OOV testing set: Under a UMLS
CUI, terms not in the co-occurrence graph are treated as OOV
query terms and are paired with their synonyms which are in
the graph to form positive pairs. We sample 2,000 of such OOV
query terms for experiments. In addition, since synonyms with
different surface forms tend to be more challenging to discover
(e.g., "vitamin c¢" vs. "ascorbic acid"), we also sample a subset named
Dissim under both InV and OOV testing set, where query terms
paired with their dissimilar synonyms® are selected. Statistics of
our training/dev/testing sets are given in Table 1.

medication dose", etc. We choose these two datasets because

ascorbic acid" are

4.2 Experimental Setup

4.2.1 Baseline methods. We compare SURFCoN with the following
10 methods. The baselines can be categorized by three types: (i)
Surface form based methods, which focus on capturing the sur-
face form information of terms. (ii) Global context based methods,
which try to learn embeddings of terms for synonym discovery; (iii)

"Per-bin means each unique co-occurring term-term pair is counted at most once
for each relevant bin of a patient. We refer readers to Finlayson et al. [8] for more
information.

8Dissimilarity is measured by Levenshtein edit distance [10] with a threshold (0.8).

Table 1: Statistics of our datasets.

1-day dataset All-day dataset
# Nodes 52,804 43,406
# Edges 16,197,319 50,134,332
Average # Degrees 613.5 2310.0
# Train Terms 9,451 7,021
# Dev Terms 960 726
All 960 726
# InV Test Terms Dissim 175 152
All 2,000 2,000
# OOV Test Terms Dissim 309 341

Hybrid methods, which combine surface form and global context
information. The others are our model variants.
Surface form based methods. (1) CharNgram [13]: We borrow
pre-trained character n-gram embeddings from Hashimoto et al.
[13] and take the average of unique n-gram embeddings for each
term as its feature, and then train a bilinear scoring function fol-
lowing previous works [30, 42]. (2) CHARAGRAM [40]: Similar as
above, but we further fine-tune CharNgram embeddings using syn-
onym supervision. (3) SRN [25]: A Siamese network structure is
adopted with a bi-directional LSTM to encode character sequence
of each term and cosine similarity is used as the scoring function.
Global context based methods. (4) Word2vec [23]: A popular dis-
tributional embedding method. We obtain word2vec embeddings
by doing SVD decomposition over the Shifted PPMI co-occurrence
matrix [18]. We treat the embeddings as features and use a bilin-
ear score function for synonym discovery. (5) LINE(2nd) [34]: A
widely-adopted graph embedding approach. Similarly, embeddings
are treated as features and a bilinear score function is trained to
detect synonyms. (6) DPE-NoP [30]: DPE is proposed for synonym
discovery on text corpus, and consists of a distributional module
and a pattern module, where the former utilizes global context in-
formation and the latter learns patterns from raw sentences. Since
raw texts are unavailable in our setting, we only deploy the distri-
butional module (a.k.a. DPE-NoP in Qu et al. [30]).
Hybrid methods. (7) Concept Space Model [37]: A medical syn-
onym extraction method that combines word embeddings and
heuristic rule-based string features. (8) Planetoid [41]: An induc-
tive graph embedding method that can generate embeddings for
both observed and unseen nodes. We use the bi-level surface form
encoding vectors as the input and take the intermediate hidden
layer as embeddings. Similarly, a bilinear score function is used for
synonym discovery.
Model variants. (9) SURFCoN (Surf-Only): A variant of our frame-
work which only uses the surface score for ranking. (10) SurRFCon
(Static): Our framework with static representation mechanism. By
comparing these variants, we verify the performance gain brought
by modeling global contexts using different matching mechanisms.
For baseline methods (1-3 and 8) and our models, we test them
under both InV and OOV settings. For the others (4-7), because
they rely on embeddings that are only available for InV terms, we
only test them under InV setting.
4.2.2 Candidate Selection and Performance Evaluation. For evalu-
ating baseline methods and our model, we experiment with two
strategies: (1) Random candidate selection. For each query term, we
randomly sample 100 non-synonyms as negative samples and mix



Table 2: Model evaluation in MAP with random candidate selection.

1-day Dataset All-day Dataset

Method Category Methods Dev InV Test OOV Test Dev InV Test OOV Test
All Dissim All Dissim All Dissim All Dissim
Surface form CharNgram [13] 0.8755 0.8473  0.4657 0.7427 0.4131 | 0.8652 0.8553 0.4615 0.7675 0.4424
based methods CHARAGRAM [40] | 0.8705 0.8507 0.5504 0.7609 0.5142 | 0.8915 0.8805 0.5153 0.8119  0.5282
SRN [25] 0.8886  0.8565 0.5102 0.7241 0.4341 | 0.8460 0.8170 0.4523 0.7110 0.4176

Global context Word2vec [23] 0.3838  0.3748  0.3188 - - 0.4801 0.476 0.4180 - -

based methods LINE(2nd) [34] 0.4279  0.4301  0.3494 - - 0.5068  0.5043  0.4369 - -

DPE-NoP [30] 0.6222  0.6107  0.4855 - - 0.5928  0.5949  0.4938 - -

Hybrid methods | Concept Space [37] | 0.8094 0.8109  0.4690 - - 0.8064 0.7924  0.5574 - -
(surface+context) Planetoid [41] 0.8813  0.8514  0.5612 0.731 0.4714 | 0.8818 0.8765 0.6963  0.7403  0.4986
Our model SurfCon (Surf-Only) | 0.9160 0.9053 0.6145 0.8228 0.5829 | 0.9034 0.8958 0.6006 0.8183  0.5622
and variants SurfCon (Static) 0.9242 09151 0.6542 0.8285 0.5933 | 0.9170 0.9019 0.6656  0.8203  0.5664
SurfCon 0.9348 0.9176 0.6821 0.8301 0.6009 | 0.9219 0.9199 0.7171 0.8232 0.5673

them with synonyms for testing. This strategy is widely adopted by
previous work on synonym discovery for testing efficiency [37, 42].
(2) Inference-stage candidate selection. As mentioned in section
3.3, at the inference stage, we first obtain high potential candidates
in a lightweight way. Specifically, after the context predictor is
pre-trained, for all terms in the given graph as well as the query
term, we generate their surface form vector s and context semantic
vector v obtained by the static representation. Then we find top 50
nearest neighbors of the query term respectively based on s and
v using cosine similarity. Finally, we apply our methods and base-
lines to re-rank the 100 high potential candidates. We refer to these
two strategies as random candidate selection and inference-stage
candidate selection.

For evaluation, we adopt a popular ranking metric Mean Aver-

age Precision defined as MAP = ﬁ Zlgll mLL Zj”;il Precision(R;;),
where R;; is the set of ranked terms from 1 to j, m; is the length of

i-th list, and |Q| is the number of queries.

4.2.3 Implementation details. Our framework is implemented in
Pytorch [27] with Adam optimizer [15]. The dimensions of charac-
ter embeddings (d.), word embeddings (dy), surface vectors (ds),
and sementic vectors (de) are set to be 100, 100, 128, 128. Early
stopping is used when the performance in the dev sets does not
increase continuously for 10 epochs. We directly optimize Eqn. 6
since the number of terms in our corpus is not very large, and
set fs(-) and fc(-) to be cosine similarity and bilinear similarity
function respectively, based on the model performance on the dev
sets. When needed, string similarities are calculated by using the
Distance package’. Pre-trained CharNgram [13] embeddings are
borrowed from the authors'®. For CHARAGRAM [40], we initial-
ize the n-gram embeddings by using pre-trained CharNgram and
fine-tune them on our dataset by the synonym supervision. We
learn LINE(2nd) embeddings [34] by using OpenNE!!. Heuristic
rule-based matching features of Concept Space model are imple-
mented according to [37]. Code, datasets, and more implementation
details are available online!?.

“https://github.com/doukremt/distance
Ohttps://github.com/hassyGo/charNgram2vec
Uhttps://github.com/thunlp/OpenNE
2https://github.com/yzabc007/SurfCon

4.3 Results and Analysis

4.3.1 Evaluation with Random Candidate Selection. We compare
all methods under random candidate selection strategy with the
results shown in Table 2.

(1) Comparing SurrCoN with surface form based methods.
Our model beats all surface form based methods, including strong
baselines such as SRN that use complicated sequence models to
capture character-level information. This is because: 1) Bi-level
encoder of SURFCoN could capture surface form information from
both character- and word-level, while baselines only consider either
of them; 2) SURFCoN captures global context information, which
could complement surface form information for synonym discovery.
In addition, in comparison with CharNgram and CHARAGRAM,
our model variant SURFCoN (Surf-Only), which also only uses sur-
face form information, obtains consistently better performance,
especially in the OOV Test set. The results demonstrate that adding
word-level surface form information is useful to discover synonyms.
(2) Comparing SURFCoN with global context based methods.
SurrCoN substantially outperforms all other global context based
methods (Word2vec, LINE(2nd) and DPE-NoP). This is largely due
to the usage of surface form information. In fact, as one can see,
global context based methods are generally inferior to surface form
based methods, partly due to the fact that a large part of synonyms
are similar in surface form, while only a small portion of them are
in very different surface form. Thus, detecting synonyms without
leveraging surface information can hardly lead to good results. Be-
sides, our context matching component conducts context prediction
and matching strategies, which takes better advantage of global
context information and thus lead to better performance on the
synonym discovery task.

(3) Comparing SurfCon with hybrid methods. We also com-
pare our model with baselines that combine both surface form
and global context information. First, SURFCON is superior to the
concept space model because the latter simply concatenates dis-
tributional embeddings with rule-based string features, e.g., the
number of shared words as features and apply a logistic regression
classifier for classification. Further, SURFCoN also performs better
than Planetoid, partly because our framework more explicitly lever-
ages both surface form and global context information to formulate



Table 3: Model evaluation at inference stage.

1-da All-da
Methods IV Test oyov Test InV Test og)v Test
CHARAGRAM [13] | 0.3921 0.4044 0.3941 0.3913
DPE-NoP [30] 0.2396 - 0.2408 -
Planetoid [41] 0.4563 0.4268 0.3765 0.3812
SURFCON 05525 05068 04686  0.4661
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Figure 4: Performance w.r.t. (a) the coefficient of context
score y and (b) the number of context terms K.

synonym scores, while Planetoid relies on one embedding vector
for each term which only uses surface form information as input.

(4) Comparing SURFCoN with its variants. To better understand
why SURFCoN works well, we compare it with several variants. Un-
der both datasets, SURFCoN (Surf-Only) already outperforms all
baselines demonstrating the effectiveness of our bi-level surface
form encoding component. With the context matching component
in SURFCON (Static), the performance is further improved, espe-
cially under InV Test Dissim setting where synonyms tend to have
different surface forms and we observe around 4% performance
gain. Further, by using dynamic representation in context matching
mechanism, SURFCoN obtains better results, which demonstrates
that the dynamic representation is more effective to utilize context
information compared with the static strategy.

4.3.2  Evaluation at Inference Stage. To further evaluate the power
of our model in real practice, we test its performance at the inference
stage as mentioned in section 3.3. Due to space constraint, we only
show the comparison in Table 3 between SURFCON and several
strong baselines revealed by Table 2. In general, the performance
of all methods decreases at the inference stage compared with the
random candidate selection setting, because the constructed list of
candidates becomes harder to rank since surface form and context
information are already used for the construction. For example, a
lot of non-synonyms with similar surface form are often included
in the candidate list. Even though the task becomes harder, we
still observe our model outperforms the strong baselines by a large
margin (e.g., around 8% at least) under all settings.

4.3.3  Parameter Sensitivity. Here we investigate the effect of two
important hyper-parameters: The coefficient y which balances the
surface score and the context score, and the number of predicted
contexts K used for context matching. As shown in Figure 4(a), the
performance of SURFCoN first is improved as y increases, which
is expected because as more semantic information is incorporated,
SurrCoN could detect more synonyms that are semantically similar.
When we continue to increase y, the performance begins to decrease
and the reason is that surface form is also an important source of
information that needs to be considered. SURFCoN achieves the

best performance roughly at y = 0.3 indicating surface form infor-
mation is relatively more helpful for the task than global context
information. This also aligns well with our observation that syn-
onyms more often than not have similar surface forms. Next, we
show the impact of K in Figure 4(b). In general, when K is small
(e.g., K = 10), the performance is not as good since little global
context information is considered. Once K increases to be large
enough (e.g., > 50), the performance is not sensitive to the varia-
tion under most settings showing that we can choose smaller K for
computation efficiency but still with good performance.

Table 4: Case studies on the 1-day dataset. Bold terms are
synonyms in our labeled set while underlined terms are not
but quite similar to the query term in semantics.

Query Term "unable to vocalize" "marijuana”
(InV) (O0V)
"does not vocalize" "marijuana abuse"
SurrCoON "aphonia" "cannabis”
Top Ranked "loss of voice" "cannabis use"
Candidates "vocalization" "marijuana smoking"
"unable to phonate” "narcotic"
Labeled "cannabis”
Synonym "unable to phonate" "marijuana abuse"
Set "marihuana abuse”

4.4 Case Studies

We further conduct case studies to show the effectiveness of Sur-
FCoN. Two query terms "unable to vocalize" and "marijuana” are
chosen respectively from the InV and OOV test set where the for-
mer is defined as the inability to produce voiced sound and the latter
is a psychoactive drug used for medical or recreational purposes. As
shown in Table 4, for the InV query "unable to vocalize", our model
can successfully detect its synonyms such as "unable to phonate”,
which already exists in the labeled synonym set collected based on
term-to-UMLS CUI mapping as we discussed in Section 2. More
impressively, our framework also discovers some highly semanti-
cally similar terms such as "does not vocalize" and "aphonia", even
if some of them are quite different in surface form from the query
term. For the OOV query "marijuana”, SURFCoN ranks its synonym
"marijuana abuse" and "cannabis" at a higher place. Note that the
other top-ranked terms are also very relevant to "marijuana”.

5 RELATED WORK

Character Sequence Encoding. To capture the character-level
information of terms, neural network models such as Recurrent
Neural Networks and Convolutional Neural Networks can be ap-
plied on character sequences [1, 14]. Further, CHARAGRAM [40],
FastText [4], and CharNGram [13] are proposed to represent terms
and their morphological variants by capturing the shared subwords
and n-grams information. However, modeling character-level se-
quence information only is less capable of discovering semantically
similar synonyms, and our framework considers global context
information to discover those synonyms.

Word and Graph/Network Embedding. Word embedding meth-
ods such as word2vec [23] and Glove [28] have been proposed and
successfully applied to mining relations of medical phrases [26, 37].
More recently, there has been a surge of graph embedding meth-
ods that seek to encode structural graph information into low-
dimensional dense vectors, such as Deepwalk [29], LINE [34]. Most
of the embedding methods can only learn embedding vectors for



words in the corpus or nodes in the graph, and thus fail to address
the OOV issue. On the other hand, some more recent inductive
graph embedding works, such as Planetoid [41], GraphSAGE [12],
and SEANO [19], could generate embeddings for nodes that are
unobserved in the training phase by utilizing their node features
(e.g., text attributes). However, most of them assume the neighbor-
hood of those unseen nodes is known, which is not the case for our
OOV issue as the real contexts of an OOV term are unknown. Since
Planetoid [41] can generate node embeddings based on node fea-
tures such as character sequence encoding vectors, it can handle
the OOV issue and is chosen as a baseline model.

Synonym Discovery. A variety of methods have been proposed
to detect synonyms of medical terms, ranging from utilizing lexical
patterns [39] and clustering [21] to the distributional semantics
models [11]. There are some more recent works on automatic syn-
onym discovery [30, 31, 37, 42]. For example, Wang et al. [37] try to
learn better embeddings for terms in medical corpora by incorporat-
ing their semantic types and then build a linear classifier to decide
whether a pair of medical terms is synonyms or not. Qu et al. [30]
combine distributional and pattern based methods for automatic
synonym discovery. However, many aforementioned models focus
on finding synonyms based on raw texts information, which is not
suitable for our privacy-aware clinical data. In addition, nearly all
methods could only find synonyms for terms that appear in the
training corpus and, thus cannot address the OOV query terms.

6 CONCLUSION

In this paper, we study synonym discovery on privacy-aware clin-
ical data, which is a new yet practical setting and consumes less
sensitive information to discover synonyms. We propose a novel
and effective framework named SURFCoN that considers both the
surface form information and the global context information, can
handle both InV and OOV query terms, and substantially outper-
forms various baselines on real-world datasets. As future work, we
will extend SURFCON to infer more semantic relationships (besides
synonymity) between terms and test it on more real-life datasets.
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Abstract

This paper investigates a new task named
Conversational Question Generation (CQG)
which is to generate a question based on a pas-
sage and a conversation history (i.e., previous
turns of question-answer pairs). CQG is a cru-
cial task for developing intelligent agents that
can drive question-answering style conversa-
tions or test user understanding of a given pas-
sage. Towards that end, we propose a new ap-
proach named Reinforced Dynamic Reason-
ing (ReDR) network, which is based on the
general encoder-decoder framework but incor-
porates a reasoning procedure in a dynamic
manner to better understand what has been
asked and what to ask next about the pas-
sage. To encourage producing meaningful
questions, we leverage a popular question an-
swering (QA) model to provide feedback and
fine-tune the question generator using a rein-
forcement learning mechanism. Empirical re-
sults on the recently released CoQA dataset
demonstrate the effectiveness of our method in
comparison with various baselines and model
variants. Moreover, to show the applicability
of our method, we also apply it to create multi-
turn question-answering conversations for pas-
sages in SQuAD.

1 Introduction

In this work, we study a novel task of conversa-
tional question generation (CQG) which is given
a passage and a conversation history (i.e., previ-
ous turns of question-answer pairs), to generate
the next question.

CQG is an important task in its own right
for measuring the ability of machines to lead
a question-answering style conversation. It can
serve as an essential component of intelligent so-
cial bots or tutoring systems, asking meaningful

*Work done while visiting the Ohio State University.

Shelly is in second grade. She is a new student at her
school. Shelly's family has lived in many different places.
Shelly was born in Florida. Her family moved to
Tennessee when she was two years old. When she was
four years old, they moved to Texas. They moved from
there to Arizona, where they now live.

Q1: What grade is Shelly in ?
Al: second
R1: Shelly is in second grade.

Q2: Was she a new student ?
A2: Yes
R2: She is a new student at her school.

Q3: Where did she move at 2 years old ?

A2: Tennessee

R3: Her family moved to Tennessee when she was two
years old.

Figure 1: An example from the CoQA dataset. Each
turn contains a question (Q) and an answer (A). The
dataset also provides a rationale (R) (i.e., a text span
from the passage) to support each answer.

and coherent questions to engage users or test stu-
dent understanding about a certain topic. On the
other hand, as shown in Figure 1, large-scale high-
quality conversational question answering (CQA)
datasets such as CoQA (Reddy et al., 2018) and
QuAC (Choi et al., 2018) can help train models to
answer sequential questions. However, manually
creating such datasets is quite costly, e.g., CoQA
spent 3.6 USD per passage on crowdsourcing for
conversation collection, and automatic CQG can
potentially help reduce the cost, especially when
there are a large set of passages available.

In recent years, automatic question generation
(QG), which aims to generate natural questions
based on a certain type of data sources including
structured knowledge bases (Serban et al., 2016b;
Guo et al., 2018) and unstructured texts (Rus et al.,



2010; Heilman and Smith, 2010; Du et al., 2017;
Du and Cardie, 2018), has been widely studied.
However, previous works mainly focus on gener-
ating standalone and independent questions based
on a given passage. To the best of our knowledge,
we are the first to explore CQG, i.e., generating the
next question based on a passage and a conversa-
tion history.

Comparing with previous QG tasks, CQG needs
to take into account not only the given passage,
but also the conversation history, and is potentially
more challenging as it requires a deep understand-
ing of what has been asked so far and what infor-
mation should be asked for the next round, in order
to make a coherent conversation.

In this paper, we present a novel framework
named Reinforced Dynamic Reasoning (ReDR)
network. Inspired by the recent success of reading
comprehension models (Xiong et al., 2017; Seo
et al., 2017), ReDR adapts their reasoning proce-
dure (which encodes the knowledge of the passage
and the conversation history based on a coatten-
tion mechanism) and moreover dynamically up-
dates the encoding representation based on a soft
decision maker to generate a coherent question. In
addition, to encourage ReDR to generate mean-
ingful and interesting questions, ideally, one may
employ humans to provide feedback, but as widely
acknowledged, involving humans in the loop for
training models can be very costly. Therefore,
in this paper, we leverage a popular and effec-
tive reading comprehension (or QA) model (Chen
et al., 2017) to predict the answer to a generated
question and use its answer quality (which can be
seen as a proxy for real human feedback) as re-
wards to fine-tune our model based on a reinforce-
ment learning mechanism (Williams, 1992).

Our contributions are summarized as follows:

e We introduce a new task of Conversational
Question Generation (CQG), which is cru-
cial for developing intelligent agents to drive
question-answering style conversations and
can potentially provide valuable datasets for
future relevant research.

e We propose a new and effective framework
for CQG, which is equipped with a dynamic
reasoning component to generate a conversa-
tional question and is further fine-tuned via a
reinforcement learning mechanism.

o We show the effectiveness of our method us-

ing the recent CoQA dataset. Moreover, we
show its wide applicability by using it to cre-
ate multi-turn QA conversations for passages
in SQuAD (Rajpurkar et al., 2016).

2 Task Definition

Formally, we define the task of Conversational
Question Generation (CQG) as: Given a pas-
sage X and the previous turns of question-
answer pairs {(q1,a1), (¢2,a2), -, (qk—1,ak-1)}
about X, CQG aims to generate the next question
qy that is related to the given passage and coherent
with the previous questions and answers, i.e.,

qx = argmaxP(qHX, Q<k7a<k) (1
dk

where P(qx|X, g<k,a<y) is a conditional proba-
bility of generating the question gy.

3 Methodology

We show our proposed framework named Rein-
forced Dynamic Reasoning (ReDR) network in
Figure 2. Since a full passage is usually too long
and makes it hard to focus on the most relevant
information for generating the next question, our
method first selects a text span from the passage
as the rationale at each conversation turn, and then
dynamically models the reasoning procedure for
encoding the conversation history and the selected
rationale, before finally decoding the next ques-
tion.

3.1 Rationale Selection

We simply set each sentence in the passage as the
corresponding rationale for each turn of the con-
versation. When experimenting with CoQA, we
use the rationale span provided in the dataset. Be-
sides for simplicity and efficiency, another reason
that we adopt this rule-based method is that pre-
vious research demonstrated that the transition of
the dialog attention is smooth (Reddy et al., 2018;
Choi et al., 2018), meaning that earlier questions
in a conversation are usually answerable by the
preceding part of the passage while later questions
tend to focus on the ending part of the passage.
The selected rationale is then leveraged by subse-
quent modules for question generation.

3.2 Encoding & Reasoning

At each turn k£, we denote the conversation his-
tory as a sequence of m tokens, i.e., ¢ =
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Figure 2: Overview of our Reinforced Dynamic Reasoning (ReDR) network. The reasoning mechanism iteratively
reads the conversation history and at each iteration, its output is dynamically combined with the previous encoding
representation through a soft decision maker (pg) as the new encoding representation, which is fed into the next
iteration. The model is finally fine-tuned by the reward defined by the quality of the answer predicted from a QA

model.

{e1,¢2, ..., ¢m }, which concatenates the previous
questions and answers <qi, a1, ..., qk—1, Gk—1>>,
and represent the rationale as a sequence of n to-
kens, i.e., r = {ri,ro,....,7n}. As mentioned
earlier, different from previous question genera-
tion tasks, we have two knowledge sources (i.e.,
the conversation history and the rationale) as the
inputs. A good encoding of them is crucial for
task performance and might involve a reasoning
procedure across previous question-answer pairs
and the selected rationale for determining the next
question. We feed them respectively into a bi-
directional LSTM and obtain their contextual rep-
resentations C € R¥™ and R € R¥*™. Inspired
by the coattention reasoning mechanism in previ-
ous reading comprehension works (Xiong et al.,
2017; Seo et al., 2017; Pan et al., 2017), we com-
pute an alignment matrix of C and R to link and
fuse the information flow: S = RTC € R™™,
We normalize this alignment matrix column-wise
(i.e., softmax(S)) to obtain the relevance degree of
each token in the conversation history to the whole
rationale. The new representation of the conversa-
tion history w.r.t. the rationale is obtained via:

H = R - softmax(S) € R&>™ )

Similarly, we compute the attention over the
conversation history for each word in the ratio-
nale via softmax(S') and obtain the context-
dependent representation of the rationale by
C - softmax(ST). In addition, as in (Xiong

et al., 2017), we also consider the above new
representation of the conversation history and
map it to the space of rationale encodings via
H -softmax(ST), and finally obtain the co-
dependent representation of the rationale and the
conversation history:

G = [C;H] - softmax(S") € R?¥"  (3)

where [;] means concatenation across row dimen-
sion. To deeply capture the interaction between
the rationale and the conversation history, we feed
the co-dependent representation G combined with
the rationale R into an integration model instanti-
ated by a bi-directional LSTM:

u) = BiLSTM(u)_,,u?, |, [G;;Ri]) € RY (4)

We define the reasoning process in our paper
as Eqn. (2-4), and now obtain a matrix Ul =
[u, 1Y, ..., ul] as the encoding representation af-
ter one-layer reasoning procedure, which can be

fed into the decoder subsequently.

3.3 Dynamic Reasoning

Oftentimes the conversation history is very infor-
mative and complicated, and one single layer of
reasoning may be insufficient to comprehend the
subtle relationship among the rationale, the con-
versation history, and the to-be-generated ques-
tion. Therefore, we propose a dynamic reasoning
procedure to iteratively update the encoding repre-
sentation. We regard U as a new representation



of the rationale and input it to the next layer of
reasoning together with C:

ﬁl = Freason(Uov C) (5)

where Fieqson 18 the reasoning procedure (Eqn. 2-
4), and Ul is the hidden states of the BiLSTM in-
tegration model at the next reasoning layer. To ef-
fectively learn what information in U and U is
relevant to keep, we use a soft decision maker to
determine their weights:

Ul =p; 0 U + (e; — pg) ® U

Pd = J(WIUO—l—WgG—i-w:R—i-b) ©
where e; is an all-ones vector, and w,,, wg, w;., b
are trainable parameters. pg € R" is the decision
maker, used as a soft switch to choose between dif-
ferent levels of reasoning. U is the representation
to be used for the next layer of reasoning. This it-
erative procedure halts when a maximum number
of reasoning layers N is reached (N > 1). The
final representation U” is fed into the decoder.

3.4 Decoding

The decoder generates a word by sampling from
the probability Pyen(y¢|y<¢,c,r) which can be
computed via:

Pgen(yt|y<ta c, T) = MLP(0t7 Vt) (7)
o, = LSTM(0;—1, Emb(y;—1), vi—1)
where MLP stands for a standard multilayer per-
ceptron network, y; is the ¢-th word in the gen-
erated question, oy is the hidden state of the de-
coder at time step ¢, and Emb(-) indicates the
word embedding. v, is an attentive read of the en-
coding representation: v; = >, ay;ul, where
the weight a;; € (0,1) is scored by another

MLP (o, ulY) network.

Observing that a question may share common
words with the rationale that it is based on and in-
spired by the widely adopted copy mechanism (Gu
et al., 2016; See et al., 2017), we also apply a
pointer network for the generator to copy words
from the rationale. Now the probability of gener-
ating target word y; becomes:

P(yly<t,c,r) = APyen(yr) + (1 — X) Py (y1)
3
where Pyey, (Yi)=Pgen (Yt|y<t, ¢, ) is defined ear-
lier, Ppt(y) = Zm,i:yt ay; is the probability of

copying word y; from 7 (only if r contains ),
and A is the weight to balance the two:

A= a(vavt + wOTot + W;Emb(yt,l) +by)
©)

where w;r s W;r, WJ and by, are to be learnt. To
optimize all paraméters in ReDR, we adopt the
maximum likelihood estimation (MLE) approach,
i.e., maximizing the summed log likelihood of

words in a target question.

3.5 Reinforcement Learning for Fine-tuning

As shown by recent datasets like CoQA and
QuAC, human-created questions tend to be mean-
ingful and interesting. For example, in Figure 1,
given the second rationale R2 “She is a new
student at her school”, humans tend not to ask
“Where is she?”, and similarly given R3, they usu-
ally do not create the question “What happened?”.
Although both are legitimate questions, they tend
to be less interesting and meaningful compared
with the human-created ones shown in Figure 1.
The interestingness or meaningfulness of a ques-
tion is subjective and hard to define, automatically
measuring which is a difficult problem itself. Ide-
ally, one can involve humans in the loop to judge
the generated question and provide feedback, but
it can be very costly, if not impossible.

Driven by such observations, we use the RE-
INFORCE (Williams, 1992) algorithm and adopt
one of the state-of-the-art reading comprehension
models DrQA (Chen et al., 2017) as a substitute
for humans to provide feedback to the question
generator. DrQA answers a question based on the
given passage and has achieved a competitive per-
formance on CoQA (Reddy et al., 2018). Dur-
ing training, we apply DrQA to answer a gener-
ated question, and compare its answer with the
human-provided answer (which is associated with
the same rationale for generating the question)!.
If the answers match well with each other, we re-
gard our generator produces a meaningful ques-
tion since it asks about the same thing as humans
do, and will assign high rewards to such questions.

Formally, we minimize the negative expected
reward for a generated question:

JRL = ~Equn(glre) [R(a; a”)]

where 7(q|r, ¢) =[], P(yt|y<t,c, ) is the action
policy defined in Eqn. (8) for producing question

(10)

"'We use the CoQA dataset for training and such informa-
tion is available as shown in Figure 1.



QA  Turns per

Dataset Passages Pairs  Passage
Training 7199 10.8k 15.0
Dev 500 8.0k 15.9

Table 1: Statistics of the CoQA dataset.

q given rationale r and conversation history ¢, and
R(a, a*) is the reward function defined by the F1
score’ between the DrQA predicted answer a and
the human-provided answer a*. For computational
efficiency concerns, during training, we make sure
that the ground-truth question is in the sampling
pool and use beam search to generate 5 more ques-
tions.

Note that besides providing rewards for fine-
tuning our generator, DrQA model also serves an-
other purpose: When applying our framework to
any passage, we can use DrQA to produce an an-
swer to the currently generated question so that
the conversation history can be updated for the
next-turn of question generation. In addition, our
framework is not limited to DrQA and other more
advanced QA models can apply as well.

4 Experiments

4.1 Dataset

We use the CoQA dataset? (Reddy et al., 2018) to
experiment with our ReDR and baseline methods.
CoQA contains text passages from diverse do-
mains, conversational questions and answers de-
veloped for each passage, as well as rationales
(i.e., text spans extracted from given passages) to
support answers. The dataset consists of 108k
questions in the training set and 8k questions in the
development (dev) set with a large hidden test set
for competition purpose, and our results are shown
on the dev set.

4.2 Baselines

As discussed earlier, CQG has been under-
investigated so far, and there are few existing base-
lines for our comparison. Because of their high
relevance with our task as well as their superior
performance demonstrated by previous works, we
choose to compare with the following models:

2F1 score is the common evaluation metric for QA and is
defined as the harmonic mean of precision and recall.
3https://stanfordnlp.github.io/coqa/

Seq2Seq  (Sutskever et al., 2014) is a basic
encoder-decoder sequence learning system, which
has been widely used for machine translation (Lu-
ong et al., 2015) and dialogue generation (Wen
et al., 2017). We concatenate the rationale and the
conversation history as the input sequence in our
setting.

NQG (Du et al., 2017) is a strong attention-
based neural network approach for question gen-
eration task. The input is the same as the above
Seq2Seq model.

4.3 Implementation Details

Our word embeddings are initialized by
glove.840B.300d (Pennington et al.,
2014). We set the LSTM hidden unit size to 500
and set the number of layers of LSTMs to 2 in
both the encoder and the decoder. Optimization
is performed using stochastic gradient descent
(SGD), with an initial learning rate of 1.0. The
learning rate starts decaying at the step 15000
with a decay rate of 0.95 for every 5000 steps.
The mini-batch size for the update is set at 64. We
set the dropout (Srivastava et al., 2014) ratio as
0.3 and the beam size as 5. The maximum number
of iterations for the dynamic reasoning is set to be
3. Since the CoQA contains abstractive answers,
we apply DrQA as our question answering model
and follow Yatskar (2018) to separately train a
binary classifier to produce “yes” or “no” for
yes/no questions*. Code is available at https:
//github.com/ZJULearning/ReDR.

4.4 Automatic Evaluation

Metrics We follow previous question gener-
ation work (Xu et al., 2017; Du et al., 2017) to
use BLEU? (Papineni et al., 2002) and ROUGE-L
(Lin, 2004) to measure the relevance between the
generated question and the ground-truth one. To
evaluate the diversity of the generated questions,
we follow (Li et al., 2016a) to calculate Dist-n
(n=1,2), which is the proportion of unique n-grams
over the total number of n-grams in the generated
questions for all passages, and (Zhang et al., 2018)
to use the Ent-n (n=4) metric, which reflects how
evenly the n-gram distribution is over all generated
questions. For all the metrics, the larger they are,

*Our modified DrQA model achieves 68.8 F1 scores on
the CoQA dev set.

SWe adopt the 4th smoothing technique as proposed in
(Chen and Cherry, 2014) for short text generation.



Models Relevance Diversity

BLEU RG-L | Dist-1 Dist-2 Ent-4
Vanilla Seq2Seq Model 7.64  26.68 | 0.010 0.034  3.370
NQG (Du et al., 2017) 13.97 31.75 | 0.017 0.068  6.518
With 1 Layer Reasoning, no RL 16.13 3224 | 0.053 0.171 7.862
With 2 Layer Reasoning, no RL 17.85 33.06 | 0.062 0.216 8.285
With 3 Layer Reasoning, no RL 17.42  32.88 | 0.061 0.205 8.247
With Dynamic Reasoning, no RL 19.10 33.57 | 0.064 0.220 8.304
Reinforced Dynamic Reasoning (ReDR) 19.69 34.05 | 0.069 0.225 8.367

Table 2: Quantitative evaluation for conversational question generation using CoQA dataset.

the more relevant or diverse the generated ques-
tions are.

NQG ReDR Human

Naturalness 1.94 1.92 2.14
Results and Analysis  Table 2 shows the per- Relevance 1.16 2.02 2.82
formance of various models on the CoQA dataset. Coherence 1.12 1.94 2.94
As we can see, our model ReDR and its variants Richness 1.16 2.30 2.54
perform much better than the baselines, which in- Answerability ~ 1.18 1.86 2.96

dicates that the reasoning procedure can signifi-
cantly boost the quality of the encoding represen-
tations and thus improve the question generation
performance.

To investigate the effect of the reasoning proce-
dure and fine-tuning in our model design, we also
conduct an ablation study: (1) We first test our
model with only one layer of reasoning, i.e., di-
rectly feeding the encoding representation U into
the decoder. The results drop a lot on all the met-
rics, which indicates that there is abundant seman-
tic information in the input text so the multi-layer
reasoning is necessary. (2) We then augment our
model with two or three layers of reasoning but
without the decision maker py. In other words,
we directly use the hidden states of the integra-
tion LSTM as the input to the next reasoning layer
(formally, U7 = U7). We can see that the per-
formance of our model increases with a two-layer
reasoning while decreases with a three-layer rea-
soning. We conjecture that the two-layer reason-
ing network is saturated for most of the input text
sequences, thus directly adding a layer of network
for all the input text seems not optimal. (3) When
we add the decision maker to dynamically com-
pute the encoding representations, the results are
greatly improved, which demonstrates that using
a dynamic procedure can distribute proper weight
of each layer to the input sequences in different
lengths and amount of information. (4) Finally, we
fine-tune the model with the reinforcement learn-
ing framework, and the results show that using the

Table 3: Human evaluation results on CoQA. “Human”
in the table means the original human-created questions
in CoQA.

answer quality as the reward is helpful for gener-
ating better questions.

4.5 Human Evaluation

We conduct human evaluation to measure the
quality of generated questions. We randomly sam-
pled 50 questions along with their conversation
history and the passage, and consider 5 aspects:
Naturalness, which indicates the grammaticality
and fluency; Relevance, which indicates the con-
nection with the topic of the passage; Coherence,
which measures whether the generated question is
coherent with the conversation history; Richness,
which measures the amount of information con-
tained in the question. Answerability, which indi-
cates whether the question is answerable based on
the passage. For each sample, 5 people © are asked
to rank three questions (the ReDR question, the
NQG question and the human-created question)
by assigning each a score from {1,2,3} (the higher,
the better). For each aspect, we show the average
score across the five annotators on all samples.
Table 3 shows the results of human evaluation.
We can see that our method almost outperforms
NQG in all aspects. For Naturalness, the three

® All annotators are native English speakers.



Category NQG ReDR Human

Question Type
“what” Question 0.45 0.42 0.35
“which” Question  0.01 0.01 0.02
“when” Question  0.07 0.05 0.04
“where” Question  0.08 0.06 0.07
“who” Question 0.06 0.22 0.15
“why”” Question 0.15 0.03 0.03
yes/no Question 0.08 0.07 0.21
Linguistic Feature
Question Length 4.05 5.34 6.48
Explicit Coref. 0.51 0.53 0.47
Implicit Coref. 0.32 0.19 0.19

Table 4: Linguistic statistics for the generated ques-
tions and the human annotated questions in CoQA.

methods obtain the similar scores, which is proba-
bly because that the most generated questions are
short and fluent, makes them have no significant
difference on this aspect. We also observe that on
the Relevance, Coherence and Answerability as-
pects, there is an obvious gap between the genera-
tive models and human annotation. This indicates
that the contextual understanding is still a chal-
lenging problem for the task of the conversational
question generation.

4.6 Linguistic Analysis

We further analyze the generated questions in
terms of their linguistic features and constitutions
in Table 4, from which we draw three observa-
tions: (1) Overall, the distribution of the major
types of questions generated by ReDR is closer
to human-created questions, in comparison with
NQG. For example, ReDR generates a large por-
tion of “what” and “who” questions, similarly as
humans. (2) We observe that NQG tends to gen-
erate many single-word questions such as “Why?”
while our method successfully alleviates this prob-
lem. (3) Both ReDR and NQG generate fewer
yes/no questions than humans, as a result of gen-
erating more “wh”-type of questions.

For the relationship between a question and
its conversation history, following the analysis in
CoQA, we randomly sample 150 questions respec-
tively from each method and observe that about
50% questions generated by ReDR contain ex-
plicit coreference markers such as “he”, “she” or
“it”, which is similar to the other two methods.

Once upon a time, in a barn near a farm house, there lived a
little white kitten named Cotton. Cotton lived high up ina
nice warm place above the barn where all of the farmer's
horses slept. But Cotton wasn't alone in her little home above
the barn, oh no. She shared her hay bed with her mommy and
5 other sisters...

0Q1: What color was cotton ?

Al: white

NQG: What type of animal was it ?
ReDR: What was the animal 's name ?

0Q2: Where did she live ?

A2: in abarn

NQG: What was it ?

ReDR: What kind of house did she live ?

0Q3: Did she live alone ?
A3: no

NQG: Why ?

ReDR: Was she alone ?

0Q4: Who did she live with?

A4: with her mommy and 5 sisters
NQG: What does she do ?

ReDR: Who else ?

Figure 3: Example questions generated by human (i.e.,
original questions denoted as OQ), NQG and our ReDR
on CoQA.

However, NQG generates much more questions
consisting of implicit coreference markers like
“Where?” or “Who?”, which can be less meaning-
ful or not answerable as also verified in Table 3.

4.7 Case Study

In Figure 3, we show the output questions of
our ReDR and NQG on an example from CoQA
dataset. For the first turn, both ReDR and NQG
generate a meaningful and answerable question.
For the second turn, NQG generates “What was
it?”, which is answerable and related to the con-
versation history but simpler than our question
“What kind of house did she live?”. For the third
turn, NQG generates a coherent but less meaning-
ful question “Why?”, while our method generates
“Was she alone?”, which is very similar to the
human-created question. For the last turn, NQG
produces a question that is neither coherent nor an-
swerable, while ReDR asks a much better question
“Who else?”.

To show the applicability of ReDR to generate
QA style conversations on any passages, we apply
it to passages in the SQuAD reading comprehen-
sion dataset (Rajpurkar et al., 2016) and show an
example in Figure 4. Since there are no rationales



The game's Media Day, which was typically held on the
Tuesday afternoon prior to the game, was moved to the
Monday evening and rebranded as super bowl opening night.
The event was held on February 1, 2016 at Sap Center in San
Jose. Alongside the traditional media availabilities, the event
featured an opening ceremony with player introductions on a
replica of the golden gate bridge ...

Q1: What was held on Monday ?
Al: game's Media Day

Q2: Where ?
A2: Sap Center

Q3: What was the opening ceremony for ?
A3: player introductions

Figure 4: Our generated conversation on a SQUAD
passage. The questions are generated by our ReDR and
the answers are predicted by DrQA.

provided in the dataset for generating consecutive
questions, we first apply our rule-based rationale
selection as introduced in Section 3.1 and then
generate a question based on the selected rationale
and the conversation history. The answers are pre-
dicted by our modified DrQA. Figure 4 shows that
our generated questions are closely related to the
passage, e.g., the first question contains “Monday”
and the third one mentions “opening ceremony’.
Moreover, we can also generate interesting ques-
tions such as “Where?” which connects to previ-
ous questions and makes a coherent conversation.

5 Related Work

Question Generation. Generating questions
from various kinds of sources, such as texts (Rus
et al., 2010; Heilman and Smith, 2010; Mitkov
and Ha, 2003; Du et al., 2017), search queries
(Zhao et al.,, 2011), knowledge bases (Serban
et al., 2016b) and images (Mostafazadeh et al.,
2016), has attracted much attention recently.
Our work is most related to previous work on
generating questions from sentences or para-
graphs. Most early approaches are based on
rules and templates (Heilman and Smith, 2010;
Mitkov and Ha, 2003), while Du et al. (2017)
recently proposed to generate a question by a
Sequence-to-Sequence neural network model
(Sutskever et al., 2014) with attention (Luong
et al., 2015). Other approaches such as (Zhou
et al., 2017; Subramanian et al., 2017) take into
account the answer information in addition to the
given sentence or paragraph. (Du and Cardie,

2018; Song et al., 2018) further modeled the sur-
rounding paragraph-level information of the given
sentence. However, most of the work focused
on generating standalone questions solely based
on a sentence or a paragraph. In contrast, this
work explores conversational question generation
and has to additionally consider the conversation
history in order to generate a coherent question,
making the task much more challenging.

Conversation Generation. Building chatbots
and conversational agents has been pursued by
many previous work (Ritter et al., 2011; Vinyals
and Le, 2015; Sordoni et al., 2015; Serban et al.,
2016a; Li et al., 2016a,b). Vinyals and Le
(2015) used a Sequence-to-Sequence neural net-
work (Sutskever et al., 2014) for generating a re-
sponse given the dialog history. Li et al. (2016a)
further optimized the response diversity by max-
imizing the mutual information between inputs
and output responses. Different from these work
where the response can be in any form (usually
a declarative statement) and is generated solely
based on the dialog history, our task is poten-
tially more challenging as it additionally restricts
the generated response to be a follow-up question
about a given passage.

Conversational Question Answering (CQA).
CQA aims to automatically answer a sequence of
questions. It has been studied in the knowledge
base setting (Saha et al., 2018; Iyyer et al., 2017)
and is often framed as a semantic parsing problem.
Recently released large-scale datasets (Reddy
et al., 2018; Choi et al., 2018) enabled studying it
in the textual setting where the information source
used to answer questions is a given passage, and
they inspired many significant work (Zhu et al.,
2018; Huang et al., 2018; Yatskar, 2018). How-
ever, collecting such datasets has heavily relied on
human efforts and can be very costly. Based on
one of the most popular datasets CoQA (Reddy
et al., 2018), we examine the possibility of au-
tomatically generating conversational questions,
which can potentially reduce the data collection
cost for CQA.

6 Conclusion

In this paper, we introduce the task of Conversa-
tional Question Generation (CQG), and propose a
novel framework which achieves promising per-
formance on the popular dataset CoQA. We in-



corporate a dynamic reasoning procedure to the
general encoder-decoder model and dynamically
update the encoding representations of the inputs.
Moreover, we use the quality of the answers pre-
dicted by a QA model as rewards and fine-tune our
model via reinforcement learning. In the future,
we would like to explore how to better select the
rationale for each question. Besides, it would also
be interesting to consider using linguistic knowl-
edge such as named entities or part-of-speech tags
to improve the coherence of the conversation.
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ABSTRACT

To accelerate software development, much research has been per-
formed to help people understand and reuse the huge amount of
available code resources. Two important tasks have been widely
studied: code retrieval, which aims to retrieve code snippets rele-
vant to a given natural language query from a code base, and code
annotation, where the goal is to annotate a code snippet with a
natural language description. Despite their advancement in recent
years, the two tasks are mostly explored separately. In this work, we
investigate a novel perspective of Code annotation for Code retrieval
(hence called “CoaCor”), where a code annotation model is trained
to generate a natural language annotation that can represent the
semantic meaning of a given code snippet and can be leveraged by
a code retrieval model to better distinguish relevant code snippets
from others. To this end, we propose an effective framework based
on reinforcement learning, which explicitly encourages the code
annotation model to generate annotations that can be used for the
retrieval task. Through extensive experiments, we show that code
annotations generated by our framework are much more detailed
and more useful for code retrieval, and they can further improve
the performance of existing code retrieval models significantly.!
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1 INTRODUCTION

Software engineering plays an important role in modern society.
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transportation and web security, depends on reliable software [1].
Unfortunately, developing and maintaining large code bases are
very costly. Understanding and reusing billions of lines of code
in online open-source repositories can significantly speed up the
software development process. Towards that, code retrieval (CR)
and code annotation (CA) are two important tasks that have been
widely studied in the past few years [1, 13, 19, 21, 58], where the
former aims to retrieve relevant code snippets based on a natural
language (NL) query while the latter is to generate natural language
descriptions to describe what a given code snippet does.

Most existing work [2, 13, 19, 22, 58, 60] study either code anno-
tation or code retrieval individually. Earlier approaches for code re-
trieval drew inspiration from the information retrieval field [14, 17,
23, 32] and suffered from surface form mismatches between natural
language queries and code snippets [6, 34]. More recently, advanced
deep learning approaches have been successfully applied to both
code retrieval and code annotation [1, 2, 9, 13, 19-22, 31, 58, 60].
For example, the code retrieval model proposed by Gu et al. [13] uti-
lized two deep neural networks to learn the vector representation
of a natural language query and that of a code snippet respectively,
and adopted cosine similarity to measure their matching degree.
For code annotation, Iyer et al. [21] and Hu et al. [19] utilized
encoder-decoder models with an attention mechanism to generate
an NL annotation for a code snippet. They aim to generate annota-
tions similar to the human-provided ones, and therefore trained the
models using the standard maximum likelihood estimation (MLE)
objective. For the same purpose, Wan et al. [58] trained the code
annotation model in a reinforcement learning (RL) framework with
reward being the BLEU score [41], which measures n-gram match-
ing precision between the currently generated annotation and the
human-provided one.

In this work, we explore a novel perspective - code annotation
for code retrieval (CoaCor), which is to generate an NL annotation
for a code snippet so that the generated annotation can be used
for code retrieval (i.e., can represent the semantic meaning of a code
snippet and distinguish it from others w.r.t. a given NL query in the
code retrieval task). As exemplified by [56], such an annotation can
be taken as the representation of the corresponding code snippet,
based on which the aforementioned lexical mismatch issue in a
naive keyword-based search engine can be alleviated. A similar idea
of improving retrieval by adding extra annotations to items is also
explored in document retrieval [47] and image search [61]. However,
most of them rely on humans to provide the annotations. Intuitively,
our perspective can be interpreted as one type of machine-machine
collaboration: On the one hand, the NL annotation generated by the
code annotation model can serve as a second view of a code snippet
(in addition to its programming content) and can be utilized to
match with an NL query in code retrieval. On the other hand, with
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Figure 1: Our CoaCor framework: (1) Training phase. A code annotation model is trained via reinforcement learning to max-
imize retrieval-based rewards given by a QC-based code retrieval model (pre-trained using <NL query, code snippet> pairs).
(2) Testing phase. Each code snippet is first annotated by the trained CA model. For the code retrieval task, given query Q, a
code snippet gets two scores - one matching Q with its code content and the other matching Q with its code annotation N,
and is ranked by a simple ensemble strategy*. (3) Example. We show an example of a code snippet and its associated multiple
NL queries in our dataset. The code annotation generated by our framework (denoted as RLMRR) j5 much more detailed with
many keywords semantically aligned with Qs, when compared with CA models trained via MLE or RL with BLEU rewards
(RLBLEU). * We simply use a weighted combination of the two scores, and other ensemble strategies can also apply here.

a goal to facilitate code retrieval, the code annotation model can be
stimulated to produce rich and detailed annotations. Unlike existing
work [19-21, 58], our goal is not to generate an NL annotation as
close as possible to a human-provided one; hence, the MLE objective
or the BLEU score as rewards for code annotation will not fit our
setting. Instead, we design a novel rewarding mechanism in an
RL framework, which guides the code annotation model directly
based on how effectively the currently generated code annotation
distinguishes the code snippet from a candidate set.

Leveraging collaborations and interactions among machine learn-
ing models to improve the task performance has been explored in
other scenarios. Goodfellow et al. [12] proposed the Generative Ad-
versatial Nets (GANSs), where a generative model produces difficult
examples to fool a discriminative model and the latter is further
trained to conquer the challenge. He et al. [15] proposed another
framework called dual learning, which jointly learns two dual ma-
chine translation tasks (e.g., En -> Fr and Fr -> En). However, none
of the existing frameworks are directly applicable to accomplish
our goal (i.e., to train a code annotation model for generating anno-
tations that can be utilized for code retrieval).

Figure 1 shows our reinforcement learning-based CoaCor frame-
work. In the training phase, we first train a CR model based on
<natural language query, code snippet> (QC) pairs (referred to as
QC-based CR model). Then given a code snippet, the CA model

generates a sequence of NL tokens as its annotation and receives
a reward from the trained CR model, which measures how effec-
tively the generated annotation can distinguish the code snippet
from others. We formulate the annotation generation process as a
Markov Decision Process [5] and train the CA model to maximize
the received reward via an advanced reinforcement learning [53]
framework called Advantage Actor-Critic or A2C [36]. Once the CA
model is trained, we use it to generate an NL annotation N for each
code snippet C in the code base. Therefore, for each QC pair we
originally have, we can derive a QN pair. We utilize the generated
annotation as a second view of the code snippet to match with a
query and train another CR model based on the derived QN pairs
(referred to as QN-based CR model). In the testing phase, given an
NL query, we rank code snippets by combining their scores from
both the QC-based as well as QN-based CR models, which utilize
both the programming content as well as the NL annotation of a
code snippet.

On a widely used benchmark dataset [21] and a recently collected
large-scale dataset [63], we show that the automatically generated
annotation can significantly improve the retrieval performance.
More impressively, without looking at the code content, the QN-
based CR model trained on our generated code annotations obtains
a retrieval performance comparable to one of the state-of-the-art



QC-based CR models. It also surpasses other QN-based CR models
trained using code annotations generated by existing CA models.

To summarize, our major contributions are as follows:

o First, we explored a novel perspective of generating useful
code annotations for code retrieval. Unlike existing work
[19, 21, 58], we do not emphasize the n-gram overlap be-
tween the generated annotation and the human-provided
one. Instead, we examined the real usefulness of the gener-
ated annotations and developed a machine-machine collabo-
ration paradigm, where a code annotation model is trained
to generate annotations that can be used for code retrieval.

e Second, in order to accomplish our goal, we developed an
effective RL-based framework with a novel rewarding mech-
anism, in which a code retrieval model is directly used to
formulate rewards and guide the annotation generation.

o Last, we conducted extensive experiments by comparing our
framework with various baselines including state-of-the-art
models and variants of our framework. We showed signifi-
cant improvements of code retrieval performance on both
a widely used benchmark dataset and a recently collected
large-scale dataset.

The rest of this paper is organized as follows. Section 2 introduces
the background on code annotation and code retrieval tasks. Section
3 gives an overview of our proposed framework, with algorithm
details followed in Section 4. Experiments are shown in Section 5.
Finally, we discuss related work and conclude in Section 6 and 7.

2 BACKGROUND

We adopt the same definitions for code retrieval and code annota-
tion as previous work [9, 21]. Given a natural language query Q and
a set of code snippet candidates C, code retrieval is to retrieve code
snippets C* € C that can match with the query. On the other hand,
given a code snippet C, code annotation is to generate a natural
language (NL) annotation N* which describes the code snippet
appropriately. In this work, we use code search and code retrieval in-
terchangeably (and same for code annotation/summary/description).

Formally, for a training corpus with <natural language query,
code snippet> pairs, e.g., those collected from Stack Overflow [51]
by [21, 63], we define the two tasks as:

Code Retrieval (CR): Given an NL Query Q, a model F, will be
learnt to retrieve the highest scoring code snippet C* € C.

C* = argmax F»(Q, C) 1)
CeC
Code Annotation (CA): For a given code snippet C, the goal is to
generate an NL annotation N* that maximizes a scoring function
Fg:

N* = argmax F,(C, N) 2)
N

Note that one can use the same scoring model for F, and F, as in
[9, 21], but for most of the prior work [13, 19, 20, 58], which consider
either code retrieval or code annotation, researchers usually develop
their own models and objective functions for F, or F,. In our work,
we choose two vanilla models as our base models for CR and CA,
but explore a novel perspective of how to train F,; so that it can

generate NL annotations that can be used for code retrieval. This
perspective is inspired by various machine-machine collaboration
mechanisms [15, 28, 55, 59] where one machine learning task can
help improve another.

3 FRAMEWORK OVERVIEW

In this section, we first introduce our intuition and give an overview
of the entire framework, before diving into more details.

3.1 Intuition behind CoaCor

To the best of our knowledge, previous code annotation work like
[19-21, 58] focused on getting a large n-gram overlap between
generated and human-provided annotations. However, it is still
uncertain (and non-trivial to test) how helpful the generated an-
notations can be. Driven by this observation, we are the first to
examine the real usefulness of the generated code annotations and
how they can help a relevant task, of which we choose code retrieval
as an example.

Intuitively, CoaCor can be interpreted as a collaboration mecha-
nism between code annotation and code retrieval. On the one hand,
the annotation produced by the CA model provides a second view
of a code snippet (in addition to its programming content) to assist
code retrieval. On the other hand, when the CA model is trained to
be useful for the retrieval task, we expect it to produce richer and
more detailed annotations, which we verify in experiments later.

3.2 Overview

The main challenge to realize the above intuition lies in how to train
the CA model effectively. Our key idea to address the challenge is
shown in Figure 1.

We first train a base CR model on <natural language query, code
snippet> (QC) pairs. Intuitively, a QC-based CR model ranks a code
snippet C by measuring how well it matches with the given query Q
(in comparison with other code snippets in the code base). From an-
other point of view, a well-trained QC-based CR model can work as
a measurement on whether the query Q describes the code snippet
C precisely or not. Drawing inspiration from this view, we propose
using the trained QC-based CR model to determine whether an
annotation describes its code snippet precisely or not and thereby,
train the CA model to generate rich annotations to maximize the
retrieval-based reward from the CR model. Specifically, given a
code snippet C, the CA model generates a sequence of NL words
as its annotation N. At the end of the sequence, we let the trained
QC-based CR model use N to search for relevant code snippets
from the code base. If C can be ranked at top places, the annotation
N is treated as well-written and gets a high reward; otherwise, a
low reward will be returned. We formulate this generation process
as the Markov Decision Process [5] and train the CA model with
reinforcement learning [53] (specifically, the Advantage Actor-Critic
algorithm [36]) to maximize the retrieval-based rewards it can re-
ceive from the QC-based CR model. We elaborate the CR and CA
model details as well as the RL algorithm for training the CA model
in Section 4.1 ~ 4.3.

Once the CA model is trained, in the testing phase, it generates
an NL annotation N for each code snippet C in the code base. Now
for each <NL query, code snippet> pair originally in the datasets,
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Figure 2: The base code retrieval model encodes the in-
put code snippet C = (c1,¢c2,....c|c|) and NL query Q =
(w1, w2, ..., w|g)) into a vector space and outputs a similarity
score.

we derive an <NL query, code annotation> (QN) pair and train
another CR model based on such QN pairs. This QN-based CR
model complements the QC-based CR model, as they respectively
use the annotation and programming content of a code snippet
to match with the query. We finally combine the matching scores
from the two CR models to rank code snippets for a given query.

Note that we aim to outline a general paradigm to explore the
perspective of code annotation for code retrieval, where the specific
model structures for the two CR models and the CA model can be in-
stantiated in various ways. In this work, we choose one of the simplest
and most fundamental deep structures for each of them. Using more
complicated model structures will make the training more challenging
and we leave it as future work.

4 CoDE ANNOTATION FOR CoDE RETRIEVAL

Now we introduce model and algorithm details in our framework.

4.1 Code Retrieval Model

Both QC-based and QN-based code retrieval models adopt the same
deep learning structure as the previous CR work [13]. Here for
simplicity, we only illustrate the QC-based CR model in detail, and
the QN-based model structure is the same except that we use the
generated annotation on the code snippet side.

As shown in Figure 2, given an NL query Q = w;__|o| and a code
snippet C = ¢;__|c|, e first embed the tokens of both code and NL
query into vectors through a randomly initialized word embedding
matrix, which will be learned during model training. We then use a
bidirectional Long Short-Term Memory (LSTM)-based Recurrent
Neural Network (RNN) [10, 11, 18, 35, 48, 64] to learn the token
representation by summarizing the contextual information from
both directions. The LSTM unit is composed of three multiplicative
gates. At every time step ¢, it tracks the state of sequences by con-
trolling how much information is updated into the new hidden state

h; and memory cell g; from the previous state h;_1, the previous
memory cell g;—1 and the current input x;. On the code side, x;
is the embedding vector for ¢;, and on the NL query side, it is the
embedding vector for w;. At every time step ¢, the LSTM hidden
state is updated as:

i=0(Wihi—1 +Ujx; + bj)
f= O'(tht_l +Upxe + bf)
0=0(Wohi—1 +Upxs + by)
g = tanh(Wgh;—1 + Ugx; + by)
g=fOg-1+i0yg
hy = 0 © tanh(g;)

where o is the element-wise sigmoid function and © is the element-
wise product. U;, Uf, Uy, Uo denote the weight matrices of different
gates for input x; and W;, Wf, Wy, W, are the weight matrices
for hidden state h;, while b;, bf, bg, b, denote the bias vectors. For
simplicity, we denote the above calculation as below (the memory
cell vector g;—1 is omitted):

ht = LSTM(x¢, he-1) ®3)

The vanilla LSTM’s hidden state h; takes information from the
past, knowing nothing about the future. Our CR model instead
incorporates a bidirectional LSTM [48] (i.e., Bi-LSTM in Figure 2),
which contains a forward LSTM reading a sequence X from start
to end and a backward LSTM which reads from end to start. The
basic idea of using two directions is to capture past and future
information at each step. Then the two hidden states at each time
step t are concatenated to form the final hidden state h;.

- —
hy = LSTM(xt, hy—1)
— —

hy = LSTM(x¢, ht+1)

hy = [h, ht]

Finally, we adopt the commonly used max pooling strategy [24]
followed by a tanh layer to get the embedding vector for a sequence
of length T.

v = tanh(maxpooling([h1, h, ..., hT])) (4)

By applying the above encoding algorithm, we encode the code
snippet C and the NL query Q into v and vg, respectively. Similar
to Gu et al. [13], to measure the relevance between the code snippet
and the query, we use cosine similarity denoted as cos(vg, v¢). The
higher the similarity, the more related the code is to the query.
Training. The CR model is trained by minimizing a ranking loss
similar to [13]. Specifically, for each query Q in the training corpus,
we prepare a triple of <Q, C, C™ > as a training instance, where C is
the correct code snippet that answers Q and C~ is a negative code
snippet that does not answer Q (which is randomly sampled from
the entire code base). The ranking loss is defined as:

LO= >

<Q,C,C~>

max(0, € — cos(vg, v¢) + cos(vg, ve-))  (5)

where 0 denotes the model parameters, € is a constant margin, and
Vg, Uc and v¢- are the encoded vectors of Q, C and C™ respectively.



Essentially, the ranking loss is a kind of hinge loss [46] that pro-
motes the cosine similarity between Q and C to be greater than
that between Q and C~ by at least a margin €. The training leads
the model to project relevant queries and code snippets to be close
in the vector space.

4.2 Code Annotation Model

Formally, given a code snippet C, the CA model computes the proba-
bility of generating a sequence of NL tokens ny_ || = (n1, 12, ..., n|n7|)
as its annotation N by:
IN]
P(NIC) = P(m|no.O) [ | P(nelni_e-1.C) ©)
t=2
where ny is a special token "<START>" indicating the start of the
annotation generation, ny ;-1 = (n1, ..., n;—1) is the partially gen-
erated annotation till time step ¢-1, and P(n;|n1. s—1, C) is the prob-
ability of producing n; as the next word given the code snippet
C and the generated nj_;—1. The generation stops once a special
token "<EOS>" is observed.

In this work, we choose the popular sequence-to-sequence model
[52] as our CA model structure, which is composed of an encoder
and a decoder. We employ the aforementioned bidirectional LSTM-
based RNN structure as the encoder for code snippet C, and use
another LSTM-based RNN as the decoder to compute Eqn. (6):

S~ LSTM -1, E55), V1 = 1,

where h‘tieC is the decoder hidden state at step ¢, and hgec is initialized
by concatenating the last hidden states of the code snippet encoder
in both directions. In addition, a standard global attention layer
[33] is applied in the decoder, in order to attend to important code
tokens in C:

]flr;ec = tanh(W ¢ [Vattn, h‘tiec])
IC]
Vattn = Z ay h?lc
=1
ay = softmax((h?lc)Th(tiec)

where ap is the attention weight on the ¢’-th code token when
generating the ¢-th word in the annotation, and Wy, is a learnable
weight matrix. Finally, the ¢-th word is selected based on:

P(nt|no..+—1,C) = softmax(Wh3¢¢ + b) 7)

where W € RIV»¥d p € RIVal project the d-dim hidden state ﬁ‘}ec
to the NL vocabulary of size |V},|.

4.3 Training Code Annotation via RL

4.3.1 Code Annotation as Markov Decision Process. Most previ-
ous work [9, 19, 21] trained the CA model by maximizing the log-
likelihood of generating human annotations, which suffers from
two drawbacks: (1) The exposure biasissue [4, 44, 45]. That is, during
training, the model predicts the next word given the ground-truth
annotation prefix, while at testing time, it generates the next word
based on previous words generated by itself. This mismatch be-
tween training and testing may result in error accumulation in
testing phase. (2) More importantly, maximizing the likelihood is

not aligned with our goal to produce annotations that can be useful
for code retrieval.

To address the above issues, we propose to formulate code an-
notation within the reinforcement learning (RL) framework [53].
Specifically, the annotation generation process is viewed as a Markov
Decision Process (MDP) [5] consisting of four main components:

State. At step t during decoding, a state s; maintains the source
code snippet and the previously generated words ny_;—1, i.e., sy =
{C,n1. -1} In particular, the initial decoding state so = {C} only
contains the given code snippet C. In this work, we take the hidden
state vector fz‘tiec as the vector representation of state s;, and the
MDP is thus processing on a continuous and infinite state space.

Action. The CA model decides the next word (or action) ny €
Vi, where V,, is the NL vocabulary. Thus, the action space in our
formulation is the NL vocabulary.

Reward. As introduced in Section 3, to encourage it to generate
words useful for the code retrieval task, the CA model is rewarded
by a well-trained QC-based CR model based on whether the code
snippet C can be ranked at the top positions if using the generated
complete annotation N as a query. Therefore, we define the reward
at each step t as:

if ny = <EOS>

{RetrievalReward(C JN1..¢)
V(St s Ny ) = .
otherwise
where we use the popular ranking metric Mean Reciprocal Rank
[57] (defined in Section 5.2) as the RetrievalReward(C, N) value.
Note that, in this work, we let the CR model give a valid reward only
when the annotation generation stops, and assign a zero reward to
intermediate steps. However, other designs such as giving rewards
to a partial generation with the reward shaping technique [4] can

be reasonable and explored in the future.
Policy. The policy function P(n;|s;) takes as input the current state

sy and outputs the probability of generating n; as the next word.
Given our definition about state s; and Eqn. (7),

P(nels) = P(nglny..-1.C) = softmax(WA{*® +b)  (8)
Here, the policy function is stochastic in that the next word can
be sampled according to the probability distribution, which allows
action space exploration and can be optimized using policy gradient
methods [53].

The objective of the CA model training is to find a policy function
P(N|C) that maximizes the expected accumulative future reward:

max L(¢) = max EN-p(.c;¢)[R(C, N)] ©)

where ¢ is the parameter of P and R(C,N) = thfll r(s¢, ny) is the
accumulative future reward (called “return”).
The gradient of the above objective is derived as below.

Vs L($) = En-p(.|c;¢)[R(C, N)V 4 log P(N|C; $)]
IN|
. Enl.,wpp(-w;@[z Ri(st,nt)V g log P(nelny. . t-1,C; 4)]
=1
(10)
where Ry(s¢,nt) = Xy 7(sp,nyr) is the return for generating
word n; given state s;.



4.3.2  Advantage Actor-Critic for Code Annotation. Given the gra-
dient in Eqn. (10), the objective in Eqn. (9) can be optimized by
policy gradient approaches such as REINFORCE [62] and Q-value
Actor-Critic algorithm [4, 54]. However, such methods may yield
very high variance when the action space (i.e., the NL vocabulary)
is large and suffer from biases when estimating the return of rarely
taken actions [39], leading to unstable training. To tackle the chal-
lenge, we resort to the more advanced Advantage Actor-Critic or
A2C algorithm [36], which has been adopted in other sequence
generation tasks [39, 58]. Specifically, the gradient function in Eqn.
(10) is replaced by an advantage function:

IN|
VyL(@) =E[) AVglogPnilni -1,C;¢)] (1)
t=1
Ap = Ry(se,ne) = V(st)

V(st) = Bp,<p(.|n,_,y,c)[Re(se,r)]

where V(s;) is the state value function that estimates the future
reward given the current state s;. Intuitively, V(s;) works as a
baseline function [62] to help the model assess its action n; more
precisely: When advantage A; is greater than zero, it means that the
return for taking action n; is better than the “average” return over
all possible actions, given state s;; otherwise, action n; performs
worse than the average.

Following previous work [36, 39, 58], we approximate V(s;) by
learning another model V(s;; p) parameterized by p, and the RL
framework thus contains two components: the policy function
P(N|C; ¢) that generates the annotation (called “Actor”), and the
state value function V(s;; p) that approximates the return under
state s; (called “Critic”). Similar to the actor model (i.e., the CA
model in Section 4.2), we train a separate attention-based sequence-
to-sequence model as the critic network. The critic value is finally
computed by:

Vst p) = Wh(h§)ers + b (12)

where (]flttieC)C” € R is the critic decoder hidden state at step t,
and w, € RY, by € R are trainable parameters that project the
hidden state to a scalar value (i.e., the estimated state value).
The critic network is trained to minimize the Mean Square Error
between its estimation and the true state value:
IN]
min £(p) = min By_p( o) ) ,(V(si:p) ~RCN)P] - (13)
t=1

The entire training procedure of CoaCor is shown in Algorithm 1.

4.4 Generated Annotations for Code Retrieval

As previously shown in Figure 1, in the testing phase, we utilize
the generated annotations to assist the code retrieval task. Now
we detail the procedure in Algorithm 2. Specifically, for each <NL
query, code snippet> pair (i.e., QC pair) in the dataset, we first
derive an <NL query, code annotation> pair (i.e., QN pair) using the
code annotation model. We then build another code retrieval (CR)
model based on the QN pairs in our training corpus. In this work,
for simplicity, we choose the same structure as the QC-based CR
model (Section 4.1) to match QN pairs. However, more advanced
methods for modeling the semantic similarity between two NL

Algorithm 1 : Training Procedure for CoaCor.

Input: <NL query, code snippet> (QC) pairs in training set, number
of iterations E.
1: Train a base code retrieval model based on QC pairs, according
to Eqn. (5).
2: Initialize a base code annotation model (¢) and pretrain it via
MLE according to Eqn. (7), using Q as the desired N for C.
: Pretrain a critic network (p) according to Eqn. (13).
: for iteration = 1to E do
Receive a code snippet C.
Sample an annotation N ~ P(-|C; §) according to Eqn. (8).
Receive the final reward R(C, N).
Update the code annotation model (¢) using Eqn. (11).
Update the critic network (p) using Eqn. (13).
10: end for

R e A U

Algorithm 2 : Generated Annotations for Code Retrieval.

Input: NL query Q, code snippet candidate C.
Output: The matching score, score(Q, C).
1: Receive score1(Q,C) = cos(vg, v¢) from a QC-based code re-
trieval model.
2: Generate a code annotation N ~ P(-|C; ¢) via greedy search,
according to Eqn. (8).
3: Receive scorez(Q, C) = cos(vg, vy,) from a QN-based code re-
trieval model.
4: Calculate score(Q, C) according to Eqn. (14).

sentences (e.g., previous work on NL paraphase detection [16, 26])
are applicable and can be explored as future work.

The final matching score between query Q and code snippet C
combines those from the QN-based and QC-based CR model:

score(Q, C) = A+ cos(vg, vn) + (1 = A) * cos(vg,ve)  (14)

where Vg, V¢, U are the encoded vectors of Q, C, and the code
annotation N respectively. A € [0, 1] is a weighting factor for the
two scores to be tuned on the validation set.

5 EXPERIMENTS

In this section, we conduct extensive experiments and compare our
framework with various models to show its effectiveness.

5.1 Experimental Setup

Dataset. (1) We experimented with the StaQC dataset presented
by Yao et al. [63]. The dataset contains 119,519 SQL <question title,
code snippet> pairs mined from Stack Overflow [51], making itself
the largest-to-date in SQL domain. In our code retrieval task, the
question title is considered as the NL query Q, which is paired
with the code snippet C to form the QC pair. We randomly selected
75% of the pairs for training, 10% for validation (containing 11,900
pairs), and the left 15% for testing (containing 17,850 pairs). As
mentioned in [63], the dataset may contain multiple code snippets
for the same NL query. We examine the dataset split to ensure that
alternative relevant code snippets for the same query would not
be sampled as negative code snippets when training the CR model.
For pretraining the CA model, we consider the question title as a



code annotation N and form QN pairs accordingly. (2) Iyer et al.
[21] collected two small sets of SQL code snippets (called “DEV”
and “EVAL” respectively) from Stack Overflow for validation and
testing. In addition to the originally paired question title, each code
snippet is manually annotated by two different NL descriptions.
Therefore, in total, each set contains around 100 code snippets with
three NL descriptions (resulting in around 300 QC pairs). We use
them as additional datasets for model comparison.? Following [21],
QC pairs occuring in DEV and EVAL set or being used as negative
code snippets by them are removed from the StaQC training set.

Data Preprocessing. We followed [21] to perform code tokeniza-
tion, which replaced table/column names with placeholder tokens
and numbered them to preserve their dependencies. For text tok-
enization, we utilized the "word_tokenize" tool in the NLTK toolkit
[7]. All code tokens and NL tokens with a frequency of less than 2
were replaced with an <UNK> token, resulting in totally 7726 code
tokens and 7775 word tokens in the vocabulary. The average lengths
of the NL query and the code snippet are 9 and 60 respectively.

5.2 Evaluation

We evaluate a model’s retrieval performance on four datasets: the
validation (denoted as “StaQC-val”) and test set (denoted as “StaQC-
test”) from StaQC [63], and the DEV and EVAL set from [21]. For
each <NL query Q, code snippet C> pair (or QC pair) in a dataset, we
take C as a positive code snippet and randomly sample K negative
code snippets from all others except C in the dataset,? and calculate
the rank of C among the K + 1 candidates. We follow [9, 21, 63] to
set K = 49. The retrieval performance of a model is then assessed
by the Mean Reciprocal Rank (MRR) metric [57] over the entire set
D = {(Q1,C1),(Q2,C2), ... (Qp}- C1p)}:

1 2 1

MRR = |D| ; Rank;

where Rank; is the rank of C; for query Q;. The higher the MRR
value, the better the code retrieval performance.

5.3 Methods to Compare

In order to test the effectiveness of our CoaCor framework, we
compare it with both existing baselines and our proposed variants.

Existing Baselines. We choose the following state-of-the-art code
retrieval models, which are based on QC pairs, for comparison.

e Deep Code Search (DCS) [13]. The original DCS model [13]
adopts a similar structure as Figure 2 for CR in Java domain.
To learn the vector representations for code snippets, in ad-
dition to code tokens, it also considers features like function
names and API sequences, all of which are combined into a
fully connected layer. In our dataset, we do not have these
features, and thus slightly modify their original model to be
the same as our QC-based CR model (Figure 2).

e CODE-NN [21]. CODE-NN is one of the state-of-the-art mod-
els for both code retrieval and code annotation. Its core com-
ponent is an LSTM-based RNN with an attention mechanism,

ZPrevious work [9, 21] used only one of the three descriptions while we utilize all of
them to enrich and enlarge the datasets for a more reliable evaluation.
3For DEV and EVAL, we use the same negative examples as [21].

which models the probability of generating an NL sentence
conditioned on a given code snippet. For code retrieval, given
an NL query, CODE-NN computes the likelihood of gener-
ating the query as an annotation for each code snippet and
ranks code snippets based on the likelihood.

ON-based CR Variants. As discussed in Section 4.4, a trained CA
model is used to annotate each code snippet C in our datasets with
an annotation N. The resulting <NL query Q, code annotation N>
pairs can be used to train a QN-based CR model. Depending on
how we train the CA model, we have the following variants:

e QON-MLE. Similar to most previous work [9, 19, 21], we sim-
ply train the CA model in the standard MLE manner, i.e., by
maximizing the likelihood of a human-provided annotation.

e ON-RLBLEU_ As introduced in Section 1, Wan et al. [58] pro-
posed to train the CA model via reinforcement learning with
BLEU scores [41] as rewards. We compare this variant with
our rewarding mechanism.

e ON-RLMRR 1 our CoaCor framework, we propose to train
the CA model using retrieval rewards from a QC-based CR
model (see Section 3). Here we use the MRR score as the
retrieval reward.

Since CODE-NN [21] can be used for code annotation as well, we
also use its generated code annotations to train a QN-based CR
model, denoted as “QN-CodeNN”.*

Ensemble CR Variants. As introduced in Section 4.4, we tried
ensembling the QC-based CR model and the QN-based CR model to
improve the retrieval performance. We choose the DCS structure as
the QC-based CR model as mentioned in Section 4.1. Since different
QN-based CR models can be applied, we present the following 4
variants: (1) QN-MLE + DCS, (2) QN-RLBLEU .+ DCS, (3) ON-RLMRR
+DCS, and (4) QN-CodeNN + DCS, where QN-MLE, QN-RLBLEU,
ON-RLMRR '4nd ON-CodeNN have been introduced.

5.4 Implementation Details

Our implementation is based on Pytorch [42]. For CR models, we
set the embedding size of words and code tokens to 200, and chose
batch size in {128, 256, 512}, LSTM unit size in {100, 200, 400} and
dropout rate [50] in {0.1, 0.35, 0.5}. A small, fixed € value of 0.05
is used in all the experiments. Hyper-parameters for each model
were chosen based on the DEV set. For CODE-NN baseline, we
followed Yao et al. [63] to use the same model hyper-parameters as
the original paper, except that the dropout rate is tuned in {0.5, 0.7}.
The StaQC-val set was used to decay the learning rate and the best
model parameters were decided based on the retrieval performance
on the DEV set.

For CA models, the embedding size of words and code tokens and
the LSTM unit size were selected from {256, 512}. The dropout rate
is selected from {0.1, 0.3, 0.5} and the batch size is 64. We updated
model parameters using the Adam optimizer [25] with learning rate
0.001 for MLE training and 0.0001 for RL training. The maximum
length of the generated annotation is set to 20. For CodeNN, MLE-
based and RLBLEU_based CA models, the best model parameters

4There is another recent code annotation method named DeepCom [19]. We did not
include it as baseline, since it achieved a similar performance as our MLE-based CA
model (see Table 3) when evaluated with the standard BLEU script by [21].



Model

| DEV [ EVAL [ StaQC-val [ StaQC-test |

Existing (QC-based) CR Baselines
DCS [13] 0.566 | 0.555 0.534 0.529
CODE-NN [21] 0.530 | 0.514 0.526 0.522
ON-based CR Variants
ON-CodeNN 0.369 | 0.360 0.336 0.333
ON-MLE 0.429 | 0.411 0.427 0.424
ON-RLBLEU 0.426 | 0.402 0.386 0.381
ON-RLMRR (5yrs) 0.534 | 0.512 0.516 0.523
Ensemble CR Variants
QN-CodeNN + DCS 0.566 | 0.555 0.534 0.529
ON-MLE + DCS 0.571 | 0.561 0.543 0.537
ON-RLBMEU . pCs 0.570 | 0.559 0.541 0.534
QN-RLMRR . DCS (ours) 0.582% | 0.572* 0.558* 0.559*
| ON-RLMRR + CODE-NN (ours) [ 0.586" [ 0.571° | 0.575° [ 0.576" |

Table 1: The main code retrieval results (MRR). * denotes significantly different from DCS [13] in one-tailed t-test (p < 0.01).

were picked based on the model’s BLEU score on DEV, while for
RLMRR hased CA model, we chose the best model according to
its MRR reward on StaQC-val. For RL models, after pretraining
the actor network via MLE, we first pretrain the critic network
for 10 epochs, then jointly train the two networks for 40 epochs.
Finally, for ensemble variants, the ensemble weight A in all variants
is selected from 0.0 ~ 1.0 based on its performance on DEV.

5.5 Results

To understand our CoaCor framework, we first show several con-
crete examples to understand the differences between annotations
generated by our model and by baseline/variant models, and then
focus on two research questions (RQs):

e RQ1 (CR improves CA): Is the proposed retrieval reward-
driven CA model capable of generating rich code annotations
that can be used for code retrieval (i.e., can represent the
code snippet and distinguish it from others)?

e RQ2 (CA improves CR): Can the generated annotations
further improve existing QC-based code retrieval models?

5.5.1 Qualitative Analysis. Table 2 presents two examples of anno-
tations generated by each CA model. Note that we do not target at
human language-like annotations; rather, we focus on annotations
that can describe/capture the functionality of a code snippet. In com-
parison with baseline CA models, our proposed RLMRR pased CA
model can produce more concrete and precise descriptions for cor-
responding code snippets. As shown in Example 1, the annotation
generated by RLMRR ¢covers more conceptual keywords semanti-
cally aligned with the three NL queries (e.g., “average”, “difference”,
“group”), while the baseline CODE-NN and the variants generate
short descriptions covering a very limited amount of conceptual
keywords (e.g., without mentioning the concept “subtracting”).
We also notice that our CA model can generate different forms
of a stem word (e.g., “average”, “avg” in Example 1), partly because
the retrieval-based reward tends to make the generated annotation
semantically aligned with the code snippet and these diverse forms
of words can help strengthen such semantic alignment and benefit

the code retrieval task when there are various ways to express user
search intent.

5.5.2  Code Retrieval Performance Evaluation. Table 1 shows the
code retrieval evaluation results, based on which we discuss RQ1
and RQ2 as below:

RQ1: To examine whether or not the code annotations generated
by a CA model can represent the corresponding code snippet in
the code retrieval task, we analyze its corresponding QN-based CR
model, which retrieves relevant code snippets by matching the NL
query Q with the code annotation N generated by this CA model.
Across all of the four datasets, our proposed QN-RLMRR model,
which is based on a retrieval reward-driven CA model, achieves the
best results and outperforms other QN-based CR models by a wide
margin of around 0.1 ~ 0.2 absolute MRR. More impressively, its
performance is already on a par with the CODE-NN model, which
is one of the state-of-the-art models for the code retrieval task, even
though it understands a code snippet solely based on its annotation
and without looking at the code content. This demonstrates that
the code annotation generated by our proposed framework can
reflect the semantic meaning of each code snippet more precisely.

To further understand whether or not the retrieval-based reward
can serve as a better reward metric than BLEU (in terms of stimu-
lating a CA model to generate useful annotations), we present the
BLEU score of each CA model in Table 3.> When connecting this
table with Table 1, we observe an inverse trend: For the RLBLEU
model which is trained for a higher BLEU score, although it can
improve the MLE-based CA model by more than 2% absolute BLEU
on three sets, it harms the latter’s ability on producing useful code
annotations (as revealed by the performance of QN-RLBLEU in Table
1, which is worse than QN-MLE by around 0.04 absolute MRR on
StaQC-val and StaQC-test). In contrast, our proposed RLMER model,
despite getting the lowest BLEU score, is capable of generating an-
notations useful for the retrieval task. This is mainly because that

SBLEU is evaluated with the script provided by Iyer et al. [21]: https://github.com/
sriniiyer/codenn/blob/master/src/utils/bleu.py.



[ Model [ DEV | EVAL | StaQC-val | StaQC-test |

CODE-NN [21] | 17.43 | 16.73 3.89 3.96
MLE 18.99 | 19.87 10.52 10.55
RLBLEU 21.12 | 18.52 12.72 12.78
RLMRR 8.09 | 852 5.56 5.60

l Model Annotation
Example 1 from EVAL set

SQL Code SELECT col3, Format(Avg([col2]-[col1]),'hh:mm:ss")
AS TimeDiff FROM Tablel
GROUP BY col3;

Human- (1) find the average time in hours , mins and seconds

provided between 2 values and show them in groups of another
column
(2) group rows of a table and find average difference
between them as a formatted date
(3) ms access average after subtracting

CODE-NN how do i get the average of a column in sql?

MLE how to get average of the average of a column in sql

RLBLEU how to average in sql query

RLMRR average avg calculating difference day in access select
distinct column value sql group by month mysql for-
mat date function?

Example 2 from StaQC-test set

SQL Code SELECT Group_concat(DISTINCT( p.products_id ))
AS comma_separated,
COUNT(DISTINCT p.products_id) AS product_count
FROM ...

Human- how to count how many comma separated values in

provided a group_concat

CODE-NN how do i get the count of distinct rows?

MLE mysql query to get count of distinct values in a column

RLBLEU how to count in mysql sql query

RLMRR group_concat count concatenate distinct comma
group mysql concat column in one row rows select
multiple columns of same id result

Table 2: Two examples of code snippets and their annota-
tions generated by different CA models. “Human-provided”
refers to (multiple) human-provided NL annotations or
queries. Words semantically aligned between the generated
and the human-provided annotations are highlighted.

BLEU score calculates surface form overlaps while the retrieval-
based reward measures the semantically aligned correspondences.

These observations imply an interesting conclusion: Compared
with BLEU, a (task-oriented) semantic measuring reward, such as
our retrieval-based MRR score, can better stimulate the model to
produce detailed and useful generations. This is in line with the recent
discussions on whether the automatic BLEU score is an appropriate
evaluation metric for generation tasks or not [30, 40]. In our work,
we study the potential to use the performance of a relevant model to
guide the learning of the target model, which can be generalized to
many other scenarios, e.g., conversation generation [27], machine
translation [4, 44], etc.

RQ2: We first inspect whether the generated code annotations can
assist the base code retrieval model (i.e., DCS) or not by comparing
several ensemble CR variants. It is shown that, by simply combining
the matching scores from QN-RLMRR and DCS with a weighting
factor, our proposed model is able to significantly outperform the
DCS model by 0.01 ~ 0.03 and the CODE-NN baseline by 0.03

Table 3: The BLEU score of each code annotation model.

~ 0.06 consistently across all datasets, showing the advantage of
utilizing code annotations for code retrieval. Particularly, the best
performance is achieved when the ensemble weight 1 = 0.4 (i.e.,
0.4 weight on the QN-based CR score and 0.6 on the QC-based CR
score), meaning that the model relies heavily on the code annotation
to achieve better performance.

In contrast, QN-CodeNN, QON-MLE and QN-RLBLEU can hardly
improve the base DCS model, and their best performances are all
achieved when the ensemble weight A = 0.0 ~ 0.2, indicating little
help from annotations generated by CODE-NN, MLE-based and
BLEU-rewarded CA. This is consistent with our conclusions to RQ1.

We also investigate the benefit of our generated annotations to
other code retrieval models (besides DCS) by examining a baseline
“ON-RLMRR | CODE-NN”, which combines QN-RLMRR and CODE-
NN (as a QC-based CR model) to score a code snippet candidate. As
mentioned in Section 5.3, CODE-NN scores a code snippet by the
likelihood of generating the given NL query when taking this code
snippet as the input. Since the score is in a different range from the
cosine similarity given by QN-RLMRR we first rescale it by taking
its log value and dividing it by the largest absolute log score among
all code candidates. The rescaled score is then combined with the
cosine similarity score from QN-RLMRR following Eqn. (14). The
result is shown in the last row of Table 1. It is very impressive that,
with the help of QN-RLMRR  the CODE-NN model can be improved
by > 0.05 absolute MRR value across all test sets.

In summary, through extensive experiments, we show that our
proposed framework can generate code annotations that are much
more useful for building effective code retrieval models, in compar-
ison with existing CA models or those trained by MLE or BLEU-
based RL. Additionally, the generated code annotations can further
improve the retrieval performance, when combined with existing
CR models like DCS and CODE-NN.

6 DISCUSSION

In this work, we propose a novel perspective of using a relevant
downstream task (i.e., code retrieval) to guide the learning of a
target task (i.e., code annotation), illustrating a novel machine-
machine collaboration paradigm. It is shown that the annotations
generated by the RLMRR CA model (trained with rewards from the
DCS model) can boost the performance of the CODE-NN model,
which was not involved in any stage of the training process. It is
interesting to explore more about machine-machine collaboration
mechanisms, where multiple models for either the same task or
relevant tasks can be utilized in tandem to provide different views
or effective rewards to improve the final performance.

In terms of training, we also experimented with directly using a
QN-based CR model or an ensemble CR model for rewarding the



CA model. However, these approaches do not work well, since we
do not have a rich set of QN pairs as training data in the beginning.
Collecting paraphrases of queries to form QN pairs is non-trivial,
which we leave to the future.

Finally, our CoaCor framework is applicable to other program-
ming languages, such as Python and C#, extension to which is
interesting to study as future work.

7 RELATED WORK

Code Retrieval. As introduced in Section 1, code retrieval has
been studied widely with information retrieval methods [14, 17,
23, 32, 56] and recent deep learning models [3, 13, 21]. Particu-
larly, Keivanloo et al. [23] extracted abstract programming patterns
and their associated NL keywords from code snippets in a code
base, with which a given NL query can be projected to a set of
associated programming patterns facilitating code content-based
search. Similarly, Vinayakarao et al. [56] built an entity discovery
system to mine NL phrases and their associated syntactic patterns,
based on which they annotated each line of code snippets with NL
phrases. Such annotations were utilized to improve NL keyword-
based search engines. Different from these work, we construct a
neural network-based code annotation model to describe the func-
tionality of an entire code snippet. Our code annotation model is
explicitly trained to produce meaningful words that can be used for
code search. In our framework, the code retrieval model adopts a
similar deep structure as the Deep Code Search model proposed by
Gu et al. [13], which projects a NL query and a code snippet into a
vector space and measures the cosine similarity between them.

Code Annotation. Code annotation/summarization has drawn a
lot of attention in recent years. Earlier works tackled the problem
using template-based approaches [37, 49] and topic n-grams models
[38] while the recent techniques [2, 19-22, 31] are mostly built upon
deep neural networks. Specifically, Sridhara et al. [49] developed
a software word usage model to identify action, theme and other
arguments from a given code snippet, and generated code com-
ments with templates. Allamanis et al. [2] employed convolution
on the input tokens to detect local time-invariant and long-range
topical attention features to summarize a code snippet into a short,
descriptive function name-like summary. Most related to our work
are [19] and [58], which utilized sequence-to-sequence networks
with attention over code tokens to generate natural language anno-
tations. They aimed to generate NL annotations as close as possible
to human-provided annotations for human readability, and hence
adopted the Maximum Likelihood Estimation (MLE) or BLEU score
optimization as the objective. However, our goal is to generate code
annotations which can be used for code retrieval, and therefore we
design a retrieval-based reward to drive our training.

Deep Reinforcement Learning for Sequence Generation. Re-
inforcement learning (RL) [53] has shown great success in various
tasks where an agent has to perform multiple actions before ob-
taining a reward or when the metric to optimize is not differen-
tiable. The sequence generation tasks, such as machine translation
[4, 39, 44], image captioning [45], dialogue generation [27] and
text summarization [43], have all benefitted from RL to address the
exposure bias issue [4, 44, 45] and to directly optimize the model
towards a certain metric (e.g., BLEU). Particularly, Ranzato et al.

[44] were among the first to successfully apply the REINFORCE
algorithm [62] to train RNN models for several sequence generation
tasks, indicating that directly optimizing the metric used at test time
can lead to significantly better models than those trained via MLE.
Bahdanau et al. [4] additionally learned a critic network to better
estimate the return (i.e., future rewards) of taking a certain action
under a specific state, and trained the entire generation model via
the Actor-Critic algorithm [54]. We follow Nguyen et al. [39] and
Wan et al. [58] to further introduce an advantage function and train
the code annotation model via the Advantage Actor-Critic algo-
rithm [36], which is helpful for reducing biases from rarely taken
actions. However, unlike their work, the reward in our framework
is based on the performance on a different yet relevant task (i.e.,
code retrieval), rather than the BLEU metric.

Machine-Machine Collaboration via Adversarial Training
and Dual/Joint Learning. Various kinds of machine-machine
collaboration mechanisms have been studied in many scenarios
[12, 15, 28, 55, 59]. For example, Goodfellow et al. [12] proposed the
Generative Adversarial Nets (GANs) framework, where a genera-
tive model generates images to fool a discriminative classifier, and
the latter is further improved to distinguish the generated from the
real ones. He et al. [15] proposed the dual learning framework and
jointly optimized the machine translation from English to French
and from French to English. Li et al. [29] trained a paraphrase gener-
ator by rewards from a paraphrase evaluator model. In the context
of code retrieval and annotation, Chen and Zhou [9] and Iyer et al.
[21] showed that their models can be used directly or with slight
modification for both tasks, but their training objective only con-
sidered one of the two tasks. All these frameworks are not directly
applicable to achieve our goal, i.e., training a code annotation model
to generate rich NL annotations that can be used for code search.

8 CONCLUSION

This paper explored a novel perspective of generating code anno-
tations for code retrieval. To this end, we proposed a reinforce-
ment learning-based framework (named “CoaCor”) to maximize a
retrieval-based reward. Through comprehensive experiments, we
demonstrated that the annotation generated by our framework is
more detailed to represent the semantic meaning of a code snippet.
Such annotations can also improve the existing code content-based
retrieval models significantly. In the future, we will explore other
usages of the generated code annotations, as well as generalizing
our framework to other tasks such as machine translation.
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Abstract

Distant supervision (DS) has been widely used
to automatically construct (noisy) labeled data
for relation extraction (RE). Given two enti-
ties, distant supervision exploits sentences that
directly mention them for predicting their se-
mantic relation. We refer to this strategy as
1-hop DS, which unfortunately may not work
well for long-tail entities with few support-
ing sentences. In this paper, we introduce a
new strategy named 2-hop DS to enhance dis-
tantly supervised RE, based on the observation
that there exist a large number of relational ta-
bles on the Web which contain entity pairs that
share common relations. We refer to such en-
tity pairs as anchors for each other, and col-
lect all sentences that mention the anchor en-
tity pairs of a given target entity pair to help
relation prediction. We develop a new neu-
ral RE method REDS2 in the multi-instance
learning paradigm, which adopts a hierarchi-
cal model structure to fuse information respec-
tively from 1-hop DS and 2-hop DS. Extensive
experimental results on a benchmark dataset
show that REDS2 can consistently outperform
various baselines across different settings by a
substantial margin.!

1 Introduction

Relation extraction (RE) aims to extract semantic
relations between two entities from unstructured
text and is an important task in natural language
processing (NLP). Formally, given an entity pair
(e1,e2) from a knowledge base (KB) and a sen-
tence (instance) that mentions them, RE tries to
predict if a relation 7 from a predefined relation set
exists between e and ey. A special relation NA is
used if none of the predefined relations holds.
Given that it is costly to construct large-scale
labeled instances for RE, distant supervision (DS)

'Our source code and datasets are at https://
github.com/sunlab-osu/REDS2.

Huan Sun
The Ohio State University
sun.397@osu.edu

mark_aguirre and isiah thomas , the team
president , flew to chicago to attend the
funeral of ray meyer.

Mark Aguirre - Chicago
place_lived

Mr. Basketball USA

Mark Aguirre Westinghouse Chicago, IL
Rasheed Wallace Simon Gratz Philadelphia, PA
LeBron James St. Vincent — St. Mary Akron, OH

... including the akron native
lebron_james , giving this quintessential
LeBron James - Akron |college town ...

... another lebron_james , the high school
phenomenon from akron , ohio , who ...

Rasheed Wallace - |... scored 13 points and philadelphia
Philly native , rasheed_wallace , added 10 ...

Figure 1: Illustration of 2-hop distant supervision. The
top panel shows a target entity pair, one sentence that
mentions it, and the relation under study which cannot
be inferred from the sentence. The middle gives part
of a table from Wikipedia page “Mr. Basketball USA”,
where we can extract anchors for the target entity pair.
The bottom shows some sentences that are associated
with the anchors, which more clearly indicate the un-
derinvestigated relation and can be utilized to extract
relations between the target entity pair.

has been a popular strategy to automatically con-
struct (noisy) training data. It assumes that if two
entities hold a relation in a KB, all sentences men-
tioning them express the same relation. Noticing
that the DS assumption does not always hold and
has the wrong labeling problem, many efforts in-
cluding (Riedel et al., 2010; Hoffmann et al., 2011;
Surdeanu et al., 2012) have adopted the multi-
instance learning paradigm to tackle the challenge,
and more recently, neural models with attention
mechanism have been proposed to de-emphasize
the noisy instances (Lin et al., 2016; Ji et al., 2017,
Han et al., 2018). Such models tend to work well
when there are a large number of sentences talk-
ing about the target entity pair (Lin et al., 2016).



However, we observe that there can be a large por-
tion of entity pairs that have very few supporting
sentences (e.g., nearly 75% of entity pairs in the
Riedel et al. (2010) dataset only have one single
sentence mentioning them), which makes distantly
supervised RE even more challenging.

The conventional distant supervision strategy
only exploits instances that directly mention a tar-
get entity pair, and because of this, we refer to it as
1-hop distant supervision. On the other hand, there
are a large number of Web tables that contain re-
lational facts about entities (Cafarella et al., 2008;
Venetis et al., 2011; Wang et al., 2012). Owing to
the semi-structured nature of tables, we can extract
from them sets of entity pairs that share common
relations, and sentences mentioning these entity
pairs often have similar semantic meanings. Un-
der this observation, we introduce a new strategy
named 2-hop distant supervision: We define entity
pairs that potentially have the same relation with
a given target entity pair as anchors, which can
be found through Web tables, and aim to fully ex-
ploit the sentences that mention those anchor en-
tity pairs to augment RE for the target entity pair.
Figure 1 illustrates the 2-hop DS strategy.

The intuition behind 2-hop DS is if the target
entity pair holds a certain relation, one of its an-
chors is likely to have that relation too and at least
one sentence mentioning the anchors should ex-
press the relation. Despite being noisy, the 2-hop
DS can provide extra, informative supporting sen-
tences for the target entity pair. One straightfor-
ward approach is to merge the two bags of sen-
tences respectively derived from 1-hop and 2-hop
DS as one single set and apply existing multi-
instance learning models. However, the 2-hop DS
strategy also has the wrong labeling problem that
already exists in 1-hop DS. Simply mixing the two
sets of sentences together may mislead the predic-
tion, especially when there is a great disparity in
their size. In this paper, we propose REDS2?, a
new neural relation extraction method in the multi-
instance learning paradigm, and design a hierar-
chical model structure to fuse information from
I-hop and 2-hop DS. We evaluate REDS2 on a
widely used benchmark dataset and show that it
consistently outperforms various baseline models
by a large margin.

We summarize our contributions as three-fold:

e We introduce 2-hop distant supervision as an

Zstands for relation extraction with 2-hop DS.

extension to the conventional distant supervi-
sion, and leverage entity pairs in Web tables
as anchors to find additional supporting sen-
tences to further improve RE.

e We propose REDS 2, a new neural relation ex-
traction method based on 2-hop DS and has
achieved new state-of-the-art performance in
the benchmark dataset (Riedel et al., 2010).

e We release both our source code and an aug-
mented benchmark dataset that has entity
pairs aligned with those in Web tables, to fa-
cilitate future work.

2 Related Work

Distant Supervision. One main drawback of tra-
ditional supervised relation extraction models (Ze-
lenko et al., 2003; Mooney and Bunescu, 2006) is
they require adequate amounts of annotated train-
ing data, which is time consuming and labor in-
tensive. To address this issue, Mintz et al. (2009)
proposes distant supervision (DS) to automati-
cally label data by aligning plain text with Free-
base. However, DS inevitably accompanies with
the wrong labeling problem. To alleviate the noise
brought by DS, Riedel et al. (2010) and Hoff-
mann et al. (2011) introduce multi-instance learn-
ing mechanism, which is originally used to combat
the problem of ambiguously-labeled training data
when predicting the activity of different drugs (Di-
etterich et al., 1997).

Neural Relation Extraction. Early stage relation
extraction (RE) methods use features extracted by
NLP tools and strongly rely on the quality of fea-
tures. Due to the recent success of neural mod-
els in different NLP tasks, many researchers have
investigated the possibility of using neural net-
works to build end-to-end relation extraction mod-
els. Zeng et al. (2014) uses convolutional neural
network (CNN) to encode sentences, which is fur-
ther improved through piecewise-pooling (Zeng
et al., 2015). Adel and Schiitze (2017) and Gupta
et al. (2016) use neural networks for joint entity
and relation extraction. More advanced network
architectures like Tree-LSTM (Miwa and Bansal,
2016) and Graph Convolution Network (Vashishth
et al., 2018) are also adopted to learn better repre-
sentations by using syntactic features like depen-
dency trees. Most recent models also incorporate
neural attention technology (Lin et al., 2016) as an
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Figure 2: Overview of our method REDS2. REDS2 first obtains anchors of the target entity pair and constructs a
2-hop DS bag. Sentences in the 1-hop and 2-hop DS bag are individually encoded with a PCNN sentence encoder
(Zeng et al., 2015). We then use selective attention and bag aggregation to get the final representation, based on
which a classifier predicts scores for each candidate relation.

improvement to at-least-one multi-instance learn-
ing (Zeng et al., 2015). Han et al. (2018) further
develops a hierarchical attention scheme to utilize
the relation correlations and help predictions for
long-tail relations.

Web Table Understanding. Aside from plain
texts, there are large amounts of factual knowl-
edge in the Web expressed in hundreds of millions
of tables and other structured lists (Cafarella et al.,
2008; Venetis et al., 2011), which have not been
fully explored yet. Table understanding tries to
match tables to KB and parse the schemas. Ex-
isting methods for table understanding mainly fall
into two categories. One is based on local evi-
dence (Venetis et al., 2011; Muioz et al., 2014,
Ritze et al., 2015). Given one table, the main
idea is to first link cells to entities in KB. We
can then use existing relations between linked en-
tities to infer relations between columns and ex-
tract new facts by generalizing to all rows. How-
ever, this method requires a high overlap between
table and KB, which is hampered by KB incom-
pleteness. The other approach tries to leverage
features extracted from the table header and col-
umn names (Ritze and Bizer, 2017; Cannaviccio
etal., 2018). Unfortunately, a large portion of Web
tables miss such metadata or contain limited infor-
mation, and the second approach will fail in such
cases. Although the focus of this paper is the RE
task, we believe the idea of connecting Web tables
and plain texts using DS can potentially benefit ta-
ble understanding as well.

3 Methodology

Given a set of sentences S = {si1,s2,...} and a
target entity pair (h,t), we will leverage the di-
rectly associated sentence bag S, ; C S by 1-hop
distant supervision (1-hop DS bag), and the table
expanded sentence bag S{t C S by 2-hop distant
supervision (2-hop DS ba7g), for relation extrac-
tion. Sp+ contains all instances mentioning both
h and t, while ST, is obtained indirectly through
the anchors of (h,7t) found in Web tables. Follow-
ing previous work (Riedel et al., 2010; Hoffmann
et al., 2011), we adopt the multi-instance learning
paradigm to measure the probability of (h,t) hav-
ing relation r.

Figure 2 gives an overview of our framework
with three major components:

o Table-aided Instance Expansion: Given a
target entity pair (h, t), we find its anchor en-
tity pairs {(h1,t1), (ha,t2), ...} through Web
tables. We define an anchor entity pair as two
entities co-occurring with (h,¢) in some ta-
ble columns at least once. S7, = Sp, 4 U
Shaty U ... is then exploited to augment the
directly associated bag S}, ;.

e Sentence Encoding: For each sentence s in
bag S, + or Sgt, a sentence encoder is used to
b
obtain its semantic representation s.

e Hierarchical Bag Aggregation: Once the
embedding of each sentence is learned, we
first use a sentence-level attention mecha-
nism to get bag representation h and h”', and



then aggregate them for final relation predic-
tion.

3.1 Table-aided Instance Expansion

Now we introduce how to construct the table ex-
panded sentence bag S}Tt for a given target entity
pair (h, t) by 2-hop distant supervision.

3.1.1 Web Tables

Web tables have been found to contain rich facts
of entities and relations. It is estimated that out
of a total of 14.1 billion tables on the Web, 154
million tables contain relational data (Cafarella
et al., 2008) and Wikipedia alone is the source
of nearly 1.6 million relational tables (Bhagavat-
ula et al., 2015). Columns of a Wikipedia table
can be classified into one of the following data
types: ‘empty’, ‘named entity’, ‘number’, ‘date
expression’, ‘long text’ and ‘other’ (Zhang, 2017).
Here we only focus on named entity columns (NE-
columns) and the Wikipedia page title, which can
be easily linked to KB entities. These entities can
be further categorized as:

A topic entity e’ that the table is centered
around. We refer to the Wikipedia article where
the table is found and take the entity it describes
as e’.

Subject entities E° = {ef,e3,...} that can
act as primary keys of the table. Following pre-
vious work on Web table analysis (Venetis et al.,
2011), we select the leftmost NE-column as sub-
ject column and its entities as E°.

Body entities E = {ej,1,e1,2,...} that com-
pose the rest of the table. All entities in non-
subject NE-columns are considered as F.

3.1.2 2-hop Distant Supervision

In the conventional distant supervision setting,
each entity pair (h,t) is associated with a bag of
sentences S}, 4 that directly mention A and ¢. The
intuition behind 2-hop distant supervision is, if
(hi,t;) and (hj,t;) potentially hold the same rela-
tion, we can treat them as anchor entity pairs for
each other, and then use the 1-hop DS bag S, +; to
help with the prediction for (h;, ¢;) and vice versa.
In this paper, we extract anchor entity pairs with
the help of Web tables.

We notice that owing to the semi-structured na-
ture of tables, (1) subject entities can usually be
connected with the topic entity by the same rela-
tion. (2) Non-subject columns of a table usually
have binary relationships to or are properties of the

subject column. Body entities in the same column
share common relations with their corresponding
subject entities. For example, in Figure 1, the topic
entity is “Mr. Basketball USA”; column 1 is the
subject column and contains a list of winners of
“Mr. Basketball USA”; column 2 and column 3
are high school and city of the subject entity.

Formally, we consider two entity pairs (h;, t;)
and (h;, t;) as anchored if there exists a Web table
such that either criterion below is met:

o h;, = hj =et and ¢;, t; € E*.

e hj € E°ort; € E®, (h;,hj) is in the same
column (and so is (t;,t;)), and (h;,t;) is in
the same row (and so is (hj, t;))

The 2-hop DS bag S,{t is then constructed as
the union of Sy, ¢,’s, where (h;,t;) is an anchor
entity pair of (h,t).

3.2 Sentence Encoding

Given a sentence s consisting of n words s =
{w1,wa, ..., wy, }, we use a neural network with an
embedding layer and an encoding layer to obtain
its low-dimensional vector representation.

3.2.1 Embedding Layer

Each token is first fed into an embedding layer to
embed both semantic and positional information.

Word Embedding maps words to vectors of
real numbers which preserve syntactic and seman-
tic information of words. Here we get a vector
representation w; € R*w for each word from a
pre-trained word embedding matrix.

Position Embedding was proposed by Zeng
etal. (2014). Position embedding is used to embed
the positional information of each word relative to
the head and tail mention. A position embedding
matrix is learned in training to compute position
representation p; € RFr*2,

Finally, we concatenate the word representa-
tion w; and position representation p; to build
the input representation x; € RF: (where k; =
ky + Ky x 2) for each word w;.

3.2.2 Encoding Layer

A sequence of input representations x =
{x1,x%2,...} with a variable length is then fed
through the encoding layer and converted to a
fixed-sized sentence representation s € RF:,
There are many existing neural architectures that
can serve as the encoding layer, such as CNN



(Zeng et al., 2014), PCNN (Zeng et al., 2015) and
LSTM-RNN (Miwa and Bansal, 2016). We sim-
ply adopt PCNN here, which has been shown very
powerful and efficient by a number of previous RE
works.

PCNN is an extension to CNN, which first
slides a convolution kernel with a window size m
over the input sequence to get the hidden vectors:

A piecewise max-pooling is then applied over the
hidden vectors:

[s(V]); = max {[hy];},

1<i<iy
@1, = 1.
57 =, max {[hi;}, 2
3. = 1.
577 =, max {[hi];},

where 47 and iy are head and tail positions. The
final sentence representation s is composed by

concatenating these three pooling results s =
[S(l); s(@): 5(3)].

3.3 Hierarchical Bag Aggregation

After we get sentence representations {si,sg, ...}
and {sT sl ...} for S and ST, to fuse key infor-
mation from these two bags, we adopt a hierarchi-
cal aggregation design to obtain the final represen-
tation r for prediction. We first get bag representa-
tion h and h” using a sentence-level selective at-
tention, and then employ a bag-level aggregation
to compute r.

3.3.1 Sentence-level Selective Attention

Since the wrong labeling problem inevitably ex-
ists in both 1-hop and 2-hop distant supervision,
here we use selective attention to assign different
weights to different sentences given relation r and
de-emphasize the noisy sentences. The attention
is caculated as follows:

€ = q;!—siv
exp(e;)
> i1 exp(e;)’

n
h= E QjS;,
=1

where q, is a query vector assigned to relation 7.
h and h” are computed respectively for the two
bags S and ST

3)

oy =

3.3.2 Bag-level Aggregation

Since 2-hop DS bag ST is collected indirectly
through anchor entity pairs in Web tables, despite
that it brings abundant information, it also con-
tains a massive amount of noise. Thus treating
ST equally as S may mislead the prediction, espe-
cially when their sizes are extremely imbalanced.

To automatically decide how to balance be-
tween S and ST, we utilize information from h,
h” and q, to predict a weight 3:

B=c(W[h;h';q,] +b), 4)

where vector W and scalar b are learnable vari-
ables and o is the sigmoid function. Next, (3 is
used as a weight to fuse information from 1-hop
DS and 2-hop DS, determined by S and S”' of the
current target entity pair and relation . We then
obtain the final representation r as:

r=pgh+ (1-3)h", )

Finally, we define the conditional probability
P(r|S, ST, 0) as follows,

P(r]5, 57, 0) = <P

= — 6
ST eplon) O

where o is the score vector for current target entity
pair having each relation,

o= Mr+d, @)

here M is the representation matrix of relations,
which shares weights with q,-’s. d is a learnable
bias term.

3.4 Optimization

We adopt the cross-entropy loss as the training ob-
jevtive function. Given a set of target entity pairs
with relations m = {(hl, t1, 7“1), (hz, to, 7“2), },
we define the loss function as follows:

||

> 10gP(ril S, 4, St 115 0)- (8)

J(O)=——
Il =

All models are trained with stochastic gradient de-

scent (SGD) to minimize the objective function.

The same sentence encoder is used to encode S

and ST.



Train Test
Overall Non-NA | Overall Non-NA
# Entity Pairs 201699 18144 | 96678 1761
# Entity Pairs with [ST| >0 | 17565 6928 4832 824
% Entity Pairs with [ST| >0 | 6.02 38.18 5.00 46.79
mean | S| 1.69 5.24 1.62 2.78
mean |S7| 147.65 190.61 | 131.65 217.23

Table 1: Dataset statistics. We show statistics of entity
pairs that hold non-NA relations separately from over-
all, as they are important relational facts to discover.
Among non-NA entity pairs, 38.18% in training and
46.79% in testing have nonempty S, which respec-
tively have 190.61 and 217.23 sentences on average.

4 Experiments

4.1 Datasets and Evaluation

We evaluate our model on the New York Times
(NYT) dataset developed by Riedel et al. (2010),
which is widely used in recent works. The dataset
has 53 relations including a special relation NA
which indicates none of the other 52 relations ex-
ists between the head and tail entity.

We use the WikiTable corpus collected by Bha-
gavatula et al. (2015) as our table source. It origi-
nally contains around 1.65M tables extracted from
Wikipedia pages. Since the NYT dataset is already
linked to Freebase, we perform entity linking on
the table cells and the Wikipedia page titles using
existing mapping from Wikipedia URL to Free-
base MID (Machine Identifier). We then align the
table corpus with NYT and construct ST for en-
tity pairs as detailed in section 3.1. For both train-
ing and testing, we only use entity pairs and sen-
tences in the original NYT training data for table-
aided instance expansion. We set the max size of
ST as 300, and randomly sample 300 sentences if
|ST| > 300. Statistics of our final dataset is sum-
marized in Table 1. One can see that 38.18% and
46.79% of relational facts (i.e., entity pairs holding
non-NA relations) respectively in the training and
testing set can potentially benefit from leveraging
2-hop DS.

Following prior work (Mintz et al., 2009), we
use the testing set for held-out evaluation, and
evaluate models by comparing the predicted rela-
tional facts with those in Freebase. For evaluation,
we rank the extracted relational facts based on
model confidence and plot precision-recall curves.
In addition, we also show the area under the curve
(AUC) and precision values at specific recall rates
to conduct a more comprehensive comparison.

Window size m 3
Sentence Representation Size k" | 230
Word Dimension k% 50
Position Dimension kP 5
Pre-train Learning Rate Ap 0.005
Fine-tune Learning Rate Ap 0.002
Dropout Probability p 0.5

Table 2: Parameter settings in REDS2.

4.2 Baselines

We compare REDS2 with the following baselines:
PCNN+ATT (Lin et al., 2016). This model uses a
PCNN encoder combined with selective attention
over sentences. Since this is also the base block
of our model, we also refer to it as BASE in this
paper.

PCNN+HATT (Han et al., 2018). This is another
PCNN based relation extraction model, where the
authors use hierarchical attention to model the se-
mantic correlations among relations.

RESIDE (Vashishth et al., 2018). It uses Graph
Convolutional Networks (GCN) for sentence en-
coding, and also leverages relevant side informa-
tion like relation alias and entity type.

Results of PCNN+HATT and RESIDE are di-
rectly taken from the code repositories released by
the authors. For PCNN+ATT, we report results ob-
tained by our reproduced model, which are close
to those shown in (Lin et al., 2016). To simply
verify the effectiveness of adding extra support-
ing sentences from 2-hop DS, we also compare the
following vanilla method with PCNN+ATT:
BASE+MERGE. For each target entity pair
(h,t), we simply merge S and S as one sentence
bag, and apply the trained PCNN+ATT (or, BASE)
model.

4.3 Implementation Details

We preprocess the WikiTable corpus with PySpark
to build index for anchor entity pairs. On a single
machine with two 8-core ES CPUs and 256 GB
memory, this processing takes around 20 minutes.

We use word embeddings from (Lin et al., 2016)
for initialization, which are learned by word2vec
tool®> on NYT corpus. The vocabulary is com-
posed of words that appear more than 100 times
in the corpus and words in an entity mention are
concatenated as a single word.

3https://code.google.com/archive/p/word2vec/
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Figure 3: Precision-recall curves for the proposed
model and various baselines.

Method P@0.1 P@0.2 P@03 AUC
PCNN+ATT 65.9 58.7 504 358
PCNN+HATT 79.3 67.2 61.6 42.0
RESIDE 73.6 68.4 59.5 415
BASE+MERGE | 65.9 64.5 624 412
REDS2 75.9 70.4 65.5 44.7

Table 3: Comparison on Precision@recall and AUC.

To see the effect of 2-hop DS more directly,
we set most parameters in REDS2 following Lin
et al. (2016). Since the original NYT dataset only
contains training and testing set, we randomly
sample 20% training data for development. We
first pre-train a PCNN+ATT model with only S
and sentence-level selective attention. This BASE
model converges in around 100 epochs. We then
fine-tune the entire model with S” and bag-level
aggregation added, which can finish within 50
epochs. Some key parameter settings in REDS2
are summarized in Table 2.

In testing phase, inference using 2-hop DS is
slower, because the average size of ST is about
100 times that of 5. With single 2080ti GPU, one
full pass of testing data takes around 37s using
REDS2, compared with 12s using BASE model.

4.4 Results
4.4.1 Overall Evaluation Results

Evaluation results on all target entity pairs in test-
ing set are shown in Figure 3 and Table 3, from
which we make the following observations:

(1) Figure 3 shows all models obtain a reason-
able precision when recall is smaller than 0.05.
With the recall gradually increasing, the perfor-
mance of models with 2-hop DS drops slower

1.0
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o
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Figure 4: Precision-recall curves on the subset of test
entity pairs whose ST is not empty, to better show the
effect of hierarchical bag aggregation design.

than those existing methods without. From Fig-
ure 3, we can see simply merging S7 with S
in BASE+MERGE can boost the performance
of basic PCNN+ATT model, and even achieves
higher precision than state-of-the-art models like
PCNN+HATT when recall is greater than 0.3.
This demonstrates that models utilizing 2-hop DS
are more robust and remain a reasonable precision
when including more lower-ranked relational facts
which tend to be more challenging to predict be-
cause of insufficient evidence.

(2) As shown in both Figure 3 and Table 3,
REDS2 achieves the best results among all the
models. Even when compared with PCNN+HATT
and RESIDE which adopt extra relation hierarchy
and side information from KB, our model still en-
joys a significant performance gain. This is be-
cause our method can take advantage of the rich
entity pair correlations in Web tables and leverage
the extra information brought by 2-hop DS. We an-
ticipate our REDS 2 model can be further improved
by using more advanced sentence encoders and ex-
tra mechanisms like reinforcement learning (Feng
et al., 2018) and adversarial training (Wu et al.,
2017), which we leave for future work.

4.4.2 Effect of Hierarchical Bag Aggregation

To further show the effect of our hierarchical bag
aggregation design, here we also plot precision-
recall curves in Figure 4 on a subset of entity pairs
in the test set (i.e., 4832 in total according to Table
1) whose table expanded sentence bag S7 is not
empty.

One main challenge of using 2-hop DS is it
brings more noise. As shown in Table 1, for en-



MULTIPLE

Test Mode SINGLE ONE TWO ALL

Metric P@0.1 P@0.2 P@0.3 AUC | P@0.] P@0.2 P@03 AUC | P@0.1 P@0.2 P@0.3 AUC | P@0.l1 P@0.2 P@0.3 AUC
PCNN+ATT 573 530 413 300 | 729 664 575 390 | 753 697 63.8 459 | 805 68.6 642 486

RESIDE 669 605 518 362 | 797 704 574 421 717 761 676 465 | 832 803 732 519
PCNN+HATT | 70.1 59.1 50.8 348 | 745 674 572 40.1 | 784 689 659 445 | 864 755 700 49.7
BASE+MERGE | 622 585 552 356 | 714 749 732 513 | 700 718 739 520 | 707 71.1 732 520

REDS2 ‘ 69.1 61.1 574 375 | 824 819 781 563 | 814 796 769 572 | 824 796 766 57.6

Table 4: Comparison on Precision@recall and AUC under different testing settings, detailed in Section 4.4.3.

max |ST| | P@0.1 P@0.2 P@0.3 AUC Relation: country.capital
10 57.9 55.8 515  36.2 1-hop the golden gate bridge and
50 69.4 65.7 60.8 422 the petronas towers in kuala_lumpur,
100 70.4 66.7 62.3 43.2 malaysia, was experienced ...
200 72.8 68.4 634 440 2-hop | a friend from cardiff , the capital city
300 75.9 70.4 65.5 44.7 of wales , lives for complex ...

Table 5: Effect of the table expanded sentence bag size
|ST| on Precision@recall and AUC.

tity pair with nonempty S7, the size of S is usu-
ally tens of times the size of S. From Figure 4
we can see BASE+MERGE performs much worse
compared with PCNN+ATT when recall is smaller
than 0.2. This is because 2-hop DS bag tends to
be much larger than 1-hop DS bag, and the model
has a larger chance to attend to the noisy sentences
obtained from 2-hop DS. While ignoring the in-
formation in its directly associated sentences. We
alleviate this problem by introducing hierarchical
structure to first aggregate the two sets separately
and then weight and sum them together. The pro-
posed REDS2 model has a comparable precision
with PCNN+ATT in the beginning and gradually
outperform it.

4.4.3 Effect of Sentence Number

Number of sentences from 1-hop DS. In the
originally testing set, there are 79176 entity pairs
that are associated with only one sentence, out of
which 1149 actually have relations. We hope our
model can improve performance on these long-
tail entities. Following Lin et al. (2016), we de-
sign the following test settings to evaluate the ef-
fect of sentence number: the “SINGLE” test set-
ting contains all entity pairs that correspond to
only one sentence; the “MULTIPLE” test setting
contains the rest of entity pairs that have at least
two sentences associated. We further construct
the “ONE” testing setting where we randomly se-
lect one sentence for each entity pair; the “TWO”
setting where we randomly select two sentences
for each entity pair and the “ALL” setting where

Table 6: An example for case study, where the sen-
tence with the highest attention weight is selected re-
spectively from 1-hop and 2-hop sentence bag.

we use all the associated sentences from MUL-
TIPLE. We use all sentences in S7 for each en-
tity pair if it is nonempty. Results are shown in
Table 4, from which we can see that REDS2 and
BASE+MERGE have 25.0% and 18.7% improve-
ments under AUC compared with PCNN+ATT in
the SINGLE setting. Although the performance
of all models generally improves as the sentence
number increases in MULTIPLE setting, models
leveraging 2-hop DS are more stable and have
smaller changes. These observations indicate that
2-hop DS is helpful when information obtained by
1-hop DS is insufficient.

Number of sentences from 2-hop DS. We also
evaluate how the number of sentences obtained
by 2-hop DS will affect the performance of our
proposed model. In Table 5, we show the perfor-
mance of REDS2 with different numbers of sen-
tences sampled from S7. We observe that: (1)
Performance of REDS2 improves as the number
of sentences sampled increases. This shows that
the selective attention over S7 can effectively take
advantage of the extra information from 2-hop
DS while filtering out noisy sentences. (2) Even
with 50 randomly sampled sentences, our model
REDS?2 still has a higher AUC than all baselines
in Table 3. This indicates information obtained by
2-hop DS is redundant, even a small portion can
be beneficial to relation extraction. How to sam-
ple a representative set effectively is worth further
exploring in future work.



4.5 RE for Entity Pairs with Empty 1-hop
Sentence Bag

We observe that there are large amounts of entity
pairs in the table corpus that have no associated
sentences but have anchor entity pairs mentioned
in the text corpus. By leveraging 2-hop distant su-
pervision, we can do relation extraction for this set
of entity pairs.

We extract a total number of 251917 entity pairs
from the WikiTable dataset which do not exist in
the NYT dataset but have at least one anchor entity
pair that appear in the original NYT training data.
We randomly sample 10000 examples and evalu-
ate our trained model on them. Surprisingly, the
relation extraction result is even better than the re-
sult on the NYT test data in Table 3, with an over-
all AUC of 54.7 and a P@0.3 of 71.1. This can
be explained partly by two observations: (1) The
table corpus generates higher-quality entity pairs,
18% of extracted entity pairs have non-NA rela-
tions, compared with only 1.8% in NYT test data.
(2) The newly extracted entity pairs have 14 useful
anchor entity pairs and 175 2-hop DS sentences on
average, which give ample information for predic-
tion. This study shows that for two entities that
have no directly associated sentences, it is possi-
ble to utilize the 2-hop DS to predict their relations
accurately.

4.6 Case Study and Error Analysis

In addition to the motivating example from the
training set shown in Figure 1, we also demon-
strate how 2-hop DS helped relation extraction us-
ing an example from the testing set in Table 6.
As we can see, the sentence with the highest at-
tention weight in 1-hop DS bag does not express
the desired relation between the target entity pair
whereas that in 2-hop DS bag clearly indicates the
country.capital relation.

We also conduct an error analysis by analyz-
ing examples where REDS2 gives worse predic-
tions than BASE (e.g., assigns a lower score to a
correct relation or a higher score to a wrong re-
lation), and 50 examples with most disparity in
the two methods’ scores are selected. We find
that 29 examples have wrong labels caused by KB
incompleteness and our model in fact makes the
right prediction. 11 examples are due to errors
in column processing (e.g., errors in NE/subject
column selection and entity linking), 9 are caused
by anchor entity pairs with differet relations (e.g.,

(Greece, Atlanta) and (Mexico, Xalapa) are in
the same table “National Records in High Jump”
under columns (Nation, Place), but only the lat-
ter has relation location.contains), and 1
is because of wrong information in the original ta-
ble.

5 Conclusion and Future Work

This paper introduces 2-hop distant supervision
for relation extraction, based on the intuition that
entity pairs in relational Web tables often share
common relations. Given a target entity pair, we
define and find its anchor entity pairs via Web ta-
bles and collect all sentences that mention the an-
chor entity pairs to help relation prediction. We
develop a new neural RE method REDS2 in the
multi-instance learning paradigm which fuses in-
formation from 1-hop DS and 2-hop DS using
a hierarchical model structure, and substantially
outperforms existing RE methods on a bench-
mark dataset. Interesting future work includes:
(1) Given that information from 2-hop DS is re-
dundant and noisy, we can explore smarter sam-
pling and/or better bag-level aggregation methods
to capture the most representative information. (2)
Metadata in Web tables like headers and column
names also contain rich information, which can be
incorporated to further improve RE performance.
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Abstract

Code retrieval is a key task aiming to match
natural and programming languages. In this
work, we propose adversarial learning for
code retrieval, that is regularized by question-
description relevance. First, we adapt a sim-
ple adversarial learning technique to generate
difficult code snippets given the input ques-
tion, which can help the learning of code
retrieval that faces bi-modal and data-scarce
challenges. Second, we propose to lever-
age question-description relevance to regular-
ize adversarial learning, such that a generated
code snippet should contribute more to the
code retrieval training loss, only if its paired
natural language description is predicted to be
less relevant to the user given question. Exper-
iments on large-scale code retrieval datasets
of two programming languages show that our
adversarial learning method is able to im-
prove the performance of state-of-the-art mod-
els. Moreover, using an additional duplicate
question prediction model to regularize ad-
versarial learning further improves the perfor-
mance, and this is more effective than using
the duplicated questions in strong multi-task
learning baselines.'

1 Introduction

Recently there has been a growing research interest
in the intersection of natural language (NL) and
programming language (PL), with exemplar tasks
including code generation (Agashe et al., 2019;
Bi et al., 2019), code summarizing (LeClair and
McMillan, 2019; Panthaplackel et al., 2020), and
code retrieval (Gu et al., 2018). In this paper, we
study code retrieval, which aims to retrieve code
snippets for a given NL question such as “Flatten
a shallow list in Python.” Advanced code retrieval
tools can save programmers tremendous time in

'Source code and dataset are available at
https://github.com/jiez-osu/QQC.

Huan Sun
The Ohio State University
sun.397@osu.edu

various scenarios, such as how to fix a bug, how
to implement a function, which API to use, etc.
Moreover, even if the retrieved code snippets do
not perfectly match the NL question, editing them
is often much easier than generating a code snippet
from scratch. For example, the retrieve-and-edit
paradigm (Hayati et al., 2018; Hashimoto et al.,
2018; Guo et al., 2019) for code generation has
attracted growing attention recently, which first em-
ploys a code retriever to find the most relevant code
snippets for a given question, and then edit them
via a code generation model. Previous work has
shown that code retrieval performance can signif-
icantly affect the final generated results (Huang
et al., 2018) in such scenarios.

There have been two groups of work on code re-
trieval: (1) One group of work (e.g., the recent
retrieve-and-edit work (Hashimoto et al., 2018;
Guo et al., 2019)) assumes each code snippet is
associated with NL descriptions and retrieves code
snippets by measuring the relevance between such
descriptions and a given question. (2) The other
group of work (e.g., CODENN (Iyer et al., 2016)
and Deep Code Search (Gu et al., 2018)) directly
measures the relevance between a question and a
code snippet. Comparing with the former group,
this group of work has the advantage that they can
still apply when NL descriptions are not available
for candidate code snippets, as is often the case for
many large-scale code repositories (Dinella et al.,
2020; Chen and Monperrus, 2019). Our work con-
nects with both groups: We aim to directly match a
code snippet with a given question, but during train-
ing, we will utilize question-description relevance
to improve the learning process.

Despite the existing efforts, we observe two chal-
lenges for directly matching code snippets with
NL questions, which motivate this work. First,
code retrieval as a bi-modal task requires repre-
sentation learning of two heterogeneous but com-



plementary modalities, which has been known to
be difficult (Cvitkovic et al., 2019; LeClair and
McMillan, 2019; Akbar and Kak, 2019) and may
require more training data. This makes code re-
trieval more challenging compared to document
retrieval where the target documents often contain
useful shallow NL features like keywords or key
phrases. Second, code retrieval often encounters
special one-to-many mapping scenarios, where one
NL question can be solved by multiple code solu-
tions that take very different approaches. Table 1
illustrates the challenges. For i=1,2 or 3, ¢ is
an NL question/description that is associated with
a Python answer ¢, Here, question ¢ should
be matched with multiple code snippets: c* and
c?, because they both flatten a 2D list despite with
different programming approaches. In contrast, c®®
is performing a totally different task, but uses many
overlapped tokens with ¢, Hence, it can be diffi-
cult to train a code retrieval model that generalizes
well to match ¢V with both ¢ and ¢®, and is
simultaneously able to distinguish ¢ from ¢®.

To address the first challenge, we propose to in-
troduce adversarial training to code retrieval, which
has been successfully applied to transfer learning
from one domain to another (Tzeng et al., 2017)
or learning with scarce supervised data (Kim et al.,
2019). Our intuition is that by employing a gen-
erative adversarial model to produce challenging
negative code snippets during training, the code
retrieval model will be strengthened to distinguish
between positive and negative (g, ¢) pairs. In par-
ticular, we adapt a generative adversarial sampling
technique (Wang et al., 2017), whose effectiveness
has been shown in a wide range of uni-modal text
retrieval tasks.

For the second challenge, we propose to further
employ question-description (QD) relevance as a
complementary uni-modal view to reweight the ad-
versarial training samples. In general, our intuition
is that the code retrieval model should put more
weights on the adversarial examples that are hard
to distinguish by itself, but easy from the view of a
QD relevance model. This design will help solve
the one-to-many issue in the second challenge, by
differentiating true negative and false negative ad-
versarial examples: If a QD relevance model also
suggests that a code snippet is not relevant to the
original question, it is more likely to be a true nega-
tive, and hence the code retrieval model should put
more weights on it. Note that this QD relevance

q® Flatten a shallow list in Python

c(l) from itertools import chain
rslt = chain(xlist_2d)

q® How to flatten a 2D list to 1D without using numpy?

6(2) list_of_lists = [[1,2,3],[1,2],[1,4,5,6,7]]
[j for sub in list_of_lists for j in sub]

q® How to get all possible combinations of a list’s elements?
c(.’s) from itertools import chain, combinations
subsets = chain (+map (lambda x: combinations (
mylist, x), range(0, len(mylist)+1)))

Table 1: Motivating Example. (¢, ¢/”) denotes an as-
sociated (natural language question, code snippet) pair.
¢ can also be viewed as a description of ¢”. Given
q"V, the ideal code retrieval result is to return both ¢
and ¢® as their programming semantics are equiva-
lent. Contrarily, ¢® is semantically irrelevant to ¢
and should not be returned, although its surface form
is similar to ¢*. In such cases, it can be easier to de-
cide their relationships from the question perspective,
because (¢, ¢'») are more alike than (¢, ¢®).

design aims to help train the code retrieval model
better and we do not need NL descriptions to be
associated with code snippets at testing phase.

We conduct extensive experiments using a large-
scale (question, code snippet) dataset StaQC (Yao
et al., 2018) and our collected duplicated question
dataset from Stack Overflow?. The results show
that our proposed learning framework is able to im-
prove the state-of-the-art code retrieval models and
outperforms using adversarial learning without QD
relevance regularization, as well as strong multi-
task learning baselines that also utilize question
duplication data.

2 Overview

The work studies code retrieval, a task of match-
ing questions with code, which we will use QC
to stand for. The training set D consists of NL
question and code snippet pairs DU ={q® ¢},
Given NL question ¢, the QC task is to find o
from D among all the code snippets. For sim-
plicity, we omit the data sample index and use ¢
and c to denote a QC pair, and ¢~ to represent any
other code snippets in the dataset except for c.
Our goal is to learn a QC model, denoted as fgc,
that retrieves the highest score code snippets for
an input question: arg maXyc(ou{c-} 155, ).
Note that at testing time, the trained QC model f<¢
can be used to retrieve code snippets from any code
bases, unlike the group of QC methods (Hayati
et al., 2018; Hashimoto et al., 2018; Guo et al.,

https://stackoverflow.com/



2019) relying on the availability of NL descriptions
of code.

We aim to address the aforementioned chal-
lenges in code retrieval through two strategies:
(1) We introduce adversarial learning (Goodfellow
etal., 2014a) to alleviate the bi-modal learning chal-
lenges. Specifically an adversarial QC generator
selects unpaired code snippets that are difficult for
the QC model to discriminate, to strengthen its abil-
ity to distinguish top-ranked positive and negative
samples (Wang et al., 2017). (2) We also propose
to employ a question-description (QD) relevance
model to provide a secondary view on the generated
adversarial samples, inspired by the group of QC
work that measures the relevance of code snippets
through their associated NL descriptions.

Figure 1 gives an overview of our proposed learn-
ing framework, which does not assume specific
model architectures and can be generalized to dif-
ferent base QC models or use different QD rele-
vance models. A general description is given in the
caption. In summary, the adversarial QC generator
selects ¢ that is unpaired with a given ¢. ¢ is an NL
description of ¢. Details on how to acquire § will
be introduced in Section 3.2. Next, a QD model
predicts a relevance score for (g, §). A pairwise
ranking loss is calculated based on whether the QC
model discriminates ground-truth QC pair (g, c)
from unpaired (g, ¢). Learning through this loss is
reweighted by a down-scale factor, which is dynam-
ically determined by the QD relevance prediction
score. This works as a regularization term over
potential false negative adversarial samples.

3 Proposed Methodology

We now introduce in detail our proposed learning
framework. We start with the adversarial learn-
ing method in Section 3.1 and then discuss the
rationale to incorporate question-description or QD
relevance feedback in Section 3.2, before putting
them together in Section 3.3 and Section 3.4.

3.1 Adversarial Learning via Sampling

We propose to apply adversarial learning (Goodfel-
low et al., 2014a) to code retrieval. Our goal is to
train a better QC model fgc by letting it play the
adversarial game with a QC generator model ggc.
0 represents the parameters of the QC model and
¢ represents the parameters of the adversarial QC
generator. As in standard adversarial learning, fgc
plays the discriminator role to distinguish ground-
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Figure 1: Regularized adversarial learning framework.
Best viewed in color. The adversarial QC generator
(middle) produces an adversarial code given an NL
question. The QD relevance model (right) then predicts
a relevance score between the given question and the
NL description or the generated adversarial code. A
pairwise ranking loss is computed between the ground-
truth code and the adversarial code. The QC model
(left) is trained with the ranking loss, after it is scaled by
a QD relevance regularization weight that depends on
the QD relevance score. The parameter update is larger
when the relevance score is smaller and vice versa.

truth code snippet ¢ from generated pairs ¢. The
training objective of the QC model is to minimize
Ly below:

Lo =) Eoup,(qinlo(a”,c?,8),

i
lp = max(0, d+ 3 (¢™, &)~ f& (g™, ),
where [y is a pairwise ranking loss, and specifically

we use a hinge loss with margin d. ¢ is gener-
ated by ggc and follows a probability distribution

Py(clg™). ggc aims to assign higher probabilities
to code snippets that would mislead fgc.

There are many ways to realize the QC generator.
For example, one may employ a sequence model to
generate the adversarial code snippet ¢ token by to-
ken (Bi et al., 2019; Agashe et al., 2019). However,
training a sequence generation model is difficult,
because the search space of all code token combi-
nations is huge. Henceforce, we turn to a simpler
idea inspired by Wang et al. (2017), and restrict the
generation of ¢ to the space of all the existing code
snippets in the training dataset D?. The QC gen-
erator then only needs to sample an existing code
snippet ¢ from an adversarial probability distri-
bution conditioned on a given query and let it be ¢,
i.e., é=c?~Py(c|q"”). Adopting this method will
make training the QC generator easier, and ensures
that the generated code snippets are legitimate as
they directly come from the training dataset. We



define the adversarial code distribution as:
C/ @
exp(g3< (¢, c)/7)
> exp(gic(q, ¢)/7)

where ggc represents an adversarial QC matching
function. 7 is a temperature hyper-parameter used
to tune the distribution to concentrate more of less
on top-scored code snippets. Moreover, scoring all
code snippets can be computationally inefficient in
practice. Therefore, we use the method of Yang
et al. (2019) to first uniformly sample a subset of
data, whose size is much smaller than the entire
training set size, and then perform adversarial sam-
pling on this subset.

The generator function ggc can be pre-trained in

Py(clg”) =

the same way as the discriminator (i.e., fézc) and
then get updated using standard policy gradient
reinforcement learning algorithms, such as REIN-
FORCE (Williams, 1992), to maximize the ranking
losses of the QC model. Formally, the QC gener-
ator aims to maximize the following expected re-
ward: J(0)=3_,E.i)op, (e lo(q”, ¢, )],
where lg(q", ¢, cY) is the pairwise ranking
loss of the discriminator model defined ear-
lier. The gradient of J can be derived as
Vo =2 Beirop, (g llo - Vo LlogPs(cP]q™)].

Another option is to let ggc use the same ar-

chitecture as fgc and use tied parameters (i.e.,
¢=0), as adopted in previous work (Deshpande
and M.Khapra, 2019; Park and Chang, 2019).

The focus of this work is to show the effective-
ness of applying adversarial learning to code re-
trieval, and how to regularize it with QD relevance.
We leave more complex adversarial techniques (e.g.
adversarial perturbation (Goodfellow et al., 2014b;
Miyato et al., 2015) or adversarial sequence gener-
ation (Li et al., 2018)) for future studies.

3.2 Question-Description Relevance
Regularization

Intuitively, we can train a better code retrieval
model, if the negative code snippets are all true-
negative ones, i.e., if they are confusingly similar
to correct code answers, but perform different func-
tionalities. However, because of the one-to-many
mapping issue, some negative code snippets sam-
pled by the adversarial QC generator can be false-
negative, i.e. they are equally good answers for
a given question despite that they are not paired
with the question in the training set. Unfortunately
during training, this problem could become increas-

ingly obvious as the adversarial will be improved
along with the code retrieval model, and eventually
makes learning less and less effective. Since both
the QC model and the adversarial QC generator op-
erates from the QC perspective, it is difficult to fur-
ther discriminate true-negative and false-negative
code snippets.

Therefore, we propose to alleviate this problem
with QD relevance regularization. This idea is in-
spired by the group of QC work mentioned in Sec-
tion 1 that retrieves code snippets by matching their
NL descriptions with a given question. But differ-
ent from them, we only leverage QD relevance
during training to provide a secondary view and
to reweight the adversarial samples. Fortunately,
an adversarial code snippet ¢ sampled from the
original training dataset DC is paired with an NL
question ¢, which can be regarded as its NL de-
scription and used to calculate the relevance to the
given question q.

Let us refer to the example in Table 1 again.
At a certain point of training, with ¢V “Flatten
a shallow list in Python” being the given ques-
tion, the adversarial QC generator may choose ¢
and ¢® as the negative samples, but instead of
treating them equivalently, we can infer from the
QD matching perspective that ¢ is likely to be
true negative, because ¢'® “How to get all possible
combinations of a list’s elements” clearly has dif-
ferent meanings from ¢, while ¢® is likely to be
a false negative example since ¢® “How to flatten
a 2D list to 1D without using numpy?” is similar
to ¢V, Hence, during training, the discriminative
QC model should put more weights on negative
samples like ¢® rather than ¢®.

We now explain how to map QD relevance
scores to regularization weights. Let f(q,q)
denote the predicted relevance score between the
given question ¢ and the question paired with an
adversarial code snippet g, and let f2°(q, ¢) be nor-
malized to the range from 0 to 1. We can see from
the above example that QD relevance and adjusted
learning weight should be reversely associated, so
we map the normalized relevance score to a weight
using a monotonously decreasing polynomial func-
tion: w (z)=(1—2%)", 0<x<1. Both a and b are
positive integer hyper-parameters that control the
shape of the curve and can be tuned on the dev sets.
In this work, they are both set to one by default for
simplicity. w® € [0,1] allows the optimization
objective to weigh less on adversarial samples that



Algorithm 1: Question-Description Rele-
vance Regularized Adversarial Learning.
QC training data : D¢ = {¢V ¢}

QD model o
Constants :positive intergers N, 7, a, b

Result: QC model f3¢
> Pretrain f;?C on D using pairwise ranking loss

-

ZSC with randomly sampled negative code snippets ;

2 > Initialize QC generator ggc with fng: ¢+ 0;

3 while not converge or not reach max iter number do

4 for random sampled (¢, ¢”) € D do

5 Randomly choose D={q,c} C D%, where
[D|=N;

6 Sample ¢ €D, that ¢V ~ Py (c|q") =
softmaxf(ggc(q“)7 )

7 lgc —lo(q?, ™, W) ;

8 Find ¢ associated with ¢?’,
W (1= [P0, q0))

9 Update QC model with gradient descent to
reduce loss: w - lgc H

10 Update adversarial QC generator with
gradient ascent: 13 - V4 logPy (¢ ™)

1 end

12 > Optional QD model update. (See Section 3.4.)

13 end

are more likely to be false negative.

3.3 Question-Description Relevance
Regularized Adversarial Learning

Now we describe the proposed learning framework
in Algorithm 1 that combines adversarial learning
and QD relevance regularization. Let us first as-
sume the QD model is given and we will explain
how to pre-train, and optionally update it shortly.

The QC model can be first pre-trained on D us-
ing standard pairwise ranking loss ly(q?, c¢?, c1)
with randomly sampled ¢. Line 3-11 show
the QC model training steps. For each QC pair
(g™, ™), a batch of negative QC pairs are sam-
pled randomly from the training set D?°. The QC
generator then choose an adversarial ¢ from dis-
tribution Py(c|¢™) defined in Section 3.1, and its
paired question is ¢'”. Two questions ¢ and ¢
are then passed to the QD model, and the QD rel-
evance prediction is mapped to a regularization
weight w?P. Finally, the regularization weight is
used to control the update of the QC model on the
ranking loss with the adversarial ¢.

3.4 Base Model Architecture

Our framework can be instantiated with various
model architectures for QC or QD. Here we choose
the same neural network architecture as (Gu et al.,

2018; Yao et al., 2019) as our base QC model, that
achieves competitive or state-of-the-art code re-
trieval performances. Concretely, both a natural
language question ¢ and a code snippet c are se-
quences of tokens. They are encoded respectively
by separate bi-LSTM networks (Schuster and Pali-
wal, 1997), passed through a max pooling layer
to extract the most salient features of the entire
sequence, and then through a hyperbolic tangent
activate function. The encoded question and code
representations are denoted as h? and h°. Finally,
a matching component scores the vector represen-
tation between ¢ and ¢ and outputs their matching
score for ranking. We follow previous work to use
cosine similarity: f%(q, c¢) = cosine(h?, h¢).

QD Model. There are various model architec-
ture choices, but here for simplicity, we adapt the
QC model for QD relevance prediction. We let
the QD model use the same neural architecture
as the QC model, but with Siamese question en-
coders. The QD relevance score is the cosine simi-
larity between hqm and hqm, the bi-LSTM encod-
ing outputs for question ¢ and g respectively:
fQD(q(“,qm):cosine(hq(i),hq(j)). This method
allows using a pre-trained QC model to initial-
ize the QD model parameters, which is easy to
implement and the pre-trained question encoder
in the QC model can help the QD performance.
Since programming-domain question paraphrases
are rare, we collect a small QD training set consist-
ing of programming related natural language ques-
tion pairs D®={¢",p?} based on duplicated
questions in Stack Overflow.

The learning framework can be symmetrically
applied, as indicated by Line 12 in Algorithm 1,
so that the QD model can also be improved. This
may provide better QD relevance feedback to help
train a better QC model. In short, we can use a
discriminative and a generative QD model. The
generative QD model selects adversarial questions
to help train the discriminative QD model, and
this training can be regularized by the relevance
predictions from a QC model. More details will be
introduced in the experiments.

4 Experiments

In this section, we first introduce our experimen-
tal setup, and then will show that our method not
only outperforms the baseline methods, but also
multi-task learning approaches, where question-
description relevance prediction is the other task. In
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Train Dev  Test | Train Dev  Test
QC | 68,235 8,529 8,530 | 60,509 7,564 7,564
QD ‘ 1,085 1,085 1,447 ‘ 18,020 2,252 2,253

Table 2: Dataset statistics. QD is used to represent the
duplicate question dataset.

particular, the QD relevance regularization consis-
tently improves QC performance upon adversarial
learning, and the effectiveness of relevance regular-
ization can also be verified as it is symmetrically
applied to improve the QD task.

4.1 Datasets

We use StaQC (Yao et al., 2018) to train and evalu-
ate our code retrieval model, which contains auto-
matically extracted questions on Python and SQL
and their associated code answers from Stack Over-
flow. We use the version of StaQC that each ques-
tion is associated with a single answer, as those
associated with multiple answers are predicted by
an automatic answer detection model and therefore
noisier. We randomly split this QC datasets by a
70/15/15 ratio into training, dev and testing sets.
The dataset statistics are summarized in Table 2.

We use Stack Exchange Data Explorer® to col-
lect data for training and evaluating QD rele-
vance prediction. Specifically, we collect the
question pairs from posts that are manually la-
beled as duplicate by users, which are related by
LinkTypeId=3. It turns out that the QD datasets
are substantially smaller than the QC datasets, espe-
cially for Python, as shown in Table 2. This makes
it more interesting to check whether a small amount
of QD relevance guidance can help improve code
retrieval performances.

4.2 Baselines and Evaluation Metrics

We select state-of-the-art methods from both
groups of work for QC (mentioned in Introduc-
tion). DecAtt and DCS below are methods that
directly match questions with code. EditDist and
vMF-VAE transfer code retrieval into a question
matching problem.

e DecAtt (Parikh et al., 2016). This is a widely
used neural network model with attention mech-
anism for sentence pairwise modeling.

¢ DCS (Gu et al., 2018). We use this as our base
model, because it is a simple yet effective code

3SEDE and SEDE schema documentation.

retrieval model that achieves competitive perfor-
mance without introducing additional training
overheads (Yao et al., 2019). Its architecture has
been described in Section 3.4.

EditDist (Hayati et al., 2018). Code snippets are
retrieved by measuring an edit distance based
similarity function between their associated NL
descriptions and the input questions. Since there
is only one question for each sample in the QC
datasets, we apply a standard code summariza-
tion tool (Iyer et al., 2016) to generate code de-
scriptions to match with input questions.
vMF-VAE (Guo et al., 2019). This is similar to
EditDist, but a vMF Variational Autoencoder (Xu
and Durrett, 2018) is separately trained to embed
questions and code descriptions into latent vector
distributions, whose distance is then measured
by KL-divergence. This method is also used by
Hashimoto et al. (2018).

We further consider multi-task learning (MTL) as
an alternative way how QD can help QC. It is worth
mentioning that our method does not require asso-
ciated training data or the sharing of trained param-
eters between the QD and QC tasks, whereas MTL
typically does. For fair comparison, we adapt two
MTL methods to our scenario that use the same
base model, or its question and code encoders:

e MTL-DCS. This is a straightfoward MTL adapta-
tion of DCS, where the code encoder is updated
on the QC dataset and the question encoder is
updated on both QC and QD datasets. The model
is alternatively trained on both datasets.

¢ MTL-MLP (Gonzalez et al., 2018). This recent
MTL method is originally designed to rank rel-
evant questions and question-related comments.
It uses a multi-layer perceptron (MLP) network
with one shared hidden layer, a task-specific hid-
den layer and a task-specific classification layer
for each output. We adapt it for our task. The in-
put to the MLP is the concatenation of similarity
features [max(h9, h¢), h? — h® h? © h¢], where
© is element-wise product. 29 and h° are learned
using the same encoders as our base model.

The ranking metrics used for evaluation are
Mean Average Precision (MAP) and Normalize
Discounted Cumulative Gain (nDCG) (Jarvelin and
Kekaildinen, 2002). The same evaluation method
as previous work is adopted (Iyer et al., 2016; Yao
et al., 2019) for both QC and QD, where we ran-
domly choose from the testing set a fixed-size (49)
pool of negative candidates for each question, and
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MAP nDCG | MAP nDCG
EditDist (Hayati et al., 2018) 02348 0.3844 | 0.2096  0.3641
VMF-VAE (Guo et al., 2019) 02886  0.4511 | 0.2921  0.4537
DecAtt (Parikh et al., 2016) 0.5744  0.6716 | 0.5142  0.6231
DCS (Gu et al., 2018) 0.6015  0.6929 | 0.5155 0.6237
MTL-MLP (Gonzalez et al., 2018) | 0.5737  0.6712 | 0.5079  0.6179
MTL-DCS 0.6024  0.6935 | 0.5160  0.6237
Our 0.6372*  0.7206* | 0.5404* 0.6429*
Our - RR 0.6249*  0.7111* | 0.5274*  0.6327*

Table 3: Code retrieval (QC) performance on test sets.
* denotes significantly different from DCS (Gu et al.,
2018) in one-tailed t-test (p < 0.01).
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Figure 2: QC learning curves on the Python dev set.

evaluate the ranking of its paired code snippet or
questions among these negative candidates.

4.3 Implementation Details

Our implementation is based on Yao et al. (2019).
We follow this work to set the base model hyper-
parameters. The vocabulary embedding size for
both natural language and programming language
is set at 200. The LSTM hidden size is 400. Margin
in the hinge loss is 0.05. The trained DCS model is
used as pre-training for our models. The learning
rate is set at le-4 and the dropout rate set at 0.25.
For adversarial training, we set 7 to 0.2 following
(Wang et al., 2017) and limit the maximum num-
ber of epochs to 300. Standard L.2-regularization
is used on all the models. We empirically tried
to tie the parameters of the discriminator and the
generator following previous work (Deshpande and
M.Khapra, 2019; Park and Chang, 2019), which
shows similar improvements over the baselines. Im-
plementation from Xu and Durrett (2018) is used
for the vMF-VAE baseline.

We follow the code preprocessing steps in Yao
et al. (2018) for Python and Iyer et al. (2016) for
SQL. We use the NLTK toolkit (Bird and Loper,
2004) to tokenize the collected duplicate questions,
and let it share the same NL vocabulary as the QC
dataset D,

4.4 Results and Analyses

Our experiments aim to answer the following re-
search questions:

(1) Can the question regularized adversarial learn-
ing framework improve code retrieval (QC) perfor-
mance? We will first compare the code retrieval
performance of different methods. Table 3 sum-
marizes the test results, which are consistent on
both Python and SQL datasets. Code retrieval base-
lines by measuring QD relevance, e.g., EditDist
and vMF-VAE, are popularly used in code gener-
ation related work, but do not perform well com-
pared to other code retrieval baselines in our ex-
periments, partly because they are not optimized
toward the QC task. This suggests that applying
more advanced code retrieval methods for retrieve-
and-edit code generation can be an interesting fu-
ture research topic. DCS is a strong baseline, as
it outperforms DecAtt that uses a more complex
attention mechanism. This indicates that it is not
easy to automatically learn pairwise token associa-
tions between natural language and programming
languages from software community data, which
is also suggested by previous work (Panthaplackel
et al., 2019; Vinayakarao et al., 2017).

Our proposed learning algorithm can improve
the QC performance compared to all the baselines.
The “- RR” variant is to only apply adversarial
sampling without QD relevance regularization. It
already leads to improvements compared to the
base model (i.e. DCS), but does not perform as
well as our full model. This proves the usefulness
of the QD relevance regularization and indicates
that selectively weighting the contribution of ad-
versarial samples to the training loss can help the
model generalize better to test data. Figure 2 com-
pares QC learning curves on the dev set. The full
model curve being the smoothest qualitatively sug-
gests that the adversarial learning has been well
regularized.

(2) How does the proposed algorithm compare with
multi-task learning methods? The results are re-
ported in Table 4. The MTL-MLP model is orig-
inally proposed to improve question-question rel-
evance prediction by using question-comment rel-
evance prediction as a secondary task (Gonzalez
et al., 2018). It does not perform as well as MTL-
DCS, which basically uses hard parameter sharing
between the two tasks and does not require ad-
ditional similarity feature definitions. In general,
the effectiveness of these MTL baselines on the
QC task is limited because there are only a small
amount of QD pairs available for training. Both
our method and its ablated variant outperform the
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MAP nDCG | MAP nDCG
MTL-MLP (Gonzalez et al., 2018) | 0.5737 0.6712 | 0.5079 0.6179
MTL-DCS 0.6024  0.6935 | 0.5160 0.6237
Our 0.6372  0.7206 | 0.5404 0.6429

Table 4: Compare QC performance with MTL.

MTL baselines. This shows that it may be more
effective to use a data scarce task to regularize the
adversarial learning of a relatively data rich task,
than using those scarce data in MTL.

(3) Can the QD performance be improved by the
proposed method? Although QD is not the focus of
this work, we can use it to verify that generalizabil-
ity of our method by symmetrically applying it to
update the QD model as mentioned in Section 3.2.
To be concrete, a generative adversarial QD model
selects difficult questions from the a distribution of
question pair scores: § ~ softmax,(f(4,q")).
Then a QC model is used to calculate a relevance
score for a question-code pair, and this can regular-
ize the adversarial learning of the QD model.

Table 5 shows the results. Our method and its ab-
lated variants outperform the QD baselines EditDist
and vMF-VAE, again suggesting that supervised
learning is more effective. The full model achieves
the best overall performance and removing rele-
vance regularization (- RR) from the QC model
consistently leads to performance drop. In contrast,
further removing adversarial sampling (- AS) hurts
the performance on SQL dataset slightly, but not on
Python. This is probably because the Python QD
dataset is very small and using adversarial learning
can easily overfit, which again suggests the im-
portance of our proposed relevance regularization.
Finally, removing QC as pretraining (- Pretrain)
greatly hurts the performance, which is understand-
able since QC datasets are much larger.

Because the QD model performance can be im-
proved in such a way, we allow it to get updated in
our QC experiments (corresponding to line 12 in
Algorithm 1) and the results have been discussed in
Table 3. We report here the QC performance using
a fixed QD model (i.e. Our - RR - AS) for relevance
regularization: MAP=0.6371, nDCG=0.7205 for
Python and MAP=0.5366, nDCG=0.6398 for SQL.
Comparing these results with those in Table3 (Our),
one can see that allowing the QD model to update
consistently improves QC performance, which sug-
gests that a better QD model can provide more
accurate relevance regularization to the QC model
and leads to better results.

Python SQL

MAP nDCG | MAP nDCG
EditDist (Hayati et al., 2018) | 0.3617 0.4883 | 0.3246 0.4580
VMF-VAE (Guo et al., 2019) | 0.3009 0.4616 | 0.3029 0.4641
Our 0.7162 0.7821 | 0.6947 0.7651
Our - RR 0.7046  0.7734 | 0.6846 0.7575
Our - RR - AS 0.7116  0.7787 | 0.6764 0.7512
Our - RR - AS - Pretrain 0.3882 0.5170 | 0.6284 0.7129

Table 5: Question relevance prediction results, evalu-
ated on the question duplication dataset we collected.

5 Related Work

Code Retrieval. Code retrieval has developed
from using classic information retrieval techniques
(Hill et al., 2014; Haiduc et al., 2013; Lu et al.,
2015) to recently deep neural methods that can
be categorized into two groups. The first group
directly model the similarity across the natural lan-
guage and programming language modalities. Be-
sides CODENN (Iyer et al., 2016) and DCS (Gu
et al., 2018) discussed earlier, Yao et al. (2019)
leverage an extra code summarization task and en-
semble a separately trained code summary retrieval
model with a QC model to achieve better over-
all code retrieval performances. Ye et al. (2020)
further train a code generation model and a code
summarization model through dual learning, which
helped to learn better NL question and code repre-
sentations. Both works employ additional sequence
generation models that greatly increases the train-
ing complexity, and they both treat all unpaired
code equally as negatives. Our work differs from
them as we introduce adversarial learning for code
retrieval, and the existing work do not leverage
question relevance for code retrieval as we do.
The second group of works transfer code retrieve
to a code description retrieval problem, similar to
general domain question answering, where two nat-
ural language sentences are matched (Zhao et al.,
2017, 2019b). This methodology has been widely
adopted as a component in the retrieve-and-edit
code generation literature. For example, heuristic
methods such as measuring edit distance (Hayati
et al., 2018) or comparing code type and length
(Huang et al., 2018) are used, and separate ques-
tion latent representations (Hayati et al., 2018; Guo
etal., 2019) are learned. Our work shares with them
the idea to exploit QD relevance, but we use QD
relevance in a novel way to regularize the adversar-
ial learning of QC models. It will be an interesting
future work to leverage the proposed code retrieval
method for retrieve-and-edit code generation.



Adversarial Learning. Adversarial learning has
been widely used in areas such as computer vision
(Mirza and Osindero, 2014; Chen et al., 2016; Rad-
ford et al., 2015; Arjovsky et al., 2017), text genera-
tion (Yu et al., 2017; Chen et al., 2019; Liang, 2019;
Gu et al., 2018; Liu et al., 2017; Ma et al., 2019;
Zhao et al., 2019a), relation extraction (Wu et al.,
2017; Qin et al., 2018), question answering (Oh
et al., 2019; Yang et al., 2019), etc. We proposed
to apply adversarial learning to code retrieval, be-
cause they have effectively improved cross-domain
task performances and helped generate useful train-
ing data, We adapted the method from Wang et al.
(2017) for the bi-modal QC scenario. As future
work, adversarial learning for QC can be gener-
alized to other settings with different base neural
models (Yang et al., 2019) or with more complex
adversarial learning methods, such as adding per-
turbed noises (Park and Chang, 2019) or generat-
ing adversarial sequences (Yu et al., 2017; Li et al.,
2018). Our method differs from most adversarial
learning work in that the discriminator (QC model)
does not see all generated samples as equally nega-
tive.

6 Conclusion

This work studies the code retrieval problem, and
tries to tackle the challenges of matching natural
language questions with programming language
(code) snippets. We propose a novel learning algo-
rithm that introduces adversarial learning to code
retrieval, and it is further regularized from the per-
spective of a question-description relevance predic-
tion model. Empirical results show that the pro-
posed method can significantly improve the code
retrieval performances on large-scale datasets for
both Python and SQL programming languages.
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Abstract

Machine reading comprehension has made
great progress in recent years owing to large-
scale annotated datasets. In the clinical do-
main, however, creating such datasets is quite
difficult due to the domain expertise required
for annotation. Recently, Pampari et al. (2018)
tackled this issue by using expert-annotated
question templates and existing i2b2 annota-
tions to create emrQA, the first large-scale
dataset for question answering (QA) based on
clinical notes. In this paper, we provide an in-
depth analysis of this dataset and the clinical
reading comprehension (CliniRC) task. From
our qualitative analysis, we find that (i) emrQA
answers are often incomplete, and (ii) emrQA
questions are often answerable without using
domain knowledge. From our quantitative ex-
periments, surprising results include that (iii)
using a small sampled subset (5%-20%), we
can obtain roughly equal performance com-
pared to the model trained on the entire dataset,
(iv) this performance is close to human ex-
pert’s performance, and (v) BERT models do
not beat the best performing base model. Fol-
lowing our analysis of the emrQA, we fur-
ther explore two desired aspects of CliniRC
systems: the ability to utilize clinical domain
knowledge and to generalize to unseen ques-
tions and contexts. We argue that both should
be considered when creating future datasets.'

1 Introduction

Medical professionals often query over clinical
notes in Electronic Medical Records (EMRSs) to
find information that can support their decision
making (Demner-Fushman et al., 2009; Rosen-
bloom et al., 2011; Wang et al., 2018). One way to
facilitate such information seeking activities is to
build a natural language question answering (QA)
system that can extract precise answers from clin-
ical notes (Cairns et al., 2011; Cao et al., 2011;
Wren, 2011; Abacha and Demner-Fushman, 2016,
2019).

'0ur code is available at https://github.com/
xiangyue9607/CliniRC.

RECORD #992321, Date: 2145-09-22

Context: ... For HTN control, pt was given HCTZ
and lopressor which sufficiently controlled his BP. Pt
was sent home on HCTZ 25mg daily and atenolol
50mg daily.

ADDITIONAL COMMENTS: 1.) Take hydrochlo-
rothiazide 25mg daily and atenolol 50mg daily for
your blood pressure. You should also take aspirin
81mg daily.

Question: Why has the patient been prescribed hctz?
Answer: Yor HTN control, pt was given HCTZ
and lopressor which sufficiently

Question: What was the dosage prescribed of
hydrochlorothiazide?

Answer: ADDITIONAL COMMENTS: 1.) Take
hydrochlorothiazide 25mg daily and atenolol 50mg
daily for your

Figure 1: Examples from the emrQA dataset: Part of
a clinical note as context and 2 question-answer pairs.
Due to the original emrQA generation issues, often-
times answers are incomplete or contain irrelevant parts
to the questions (the underlined parts are what we think
the most relevant to the questions).

Machine reading comprehension (RC) aims to
automatically answer questions based on a given
document or text corpus and has drawn wide atten-
tion in recent years. Many neural models (Cheng
et al., 2016; Wang et al., 2017; Wang and Jiang,
2017; Seo et al., 2017; Chen et al., 2017; Devlin
et al., 2019) have achieved very promising results
on this task, owing to large-scale QA datasets
(Hermann et al., 2015; Rajpurkar et al., 2016;
Trischler et al., 2017; Joshi et al., 2017; Yang et al.,
2018). Unfortunately, clinical reading comprehen-
sion (CliniRC) has not observed as much progress
due to the lack of such QA datasets.

In order to create QA pairs on clinical texts, an-
notators must have considerable medical expertise
and data handling must be specifically designed to
address ethical issues and privacy concerns. Due
to these requirements, using crowdsourcing like in
the open domain to create large-scale clinical QA



datasets becomes highly impractical (Wei et al.,
2018).

Recently, Pampari et al. (2018) found a smart
way to tackle this issue and created emrQA, the first
large-scale QA dataset on clinical texts. Instead
of relying on crowdsourcing, emrQA was semi-
automatically generated based on annotated ques-
tion templates and existing annotations from the
n2c2 (previously called i2b2) challenge datasets?.
Example QA pairs from the dataset are shown in
Figure 1.

In this paper, we aim to gain a deep understand-
ing of the CliniRC task and conduct a thorough
analysis of the emrQA dataset. We first explore
the dataset directly by carrying out a meticulous
qualitative analysis on randomly-sampled QA pairs
and we find that: 1) Many answers in the emrQA
dataset are incomplete and hence are hard to read
and ineffective for training (§3.1). 2) Many ques-
tions are simple: More than 96% of the examples
contain the same key phrases in both questions and
answers. Though Pampari et al. (2018) claims that
39% of the questions may need knowledge to an-
swer, our error analysis suggests only a very small
portion of the errors (2%) made by a state-of-the-
art reader might be due to missing external domain
knowledge (§3.2).

Following our qualitative analysis of the emrQA
dataset, we conduct a comprehensive quantitative
analysis based on state-of-the-art readers and BERT
models (BERT-base (Devlin et al., 2019) as well as
its biomedical and clinical versions: BioBERT (Lee
et al., 2019) and ClinicalBERT (Alsentzer et al.,
2019)) to understand how different systems behave
on the emrQA dataset. Surprising results include:
1) Using a small sampled subset (5%-20%), we can
obtain roughly equal performance compared to the
model trained on the entire dataset, suggesting that
many examples in the dataset are redundant (§4.1).
2) The performance of the best base model is close
to the human expert’s performance3 (84.2). 3) The
performance of BERT models is around 1%-5%
worse than the best performing base model (§4.3).

After completing our analysis of the dataset,
we explore two potential needs for systems doing
CliniRC: 1) The need to represent and use clini-
cal domain knowledge effectively (§5.1) and 2) the
need to generalize to unseen questions and contexts
(85.2). To investigate the first one, we analyze sev-

Zhttps://portal.dbmi.hms.harvard.edu/projects/n2c2-nlp/

3Which is obtained by comparing emrQA answers to an-
swers created by our medical experts on sampled QA pairs.

Medication Relation

# Question 222,957 904,592
# Context 261 423
# Question Template 80 139
Question: avg. tokens 8.00 7.91
Answers: avg. tokens 9.47 10.41
Context: avg. tokens 1062.66 889.23

Table 1: Statistics of two major subsets, Medication
and Relation, of the emrQA dataset.

eral types of clinical questions that require domain
knowledge and can frequently appear in the real
clinical setting. We also carry out an experiment
showing that adding knowledge explicitly yields
around 5% increase in F1 over the base model when
tested on samples that we created by altering the
original questions to involve semantic relations. To
study generalizability, we ask medical experts to
create new questions based on the unseen clinical
notes from MIMIC-III (Johnson et al., 2016), a
freely accessible critical care database. We find
that the performance of the best model trained on
emrQA drops by 40% under this new setting, show-
ing how critical it is for us to develop more robust
and generalizable models for the CliniRC task.

In summary, given our analysis of the emrQA
dataset and the task in general, we conclude that
future work still needs to create better datasets to
advance CliniRC. Such datasets should be not only
large-scale, but also less noisy, more diverse, and
allow researchers to directly evaluate a system’s
ability to encode domain knowledge and to gener-
alize to new questions and contexts.

2  Overview of the emrQA dataset

Similar to the open-domain reading comprehen-
sion task, the Clinical Reading Comprehension
(CliniRC) task is defined as follows:

Definition 2.1. Given a patient’s clinical note
(context) C' = {ci,...,c,} and a question QQ =
{t1, ..., tm }, the CliniRC task aims to extract a con-
tinuous span A = {¢;, Ciq1, oy k(1 < 4 <
i + k < n) from the context as the answer, where
ci, t; are tokens.

The emrQA dataset (Pampari et al., 2018)
was semi-automatically generated from expert-
annotated question templates and existing i2b2 an-
notations. More specifically, clinical question tem-
plates were first created by human experts. Then,
manual annotations from the medication informa-
tion extraction, relation learning, and coreference



Question Template 1
Has the patient ever been on ?

Existing i2b2 Annotation
< =" ", Line Index = 128>

Generated Question
Has the patient ever been on ?

Generated Answer
. By discharge, the patient was afebrile (line 128)

Figure 2: An example to illustrate how emrQA gener-
ates QA pairs.

resolution i2b2 challenges were re-framed into an-
swers for the question templates. After linking
question templates to i2b2 annotations, the gold
annotation entities were used to both replace place-
holders in the question templates and extract the
sentence around them as answers. An example of
this generation process can be seen in Figure 2.

The emrQA dataset contains 5 subsets: Medica-
tion, Relation, Heart Disease, Obesity and Smok-
ing, which were generated from 5 i2b2 challenge
datasets respectively. The answer format in each
dataset is different. For the Obesity and Smoking
datasets, answers are categorized into 7 classes
and the task is to predict the question’s class based
on the context. For the Medication, Relation, and
Heart Disease datasets, answers are usually short
snippets from the text accompanied by a longer
span around it which we refer to as an evidence.
The short snippet is a single entity or multiple en-
tities while the evidence contains the entire line
around those entities in the clinical note. For ques-
tions that cannot be answered via entities, only the
evidence is provided as an answer. Given that some
questions do not have short answers and that entire
evidence spans are usually important for supporting
clinical decision making (Demner-Fushman et al.,
2009), we treat the answer evidence 4 as our answer
just as is done in (Pampari et al., 2018).

In this work, we mainly focus on the Medica-
tion and Relation datasets because (1) they make
up 80% of the entire emrQA dataset and (2) their
format is consistent with the span extraction task,
which is more challenging and meaningful for clin-
ical decision making support. We filter the answers
whose lengths (number of tokens) are more than
20. The detailed statistics of the two datasets are
shown in Table 1.

“For simplicity, we use “answer” directly henceforth.

Metric Medication Relation
Quality Score 3.92 4.75
EM 26.0 92.0
F1 74.7 95.4

Table 2: An estimate of the quality of answers in the
Medication and Relation datasets based on the analysis
of our randomly sampled 50 questions for each dataset.
Quality scores are the average of two human annota-
tors’ (maximum: 5). EM and F1 scores are calculated
between human-labeled answers v.s. emrQA answers.

3 In-depth Qualitative Analysis

In this section, we carry out an in-depth analysis
of the emrQA dataset. We aim to examine (1) the
quality and (2) level of difficulty for the generated
QA pairs in the emrQA dataset.

3.1 How clean are the emrQA answers?

Since the emrQA dataset was created via a gener-
ation framework unlike human-labeled or crowd-
sourcing datasets, the quality of the datasets re-
mains largely unknown. In order to use this dataset
to explore the CliniRC task, it is essential to deter-
mine whether it is meaningful.

In order to do this, we randomly sample 50 QA
pairs from the Medication and the Relation datasets
respectively. Since some questions share the same
answer due to automatic generation, we make sure
all the samples have different answers.

Since the questions were generated from ex-
pert created templates, most of them are human-
readable and unambiguous. We therefore mainly
focus on evaluating answer quality. We ask two
human experts to score each answer from 1 to 5
depending on the relevance of the answer to the
question (1: irrelevant or incorrect; 2: missing
key parts; 3: contains key parts but is not human-
readable or contains many irrelevant parts; 4: con-
tains key parts and is only missing a few parts or
has a few irrelevant extra segments; 5: perfect an-
swer). We also ask human annotators to label the
gold answers and then calculate the Exact Match
(EM) and F1 score (F1) of the emrQA answers v.s.
human gold answers. The answer quality score,
EM and F1 in both datasets, are shown in Table 2.

The scores of the Medication dataset are low
since most of the answers are broken sentences
or contain unnecessary segments. For instance, in
the Figure 2 example, the correct answer should
be “Clindamycin was changed to Flagyl”, how-



Error Type

Question

emrQA Answers

Prediction

Error Ratio

Medication Relation

Span mismatch

Does she have a

ALLERGIES:

He had no known

. . history of known He had no known . 78 % 66 %
- include key info . . drug allergies
drug allergies? drug allergies
Span mismatch ~ What is the current ~ MEDS: K-Dur 20 BID, BID 4% 0%
- miss key info  dose of lasix? Nexium 20, lasix 160 BID i ?
. . . ., Atthe time of discharge,
Ambl.glous What .1s the patient’s her potassium had been 11) Low grade,anemia 8% 4%
questions low history? . .
low despite repletion
Incorrect What is the patient’s  Wash incisions with warm Do not ap P ly lotions,
... creams, ointments or 2% 2%
golds incisions status? water and gentle soap .
powders to incision
There is some fluid, or The amount of fluid
False Is there a mention of mucosal thickening in layering at the apices 29 18%
negatives fluid in the record? the ethmoid and and the pleural spaces ¢ ¢
sphenoid sinuses appear slightly decreased
May need What treatment has Pt’s vancomycin was
. CAD s/p
external the patient had CABG 2003 s/ stopped after 14 2% 2%
knowledge for his CAD? b days of treatment
Is the patient’s right . . .
Others hand ganglion cyst right hand ganglion x 3 right hand 4% 8%

well-controlled? cyst removed

ganglion cyst

Table 3: Error analysis on 50 sampled questions from the Medication and Relation dev sets respectively. Example
question, ground truth and prediction from either Medication or Relation are given for each type of error.

ever, the emrQA answer misses important parts
“Clindamycin was changed to” and contains irrele-
vant parts “By discharge, the patient was afebrile”.
These issues are common in the Medication dataset
and make it difficult to train a good system. To un-
derstand why the generated answers contain such
noise, we explored the “i2b2 2009 Medication’
challenge dataset which was used to create these
QA pairs. We found that most documents in this
dataset contain many complete sentences split into
separate lines. Since the i12b2 annotation are token
based and the emrQA obtains full lines around the
token as evidence spans, these lines often end up
being broken sentences. We tried to relabel the
answers with existing sentence segmentation tools
and heuristic measures but found that it is very chal-
lenging to obtain concise and complete text spans
as answers.

>

Compared with the Medication dataset, the an-
swer quality of the Relation dataset is much better.
In most cases, the answers are complete and mean-
ingful sentences with no unnecessary parts.

3.2 How challenging are the emrQA pairs?

Another observation from the 50 samples is that
96% of the answers in the Medication dataset and
100% of the answers in the Relation dataset contain
the key phrase in the question. This is due to the
generation procedure illustrated in Figure 2. In this

example, the key phrase or entity (“Flagyl”) in
the question is also included in the answer. This
undoubtedly makes the answer easier to extract as
long as the model can recognize significant words
and do “word matching”.

To further explore how much clinical language
understanding is needed and what kind of errors
do the state-of-the-art reader make, we conduct er-
ror analysis using DocReader (Chen et al., 2017)
(also used in (Pampari et al., 2018)) on the emrQA
dataset. More specifically, we randomly sample
50 questions that are answered incorrectly by the
model (based on exact match metric) from the Med-
ication and Relation dev set respectively>. The re-
sults are shown in Table 3 (examples for each error
type are also given for better understanding).

Since emrQA answers are often incomplete in
the dataset, we deem span mismatch errors accept-
able as long as the predictions include the key part
of the ground truths. Surprisingly, span mismatch-
include key info errors, along with ambiguous ques-
tions, incorrect golds and false negatives (the pre-
diction is correct but it is not in the emrQA answers)
errors, which are caused by the dataset itself, ac-
count for 90% of total errors, suggesting that the
accuracy of these models is even higher than we
report.

SNote that these 100 samples are sampled from errors,
which are different from the previously sampled ones.



Another interesting finding from the error analy-
sis is that to our surprise, only a very small amount
(2%) of errors may have been caused by a lack of
external domain knowledge while Pampari et al.
(2018) claim that 39% of the questions in the em-
rQA dataset need domain knowledge. This surpris-
ing result might be due to: (1) neural models being
able to encode relational or associative knowledge
from the text corpora as has also been reported in
recent studies (Petroni et al., 2019; Bouraoui et al.,
2020), and (2) questions and answers sharing key
phrases (as we mentioned earlier in §3.1) in many
samples, making it more likely that fewer ques-
tions need external knowledge to be answered than
previously reported.

4 Comprehensive Quantitative Analysis

In this section, we conduct comprehensive exper-
iments on the emrQA dataset with state-of-the-
art readers and recently dominating BERT mod-
els. Full experimental settings are described in
Appendix A.

4.1 How redundant are the emrQA pairs?

Though there are more than 1 million questions in
the emrQA dataset (as shown in Table 1), many
questions and their patterns are very similar since
they are generated from the same question tem-
plates. This observation leads to a natural question:
do we really need so many questions to train an
CliniRC system? If many questions are similar to
each other, it is very likely that using a sampled
subset can achieve roughly the same performance
that is based on the entire dataset.

To verify our hypothesis, we first split the two
datasets into train, dev, and test set with the propor-
tion of 7:1:2 w.r.t. the contexts (full statistics are
shown in Appendix Table Al). Then we randomly
sample {5%, 10%, 20%, 40%, 60%} and {1%, 3%,
5%, 10%, 15%}6 of the QA pairs in each document
(context) of the Medication and the Relation train-
ing sets respectively. We run DocReader (Chen
et al., 2017) on the sampled subsets and evaluate
them on the same dev and test set.

As shown in Figure 3, using 20% of the ques-
tions in the Medication and 5% of the questions
in the Relation dataset can achieve roughly the
same performance as using the entire training sets.

®The sampling percentage of the Relation dataset is smaller
than the Medication dataset since the former one has more QA
pairs (roughly 4 times).

Medication %6 Relation
80
94
70
92
&0 EM | 9 EM
50 F1 88 F1
40 86
30 84

20 82
5% 10% 20% 40% 60% 100% 1% 3% 5% 10% 15% 100%
Sample Ratio Sample Ratio

Figure 3: Impact of training size on the performance of
DocReader (Chen et al., 2017) based on the Medication
and Relation dataset.

These verify our hypothesis, and illustrate learn-
ing a good and robust reader system based on the
emrQA dataset does not need so many question-
answer pairs. While deep models are often data-
hungry, it does not mean more data can always lead
to better performance. In addition to the training
size, diversity should also be considered as another
important criterion for data quality.

In the following experiments, we use the sam-
pled subsets (20% for Medication and 5% for Rela-
tion) considering the time and memory cost as well
as performance.

4.2 Little room for improvement

Since the answers in emrQA are often incomplete,
the performance of a model is more appropriately
reflected by its F1 score. As shown in Table 2, we
obtain F1 scores of 74% and 95% on two datasets
respectively when we test human-labeled answers
against the emrQA answers on a sampled dataset.
We can see from Table 4 that the best performing
reader, DocReader, achieves around 70% and 94%
F1 performance on the Medication and Relation
test set respectively, which are very close to the
human performance just described. Though de-
signing more complex and advanced models may
achieve better scores, such scores are obtained w.r.t.
noisy emrQA answers and may not translate mean-
ingfully to real cases.

4.3 BERT does not always win

BERT models have achieved very promising re-
sults recently in various NLP tasks including RC
(Devlin et al., 2019). We follow their experiment
setting of BERT for doing reading comprehension
on the SQuAD (Rajpurkar et al., 2016) dataset. To
our surprise, as shown in Table 4, BERT models
(BERT-base, its biomedical version BioBERT (Lee
et al., 2019), and its clinical version Clinical BERT



Medication Relation
Model Dev Test Dev Test
EM F1 EM F1 EM F1 EM F1

BiDAF (Seo et al., 2017) 2550 68.13 2335 67.18 81.51 90.84 82.74 91.27
DocReader (Chen et al., 2017) 2920 7278 25.68 70.45 8643 9444 8694 94.85
QANet (Yu et al., 2018) 27.67 69.40 2474 6734 8241 90.61 82.68 91.56
BERT-base (Devlin et al., 2019) 26.62 68.75 24.00 67.49 80.17 90.01 83.29 92.38
BioBERT (Lee et al., 2019) 27.81 7190 2475 6997 81.57 91.38 83.61 92.62
ClinicalBERT (Alsentzer et al., 2019) 27.14 71.84 24.06 69.05 83.12 9196 85.33 93.06

Table 4: Overall performance of all models on the Medication and Relation dataset. All numbers are percentages.

(Alsentzer et al., 2019)) do not dominate as they do
in the open-domain RC tasks. The reasons may be
three-fold: 1) BERT benefits the most from large
training corpora. The training corpora of BERT-
base and BioBERT are Wikipedia + BookCorpus
(Zhu et al., 2015) and PubMed articles respectively,
both of which may have different vocabularies and
use different language expressions from clinical
texts. Though ClinicalBERT was pretrained on
MIMIC-III (Johnson et al., 2016) clinical texts, the
training size of the corpus (~50M words) is far less
than that used in BERT (~3300M words), which
may make the model less powerful as it is on the
open-domain tasks. 2) Longer Contexts. As can
be seen from Table 1, the number of tokens in
the contexts is commonly larger than open-domain
RC datasets like SQuUAD (~1000 v.s.~116 avg).
We suspect that long contexts might make it more
challenging to model sequential information. For
sequences that are longer than the max length of
the BERT model, they are truncated into a set of
short sequences, which may hinder the model from
capturing long dependencies (Dai et al., 2019) and
global information in the entire document. 3) Easy
Questions. Another possible reason might be the
question patterns are too easy and a simpler reader
with far less parameters can learn the patterns and
obtain satisfying performance.

Additionally, to further evaluate the models in
the fine-grained level, inspired by (Gururangan
et al., 2018), we partition the Medication and Re-
lation test sets into Easy and Hard subsets using a
base model. The details of Easy/Hard splits can be
found in Appendix C. As can be seen from Table
A4, most of the questions in the two datasets are
easy, which indicates the emrQA dataset might not
be challenging for the current QA models. More
difficult datasets are needed to advance the Clinical
Reading Comprehension task.

5 Desiderata in Real-World CliniRC

Following our analysis of the emrQA dataset, we
further study two aspects of clinical reading com-
prehension systems that we believe are crucial for
their real-world applicability: the need to encode
clinical domain knowledge and to generalize to
unseen questions and documents.

5.1 External domain knowledge is needed

So far, we have shown that domain knowledge
may not be very useful for models answering ques-
tions in the emrQA dataset; however, we argue that
systems in real-world CliniRC need to be able to
encode and use clinical domain knowledge effec-
tively.

Clinical text often contains high variability in
many domain-specific words due to abbreviations
and synonyms. The presence of different aliases
in the question and context can make it difficult
for a model to represent semantics accurately and
choose the correct span. Besides, medical domain-
specific relations (e.g., treats, caused by) and hier-
archical relations (e.g., isa) between medical con-
cepts would be likely to appear. The process fol-
lowed to generate the current emrQA dataset leads
to these problems being largely under-represented,
even though they can be very common in real cases.
We use the following 3 examples as representatives
to illustrate the real cases we may encounter.
Synonym. For example, for the question in Fig-
ure 2, “Has this patient ever been on Flagyl?”,
it is easy for the model to answer since “Flagyl”
appears in the context. However, if we change
“Flagyl” to its synonyms “Metronidazole” (which
may not appear in training) in the question, it is
hard for the reader to extract the correct answer, as
it is not possible for model to capture the semantic
meaning of “Metronidazole” as “Flagyl”.
Clinical Relations. Another example is the ques-



tion shown in Figure 1, “Why has the patient been
prescribed hctz?”. Currently, machines can easily
find the answer since keyword “hctz” is mentioned
in the answer. However, given a situation where
the drug “hctz” does not appear in the local context
of “HTN”, our model may have a better chance to
extract the correct answers if it stores the relation
“(hctz, treats, HTN)” .

Hierarchical Relation. For the question “Is there
a history of mental illness?”, it is more likely that
the medical report describes a specific type of psy-
chological condition rather than mention the gen-
eral phrase “mental illness” since clinical support
require specifics. To obtain the correct answer
in this case “Depression with previous suicidal
ideation.”, encoding the relation “(depression, isa,
mental illness)” would probably help the model
make a correct prediction.

These three cases help illustrate how complex
medical relations affect the real CliniRC task. With-
out leveraging external domain knowledge, it is dif-
ficult for models to capture the semantic relations
necessary to resolve such cases.

In order to verify our claim quantitatively, we
select synonym as a representative relation type
and manipulate each question by replacing its enti-
ties with plausible synonyms or abbreviations. We
then introduce external domain knowledge into cur-
rent models and compare their performance against
base models on these augmented questions.

More specifically, we first detect entities in the
questions and link them to a medical knowledge
base (KB): UMLS (Bodenreider, 2004) using a
biomedical and clinical text NLP pipeline tool,
ScispaCy (Neumann et al., 2019). Synonyms of
detected entities are then retrieved from UMLS and
used to replace the original mention. We filter the
questions that do not contain entities or that con-
tain entities with no synonyms. We focus on the
Relation dataset and only modify the questions in
the dev and test set; the questions in the training
set are not modified. Finally, we get 69,912 and
125,338 questions in the dev and test set.

We then introduce a simple Knowledge Incor-
poration Module (KIM) to evaluate the usefulness
of external domain knowledge. Formally, given
a question ¢ : {w{,wi, ..., w}} and its context
¢ {wf,ws,...,wt,}, where w?,ch- are words
(tokens), all the words can be mapped to d; di-
mensional vectors via a word embedding matrix

E, € RleM, where )V denotes the word vocab-

Dev Test

w/o KIM w/o KIM
65 w/ KIM 65 w/ KIM
60 60
55 55
EM F1 EM F1

Figure 4: Performances of DocReader and DocReader
+ Knowledge Incorporation Module (KIM) on our cre-
ated questions modified from the Relation dataset.

ulary. So we have ¢ : wi,..,w! € R and
c:w§, .., wS € RA,

We then detect entities {ef,ed,...,ef} in the
question and entities {e§, €5, ..., 2} in the context
and map them to a medical knowledge base (KB),
UMLS (Bodenreider, 2004) using scispacy (Neu-
mann et al., 2019). Note that [ is not equal to n and
m is not equal to o, since not every token can be
mapped to a entity in KB. For entities that contain
multiple words, we align them to the first token,
same as the alignment used in (Zhang et al., 2019).
We then map detected entities to dy dimensional
vectors {ef, eq,...,en} and {e§, €S, ...,eS} viaa
entity embedding matrix E, € R%*U|  which is
pretrained on the entire UMLS KB using the knowl-
edge embedding method TransE (Bordes et al.,
2013). U denotes the entity vocabulary.

We merge the word embeddings with entity em-
beddings to feed them into a Multi-layer Perceptron
(MLP):

h = oc(Wew + Weel + b)

b = o(Wew§ + WeeS + b)

J

ey

where o is activation function, W, W, b are train-
able parameters and h, h§ denote the integrated
embeddings that contain information from both the
word c; and the entity e; in the question and context
respectively. For the word that is not mapped to an
entity, e; will be set to 0. The merged embeddings

are used as the input to the base reader.

As shown in Figure 4, by adding a basic Knowl-
edge Incorporation Module to the base model, we
obtain around 5% increase of F1 score on the ma-
nipulated questions in the test set. This suggests
that for questions that involve relations between
medical concepts, external domain knowledge may
be quite important.



Model Exist.ing Paraph?ased Ne\.zv Overall emrQA
Questions Questions Questions Relation
EM F1 EM F1 EM F1 EM F1 EM F1
DocReader  58.33 71.62 38.09 57.28 29.41 3535 40.00 53.27 | 86.94 94.85
ClinicalBERT 58.33 73.12 38.09 62.04 23.53 48.79 38.00 60.19 | 85.33 93.06

Table 5: Results of models when tested on new questions and unseen clinical notes (not in emrQA, but from
MIMIC-III dataset). Performance drops around 40% compared with previously reported on the Relation test set,
highlighting generalizability as an essential future direction for CliniRC.

5.2 Generalizing to unseen questions and
documents

The aim of CliniRC is to build robust QA systems
for doctors to retrieve information buried in clinical
texts. When deploying a CliniRC system to a new
environment (e.g., a new set of clinical records, a
new hospital, etc.), it is infeasible to create new
QA pairs for training every time. Thus, an ideal
CliniRC system is able to generalize to unseen
documents and questions after being fully trained.

To test the generalizability of models trained on
emrQA (we focus on the Relation dataset here), our
medical experts created 50 new questions that were
not present in the emrQA dataset and extracted an-
swers from unseen patient notes in the MIMIC-IIT
(Johnson et al., 2016) dataset. This dataset con-
sists of three types of questions: 12 questions were
made from emrQA question templates but contain
entities which do not appear in the training set
(e.g., “How was the diagnosis of acute cholecysti-
tis made?” was created from the template “How
was the diagnosis of |problem| made?”). The other
38 questions have different forms from existing
question templates: 21 paraphrase existing ques-
tions from emrQA (e.g., “Was an edema found in
the physical exam?”) was paraphrased from “Does
he have any evidence of |problem| in |test|?”) and
17 are completely semantically different from the
ones in the emrQA dataset (e.g., “What chemother-
apy drugs are being administered to the patient?”).

As could be expected, we see in Table 5 that the
more the new questions deviate from the original
emrQA, the more the models struggle to answer
them. We observe a performance drop of roughly
20% compared to the Relation test set on questions
made from emrQA templates using MIMIC III clin-
ical notes which were not in the original dataset.
For question that are more significantly different,
we notice an approximate 40% and 60% loss in
F1 score when predicting paraphrased questions
and entirely new questions respectively. This steep
drop in performance for these new settings, espe-

cially for paraphrased and new questions, shows
how much work there is to be done on this front and
highlights generalizability as an important future
direction in CliniRC. We also notice that Clinical-
BERT works slightly better than the base model
DocReader. The reason might be ClinicalBERT
was pretrained on the MIMIC-III dataset, which
might help the model have a better understanding
of the context.

Summary. Based on these two aspects and our
previous thorough analysis of the emrQA dataset,
it is clear that better datasets are needed to advance
CliniRC. Such datasets should be not only large-
scale, but also less noisy, more diverse, and more-
over allow researchers to systematically evaluate a
model’s ability to encode domain knowledge and
to generalize to new questions and contexts.

6 Related Work

We present a brief overview of open-domain,
biomedical and clinical question answering tasks,
which are most related to our work:

Question Answering (QA) aims to automati-
cally answer questions asked by humans based on
external sources, such as Web (Sun et al., 2016),
knowledge base (Yih et al., 2015; Sun et al., 2015)
and free text (Chen et al., 2016). As an impor-
tant type of QA, reading comprehension intends
to answer a question after reading the passage
(Hirschman et al., 1999). Recently, the release
of large-scale RC datasets, such as CNN & Daily
Mail (Hermann et al., 2015), Stanford Question-
Answering Dataset (SQuAD) (Rajpurkar et al.,
2016, 2018) makes it possible to solve RC tasks by
building deep neural models (Hermann et al., 2015;
Wang and Jiang, 2017; Seo et al., 2017; Chen et al.,
2017).

More recently, contextualized word represen-
tations and pretrained language models, such as
ELMo (Peters et al., 2018), GPT (Radford et al.,
2018), BERT (Devlin et al., 2019), have been



demonstrated to be very useful in various NLP
tasks including RC. By seeing diverse contexts in
large corpora, these pretrained language models
can capture the rich semantic meaning and pro-
duce more accurate and precise representations for
words given different contexts. Even a simple clas-
sifier or score function built upon these pretrained
contextualized word representations perform well
in extracting answer spans (Devlin et al., 2019).

Biomedical and Clinical QA. Due to the lack of
large-scale annotated biomedical or clinical data,
QA and RC systems in these domains are often
rule-based and heuristic feature-based (Lee et al.,
2006; Niu et al., 2006; Athenikos and Han, 2010).

In recent years, BioASQ challenges (Tsatsaronis
et al., 2012) proposed the Biomedical Semantic
QA task, where the participants need to respond to
each test question with relevant articles, snippets
and exact answers. Suster and Daelemans (2018)
use summary points of clinical case reports to build
a large-scale cloze-style dataset (CliCR), which is
similar to the style of CNN & Daily Mail dataset.
Jin et al. (2019b) presents PubMedQA, which ex-
tracts question-style titles and their corresponding
abstracts as the questions and contexts respectively.
A few QA pairs are annotated by human experts
and most of them are annotated based a simple
heuristic rule with “yes/no/maybe”.

Due to the great power of contextualized word
representations, pretrained language models also
have been introduced to biomedical and clinical do-
main, e.g., BioELMo (Jin et al., 2019a), BioBERT
(Lee et al., 2019), and ClinicalBERT (Alsentzer
et al., 2019). They adopt similar architectures of
the original models but pretrained on the medical
and clinical corpus, such as PubMed articles and
MIMIC-III (Johnson et al., 2016) clinical notes.

7 Conclusion

We study the Clinical Reading Comprehension
(CliniRC) task with the recently created emrQA
dataset. Our qualitative and quantitative analysis
as well as exploration of the two desired aspects
of CliniRC systems show that future clinical QA
datasets should not only be large-scale but also
less noisy and more diverse. Moreover, questions
that involve complex relations and are across dif-
ferent domains should be included, and then more
advanced external knowledge incorporation meth-
ods as well as domain adaptation methods can be
carefully designed and systematically evaluated.
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Medication Relation
# Train (Q/C) 154,684/182 621,428 /296
#Dev (Q/C) 23,081 /26 101,700/ 42
#Test (Q/C) 45,192 /53 181,464 / 85
Total 222,957 /261 904,592 /423

Table Al: Statistics of train, dev, test set of the Medica-
tion and Relation datasets.

A Experimental Set-up

We split the two datasets Medication and Relation
based on the documents (clinical texts) into train,
dev, test with the ratio 7:1:2. The statistics are
shown in Table Al.

We adopt Exact Match (EM) and F1 score (F1)
as our evaluation metrics, same as the open-domain
RC (Rajpurkar et al., 2016). We use SQuAD v1.1
official evaluation script ! to evaluate all the mod-
els. All the models used in the paper, BiDAF 2,
DocReader 3, QANet 4, BERT >, BioBERT ©, Clin-
icalBERT 7 are run based on the implementations
listed here and strictly followed the instructions.

For reproducibility, we list all the key hyper-
paraters we use for each method in the Table A2.

We implement our Knowledge Incorporation
Module based on DocReader implementations. En-
tity embeddings are pretrained using TransE (Bor-
des et al., 2013) with the dimension of 100. The
hyperparameters are kept same as the DocReader.
All the models are run on NVIDIA GeForce GTX
1080 GPUs. We save the best model (with the
highest EM) on the dev set and use it for test set.

B Performance on Shorter Contexts

Using the entire clinical record as the context might
be too long for models to capture sequential infor-
mation. We also try to split the entire record into
different sections (e.g., “medical history”, “family
history”’) based on some heuristic measures. Specif-
ically, in order to split the clinical notes into sec-
tions, we notice that most sections begin with easily
identifiable headers. To detect these headers we
use a combination of heuristics such as whether

the line contains colons, all uppercase formatting

'https://rajpurkar.github.io/SQuAD-explorer/
>https://github.com/allenai/bi-att-flow
3https://github.com/facebookresearch/DrQA
*https://github.com/BangLiu/QANet-PyTorch
Shttps://github.com/google-research/bert
®https://github.com/dmis-lab/biobert
"https://github.com/EmilyAlsentzer/clinical BERT

Method Hyper-parameters Setting

epoch: 30; batch-size: 16;
test-batch-size:16; droput-rate:0.4;
doc-layers: 3; question-layers: 3;
grad-clipping: 10;

tune-partial: 1000; max-len: 30;

the others are set as default

init_Ir: 0.001; batch-size:6;
num_epochs: 2; cluster: True;
len-opt: True; word_count_th: 10;
char_count_th: 50; sent_size_th: 4000;
num_sents_th: 500; ques_size_th: 30;
word_size_th: 30; para_size_th: 4000;
the others are set as default;
batch-size: 4; Ir: 0.001;

grad-clip: 5; use-ema: True;

epoch: 30; para_limit: 4000;
ques_limit: 30; ans_limit: 30;
char_limit: 40; num-head:1;

the others are set as defalut;
train_batch_size: 6;

learning_rate: 3e-5;
num_train_epochs: 3.0;
max_seq_length: 384;

doc_stride: 128;

the others are set as default;

DocReader

BiDAF

QANet

BERT-base
BioBERT
Clinical BERT

Table A2: Hyperparameters settings for all the methods
used in the experiments.

Dev Test
Dataset Model EM Fi EM ]
medication DocReader 32.19 7621 3345 77.08
ClinicalBERT 30.16 74.81 32.18 75.79
relation DocReader 87.21 9432 8754 9497
ClinicalBERT 85.46 93.92 85.67 93.14

Table A3: Performance of the two models on the
shorter context setting.

or phrases found in a list of clinical headers taken
from SecTag (Denny et al., 2009). We then select
the section that contains the answer as the con-
text (~100 words avg). We select DocReader and
ClinicalBERT as representative methods and re-run
them on the modified shorter context. The results
are shown in Table A3. The performance of the
two models is improved compared with the perfor-
mance of models built on the whole record (long
context). However, Clinical BERT still does not out-
perform DocReader in this setting, indicating that
longer context may not explain why BERT models
do not win on this dataset or that shortening context
in a such manner might break long dependencies.
This experiment setting may also inspire future
research on “Open Clinical Reading Comprehen-
sion”. Given that patients often have multiple clini-



Distribution of — Easy Hard Total
Fasy/Hard Questions Medication 33,037 (73.1%) 12,155 (26.9%) 45,192 (100%)
Relation 165,271 (91.1%) 16,193 (8.9%) 181,464 (100%)
Easy Hard Total
Model EM Fl__EM _FI __EM _ FI
Results | Medication DocReader (Chen et al., 2017) 30.25 7378 1326 6146 2568 7045
ClinicalBERT (Alsentzer et al., 2019) 28.25  72.02  12.64 60.98 24.06 69.05
Relation DocReader (Chen et al., 2017) 87.66 9539 7985 89.62 8694 94.85
ClinicalBERT (Alsentzer et al., 2019) 86.06  93.71  78.09 86.57 85.33  93.06

Table A4: Performance of DocReader and ClinicalBERT on the easy/hard questions split.

cal records, it may not be feasible to jointly use all
of them as context for one question. Given multi-
ple records for one patient (instead of just one) and
a question, the model would first need to retrieve
the most relevant paragraphs and do reading com-
prehension on each of them or find clever ways to
merge them. Such a setting would be interesting
for future CliniRC datasets to explore.

C Easy/Hard Questions Split

We partition the questions into Easy and Hard.
Specifically, we first train a BILSTM reader and
do the prediction on the test set. We obtain the
performance of each question template by aver-
aging the performance of all the questions made
by this template (such template and question map-
pings are included in the emrQA dataset). Ques-
tion templates that obtain higher performance than
the overall performance are labeled as “Easy” and
”Hard” otherwise. Then we map the difficulty level
of question templates back to each question. The
reason why we focus on splitting on the question
template level is that we can avoid some random
noise (e.g., random errors produced by the model
on some questions). Also, we release the difficulty
level of each question template so that users can
easily know which questions are easy or hard and
do not need to run a base model to obtain such map-
pings again. Distributions of easy/hard questions
and results of the two selected models are shown
in Table A4.
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Abstract

State-of-the-art question answering (QA) re-
lies upon large amounts of training data for
which labeling is time consuming and thus ex-
pensive. For this reason, customizing QA sys-
tems is challenging. As a remedy, we propose
a novel framework for annotating QA datasets
that entails learning a cost-effective annota-
tion policy and a semi-supervised annotation
scheme. The latter reduces the human effort: it
leverages the underlying QA system to suggest
potential candidate annotations. Human anno-
tators then simply provide binary feedback on
these candidates. Our system is designed such
that past annotations continuously improve the
future performance and thus overall annotation
cost. To the best of our knowledge, this is
the first paper to address the problem of anno-
tating questions with minimal annotation cost.
We compare our framework against traditional
manual annotations in an extensive set of ex-
periments. We find that our approach can re-
duce up to 21.1% of the annotation cost.

1 Introduction

Question answering (QA) based on textual con-
tent has attracted a great deal of attention in recent
years (Chen et al., 2017; Lee et al., 2018, 2019; Xie
et al., 2020). In order for state-of-the-art QA mod-
els to succeed in real applications (e.g., customer
service), there is often a need for large amounts
of training data. However, manually annotating
such data can be extremely costly. For example,
in many realistic scenarios, there exists a list of
questions from real users (e.g., search logs, FAQs,
service-desk interactions). Yet, annotating such
questions is highly expensive (Nguyen et al., 2016;
He et al., 2018; Kwiatkowski et al., 2019): it re-
quires the screening of a text corpus to find the rel-
evant document(s) and subsequently screening the
document(s) to identify the answering text span(s).

sun.397@osu.edu

Motivated by the above scenarios, we study
cost-effective annotation for question answering,
whereby we aim to accurately' annotate a given
set of user questions with as little cost as possible.
Generally speaking, there has been extensive re-
search on how to reduce effort in the process of data
labeling (Haffari et al., 2009). For example, active
learning for a variety of machine learning and NLP
tasks (Siddhant and Lipton, 2018) aims to select
a small, yet highly informative, subset of samples
to be annotated. The selection of such samples is
usually coupled with a particular model, and thus,
the annotated samples may not necessarily help to
improve a different model (Lowell et al., 2019). In
contrast, we aim to annotate all given samples at
low cost and in a manner that can subsequently
be used to develop any advanced model. This is
particularly relevant in the current era, where a
dataset often outlives a particular model (Lowell
et al., 2019). Moreover, there has also been some
research into learning from distant supervision (Xie
et al., 2020) or self-supervision (Sun et al., 2019).
Despite being economical, such approaches often
produce inaccurate or noisy annotations. In this
work, we seek to reduce annotation costs without
compromising the resulting dataset quality.

We propose a novel annotation framework which
learns a cost-effective policy for choosing between
different annotation schemes, namely the conven-
tional manual annotation scheme (MAN) and a
semi-supervised annotation scheme (SEM). Unlike
the manual scheme, SEM does not require humans
to screen a text corpus or document(s) in order to
retrieve annotations. Instead, it leverages an initial-
ized QA system, which can predict top-n candidate
annotations for documents or answer spans and
asks humans to provide binary feedback (e.g., cor-

'By “accurate,” we mean that the resulting annotations
will be of a similar quality to those from conventional manual
annotation.
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Figure 1: High-level overview of our framework: We leverage a QA model to predict candidate annotations for a
given resource (e.g., x stands for a question or question-document pair, while y is the document or answer span). A
policy model decides upon whether to invoke a MAN or SEM scheme based on those predictions. In the event that
the semi-supervised strategy fails, we switch back to a manual annotation scheme. Finally, we use the annotated
sample to update both the QA model and the policy model.

rect or incorrect) to the candidates. While this an-
notation scheme comes at a low cost, it fails when
human annotators mark all candidates as incorrect.
In such cases, the annotation cost has already been
incurred and cannot be recouped. In order to pro-
duce an annotation, one must then draw upon the
manual scheme (see Fig. 1), in which case the pol-
icy would have been more effective if it had chosen
the manual annotation scheme instead. Therefore,
how to choose the best annotation scheme for each
question is the challenge we must address for this
task.

To tackle the above challenge, we propose a
novel approach for learning a cost-effective pol-
icy. Here the policy receives several candidates and
decides on this basis which annotation scheme to
invoke. We train the policy with a supervised ob-
jective and learn a cost-sensitive decision threshold.
The inherent advantage of this method is that our
policy immediately reacts to changing costs (with-
out re-optimizing model parameters) and does not
exceed the cost of conventional manual annotation.
Our policy is updated iteratively as more annota-
tions are obtained.

We compare our framework against conven-
tional, manual annotations in an extensive set of
experiments. We simulate the annotation of Nat-
uralQuestions (Kwiatkowski et al., 2019), as it
consists of real user questions from search logs.
Models in our framework are initialized with an
existing dataset (SQuAD, Rajpurkar et al., 2016)
and, as more annotations on NaturalQuestions be-

come available, the framework is continuously up-
dated. We study the sensitivity of our framework
to varying cost ratios between SEM and MAN. Our
framework outperforms traditional manual anno-
tation, even under conservative cost estimates for
SEM, and in general reduces annotation costs in the
range of 4.1% to 21.1%.

All source code is publicly available from
github.com/bernhard2202/qa-annotation.

2 Related Work

Question answering: In this paper, we study cost-
effective annotation for question answering over
textual content. There have been extensive efforts
to create large-scale datasets for text-based QA,
which have facilitated the development of state-of-
the-art neural network based models (e.g., Chen
et al., 2017; Min et al., 2018; Lee et al., 2018;
Kratzwald and Feuerriegel, 2018; Wang et al.,
2018; Xie et al., 2020). Here we divide such
datasets into two categories according to the way
they were created: (1) Datasets whose questions
were created by crowdsourcing during the annota-
tion process. Prominent examples include the Stan-
ford Question and Answer Dataset (SQuAD; Ra-
jpurkar et al., 2016), HotPotQA (Yang et al., 2018),
or NewsQA (Trischler et al., 2017). (2) “Natural”
datasets in which real-world questions are a priori
given. Here questions originate from, e.g., search
logs or customer interactions. Prominent exam-
ples in this category include MS MARCO (Nguyen
et al., 2016), DuReader (He et al., 2018), or Nat-



uralQuestions (Kwiatkowski et al., 2019). This
paper focuses on the latter category, that is, anno-
tating “natural” datasets in a more cost-effective
fashion where a set of questions is given.

Active Learning: In the fields of machine learn-
ing and NLP, extensive research has been con-
ducted on ways to reduce labeling effort (e.g., Zhu
et al., 2008). For example, the objective of ac-
tive learning is to select only a small subset that
is highly informative (e.g., Haffari et al., 2009)
for annotation. To this end, researchers have de-
veloped various techniques based on, e.g., model
uncertainty (cf. Siddhant and Lipton, 2018), ex-
pected model change (Cai et al., 2013), or functions
learned directly from data (e.g., Fang et al., 2017).
However, the success of active learning is often
coupled with a particular model and domain (Low-
ell et al., 2019). For instance, a dataset actively
acquired with the help of an SVM model might
underperform when used to develop an LSTM
model. These problems become even more salient
when complex black-box models are used in NLP
tasks (cf. Chang et al., 2019). To summarize, ac-
tive learning reduces annotation costs by deciding
which samples should be annotated. In our ap-
proach, we aim to annotate all samples and study
how we should annotate them in order to reduce
costs. Thus, the two approaches are orthogonal and
can be combined.

Learning from weak supervision and user
feedback: Another approach to reducing annota-
tion costs is changing full supervision to some form
of weak (but potentially noisier) supervision. This
has been adopted for various tasks such as machine
translation (Saluja, 2012; Petrushkov et al., 2018;
Clark et al., 2018; Kreutzer and Riezler, 2019), se-
mantic parsing (Clarke et al., 2010; Liang et al.,
2017; Talmor and Berant, 2018), or interactive sys-
tems that learn from user interactions (Iyer et al.,
2017; Gur et al., 2018; Yao et al., 2019, 2020). For
instance, Iyer et al. (2017) used users to flag incor-
rect SQL queries. In contrast, similar approaches
for text-based question answering are scarce. Joshi
et al. (2017) used noisy distant supervision to an-
notate the answer span and document for given
trivia questions and their answers. Kratzwald and
Feuerriegel (2019) designed a QA system that con-
tinuously learns from noisy user feedback after
deployment. In contrast to these works, this paper
studies the problem of reducing labeling cost while
maintaining accurate annotations.

Quality estimation and answer triggering: In
a broader sense, this work is related to the litera-
ture on translation quality estimation (e.g., Martins
et al., 2017; Specia et al., 2013). The goal in such
works is to estimate (and possibly improve) the
quality of translated text. Similarly, in question
answering researchers use means of quality esti-
mation for answer triggering (Zhao et al., 2017;
Kamath et al., 2020). Here, QA systems are given
the additional option to abstain from answering a
question when the best prediction is believed to be
wrong. In our work, we estimate the quality of a
set of suggested label candidates and, on the ba-
sis of these estimates we decide which annotation
scheme to invoke.

3 Proposed Annotation Framework

We study the problem of reducing the over-
all cost for annotating every given question
[q1,---,qm]- Specifically, our objective is to ob-
tain the corresponding question-document-answer
triples (g;, d;, s;). In this paper, the natural lan-
guage question g; is given, while we want to obtain
the following annotations: the document from a
text corpus d; € D that contains the answer and
the correct answer span s; within the document d;.

3.1 Framework Overview

Fig. 1 provides an overview of our framework for
a cost-effective annotation of QA datasets. The
framework comprises two main components: a QA
model is used to suggest candidates for a resource
to annotate while a policy model decides which an-
notation scheme to invoke (i.e., action). Our frame-
work makes use of two annotation schemes: a tra-
ditional manual annotation scheme (MAN) and
our semi-supervised annotation scheme (SEM).
Both annotation schemes incur different costs and,
hence, the learning task is to find and update a
cost-effective policy 7 for making that decision.
QA model: We define 2 as an arbitrary
QA model over a text corpus D with the
following properties.  First, the model can
be trained from annotated data samples, e.g.,
Q « train ({(¢;, di, si) }o<i<...). Second, for a
given question the model can predict a number
of top-n documents likely to contain the answer,
ie, QP : ¢ — [dD,...,d™] € D. Third,
for a given question-document pair the model
can predict a number of top-n answer spans, i.e.,
Q% 1 (q,d) — [sM),..., s")]. These properties



are fulfilled by recent QA systems dealing with
textual content (e.g., Chen et al., 2017; Wang et al.,
2018).

Policy model: For every question, we distin-
guish two policy models: a policy model 7% re-
sponsible for annotating documents and 7 for an-
swer spans. For brevity, we sometimes drop the
superscripts S and D and simply refer to them as 7.
The policy models decide whether a manual annota-
tion scheme or rather our proposed semi-supervised
annotation scheme is used, each of which is associ-
ated to different costs.

3.2 Annotation Schemes

Manual annotation (MAN) scheme: This
scheme represents the status quo in which all an-
notations are determined manually. In order to
annotate a question ¢;, a human annotator must
first manually search through the text corpus D in
order to identify the document d; that answers the
question. In a second step, a human annotator man-
ually reads through the document d; and marks the
answer span ;.

We assume separate costs, which are fixed over
time, for every annotation-level. The price of anno-
tating a document for a given question is defined
as cOD and the price of annotating an answer span
to a given question-document tuple as cg . We ex-
plicitly distinguish these costs as the tasks can be
of differing difficulty.

Semi-supervised annotation (SEM) scheme:
This scheme is supposed to reduce human effort by
presenting candidates for annotation, so that only
simple binary feedback is needed. In particular,
human annotators no longer need to search through
the entire document or corpus. Instead, we use the
QA model €2 to generate a set of candidates (e.g.,
top-ranked documents or answer spans) and ask
human annotators to give binary feedback in re-
sponse (e.g., accept the candidate or reject it). This
replaces the complex search task with a simpler
form of interaction. As an example, to annotate
the answer span for a question-document pair, the
human annotator would not be required to read the
entire document d;, but only to determine which
of the top-n answers provided by Q°((g;, d;)) are
correct. We assume SEM costs ¢}’ to annotate a
document and ¢§’ to annotate an answer span.

The SEM scheme should make annotations more
straightforward, as providing binary feedback re-
quires less time than reading through the texts.

Hence, we assume that ¢; < c5 and ¢ < ¢

hold. However, semi-supervised annotations might
fail when none of the candidates is correct (i.e.,
the human annotators reject all candidates). In this
case, our framework must revert to the MAN pro-
cedure in order to obtain a valid annotation. As
a consequence, the associated cost will increase
to the accumulated cost for both the SEM and the
MAN schemes.

Note that, no matter which scheme is chosen
in practice, all annotations are confirmed by hu-
man annotators and our resulting dataset will be
equal in quality to those resulting from traditional
annotation.

3.3 Annotation Costs

Both annotation schemes, MAN and SEM, incur dif-
ferent costs that further vary depending on whether
annotation is provided at document level (c”) or at
answer span level (¢%). For annotating documents,
the cost amounts to

cP ifa=0or(a=1and
d; € QP(q:)),

otherwise

cP(algi, df) =

P+ P,

ey

where a = {0, 1} is the selected annotation scheme
and d; is the ground-truth document annotation.
Hence, di € QP (g;) indicates the candidate set
contains the ground-truth annotation and SEM is
successful.
For annotating answer spans, the cost is given by

¢S, ifa=1or(a=0and
s € % ({ai, di)),
c§ +cf,

cS(al{qi, di), s7) =
otherwise.

()
Alternatively, we can write the cost function as a
matrix of annotation costs (Tbl. 1). The diagonal
entries reflect the costs paid for choosing the opti-
mal scheme. The off-diagonals refer to the costs
paid for a sub-optimal method (misclassification
costs).

4 Learning a Cost-Effective Policy
4.1 Objective
We aim to minimize overall annotation cost via
> Epo s [Plalgi.df) + S al{as, di), s7)] -
i

3)



Annotation Costs for a Document d

Cost-optimal: MAN  Cost-optimal: SEM

Selected: MAN e e
Selected: SEM c® +cP cP

Annotation Costs for an Answer Span s

Cost-optimal: MAN  Cost-optimal: SEM
Selected: MAN e c5
Selected: SEM 7

s, s
co +c1 cy

Table 1: Costs for annotating documents (top) and an-
swer spans (bottom). The costs depend on the selected
annotation scheme (rows) and the scheme that would
have been cost-optimal (columns).

It is important to see that the QA model and the
policy model are intertwined, with both having an
impact on Eq. 3. Updating the policy models learns
the trade-off between SEM and M AN annotations
and, hence, directly minimizes the overall costs.
Updating the QA model 2 increases the number of
times suggested candidates are correct and, there-
fore, the fraction of successful SEM annotations.
For instance, when adapting to a new domain, only
a small fraction of suggested candidate annotations
are correct, limiting the effectiveness of the SEM
annotation. However, as we annotate more samples,
we improve {2 and thus more suggested candidate
annotations will be correct. For this, we later spec-
ify suitable updates for both the QA model and the
policy model.

4.2 Annotation Procedure and Learning

Our framework proceeds according to these nine
steps when annotating a question ¢; (see Alg. 1):
First, we predict a number of top-n documents that
would be shown to annotators in the case of SEM
annotation (line 2). Next, we decide upon the anno-
tation scheme conditional on the prediction from
the QA model (line 3) and, based on the selected
scheme, request the ground-truth document anno-
tation (line 4). After receiving the ground-truth
document and observing the annotation costs, we
update our policy network in line 5 (see Sec. 4.3).
Next, we predict a number of top-n answer span
candidates for the question-document pair (line 6)
and then decide upon the annotation scheme in
line 7. After receiving the answer span annotation
and observing a cost (line 8), we again update our
policy model (line 9). Finally, we update the QA
model with the newly annotated training sample
in line 10 (see Sec. 4.4). In practice, both policy
updates and QA model updates (lines 5, 9, and

10) are invoked after a batch of questions is anno-
tated. Furthermore, we initialize all models with
an existing dataset (e.g., SQuAD).

Algorithm 1: High-Level Procedure of An-
notation and Learning

Input :list of questions [g1, . . . , gm] text corpus D;
QA model Q; policy models 7 and 7°
Result: annotated dataset {(g;, d;, $i) }o<i<m
1 while i < m do

2 [dD) ..., d™] « QP (q;); predict top-n
documents

3 a— 7P (gi, [dV, ..., d"™)); decide upon
annotation scheme

4 d; < annotate(g;|a); annotate document

5 update 7P w.rt. the observed costs cD(a\qi, di);

6 [sM, ..., s"™] « Q% {(q, ds)); predict top-n

answer candidates

7 a— 7%(qi, [sY, ..., s(]); decide upon
annotation scheme

8 s; < annotate((g;, d;)|a); annotate answer
span

9 update 7% w.r.t. the observed costs

*(al(gi, di), s:);
10 update QA model 2 with (g;, d;, s;)
1n end

4.3 Policy Updates

Updating our policy model proceeds in three steps.
(1) We calculate whether the chosen action for past
annotations was cost-optimal (i.e., whether the pol-
icy should have chosen the other scheme for an-
notation or not). (2) We use this information to
update the policy model with a supervised binary
classification objective. This trains the policy to
predict the probability of an annotation scheme
given a new sample p(a|x) without taking costs
into account. (3) We find a cost-sensitive decision
threshold that chooses the optimal action with re-
spect to the costs. All three steps are repeated after
a full batch of samples has been annotated.

Separating the policy update and the cost-
sensitive decision threshold has several benefits.
First, we know from cost-sensitive classification
that we can calculate an optimal threshold point for
ground-truth probabilities p(a|z) (c.f. Elkan, 2001;
Ting, 2000). Therefore, we can focus our effort
on determining probabilities as accurate as possi-
ble. Second, the decision threshold is calculated
only from the costs ¢ and c? and, hence, if costs
change, we do not need to re-estimate parameters
but can directly adjust our policy.

(1) Finding the cost-optimal action: In order
to train the policy with a supervised update, we re-
quire labels for the cost-optimal annotation scheme




for a given sample. If we choose the SEM anno-
tation scheme, we immediately know whether the
action was cost-optimal or not. This is due to the
fact that, if the semi-supervised annotation fails,
we have to switch to the MAN scheme to receive an
annotation and pay both costs. On the other hand,
if we choose the MAN scheme, we can observe the
optimal action only after receiving the ground-truth
annotation: We can then simply run the QA model
and validate whether the annotation was contained
within the top-n candidates. If so, the SEM ac-
tion would have been the better choice; otherwise,
choosing MAN would have been cost-optimal.

(2) Supervised model updates: Our policy
model is a neural network with parameters 6 that
predicts an annotation scheme for a given sample
x, i.e.,

p(alz) = NNp(z). )

Note that we dropped the S and D indices here
as both policies differ only in the neural network
architecture used. We can then simply train the
policy with a supervised binary cross-entropy loss
given the cost-optimal action that we calculated
beforehand. Since the SEM scheme is often sub-
optimal in the beginning, the training data is highly
imbalanced. Therefore, we down-sample past an-
notations with a sampling ratio of « such that our
training data is equally balanced.

(3) Cost-sensitive decision threshold: Choos-
ing the annotation scheme with the highest prob-
ability does not take the actual costs into account.
For instance, if SEM annotations are much cheaper
than MAN annotations, we want to choose the semi-
supervised scheme even if its probability for suc-
cess is low. More formally, we want to choose the
annotation scheme a that has the lowest expected
cost R(a|z), i.e.,

R(a|z) =) pld|z)c(a,d)  (5)

where c(a, a’) is the annotation cost for choosing
scheme a when the optimal scheme was a’ (see
Tab. 1). Since we used down-sampling in our train-
ing, we have to calibrate the probabilities p(a|z)
with the sampling ratio o (Pozzolo et al., 2015).
Assuming the calibrated probabilities are accurate,
there exists an optimal classification threshold 3
(Elkan, 2001) that minimizes Eq. 5 and Eq. 3.

Therefore, we define our policy as follows:
if . opla=llz)
7'1'(a|‘137 a, ﬁ) = 1, if (a—1) pla=1lz)+1 = 6
0, otherwise.
(6)
The optimal 3 can be derived from the classifica-
tion cost matrix (Elkan, 2001) via

¢(1,0) — ¢(0,0)
(1,0) — ¢(0,0) + ¢(0,1) — ¢(1,1)°

p= (7
c

again omitting superscripts D and S for brevity.

Eq. 7 is then simplified as the fraction of SEM an-

notation costs to MAN annotation costs. Therefore,

we can derive 3 at document level

BP =<l feb, ®)
and answer span level
B =il ©)

4.4 Model Updates

Periodically updating the QA model €2 allows the
framework to adapt to the question style and do-
main at hand during the annotation process. There-
fore, we improve the top-n accuracy and the suc-
cess rate of the SEM scheme over time. For practi-
cal reasons, we refrain from updating 2 after every
annotation but periodically retrain the model after
a batch of samples is annotated. In order to update
the QA model, we can use the fully annotated QA
samples in combination with a supervised objec-
tive.

S Experimental Setup

In this section, we introduce our experimental setup
and implementation details.

5.1 Datasets

We base our experiments on the NaturalQuestion
dataset (Kwiatkowski et al., 2019). We choose
this dataset as it is composed of about 300,000
real user questions posed to the Google search en-
gine along with human-annotated documents and
answer spans. Simulating the annotation of this
dataset is similar to what would happen for domain
customization of QA models in real practice (e.g.,
for search logs, FAQs, logs of past customer inter-
actions). We focus on questions from the training-
split that possess an answer span annotation and
leave the handling of questions that do not have an
answer for future work. The corpus for annotations



is fixed to the English Wikipedia,? containing more
than 5 million text documents.

Simulation of annotations: Annotations in our ex-
periments are simulated from the original dataset.
If the framework chooses MAN annotation, we
simply use the original annotation from the dataset.
If a SEM annotation is chosen, we simulate users
that give positive feedback only to the ground-truth
document and to the answer spans where the text
matches’® the ground-truth annotation. We then
construct the new annotation using the candidate
with positive feedback. Since we simulate annota-
tions, we conduct extensive experiments on how
annotation costs influence the performance of our
framework.

5.2 Baselines

To the best of our knowledge, there is no compara-
ble prior work. Owing to this fact, we evaluate our
framework against several customized baselines.
First, we compare our approach against a manual
annotation baseline in which we always invoke the
full MAN method to annotate samples. This rep-
resents the traditional method of annotating QA
datasets and thus our prime baseline. Second, we
draw upon a clairvoyant oracle policy that always
knows the optimal annotation method. We use
this baseline to report an upper bound of the sav-
ings that our framework could theoretically achieve.
Third, we use our framework without updates on
the QA model (2. This quantifies the cost-savings
achieved by the interactive domain customization
during annotation. Finally, we present a random-
ized baseline where the annotation scheme is de-
cided by a randomized coin-toss.

5.3 Implementation Details

The QA model (2 is built as follows. We use a state-
of-the-art BERT-based (Devlin et al., 2018) im-
plementation of RankQA (Kratzwald et al., 2019).
This combines a simple tf-idf-based information re-
trieval module with BERT as a module for machine
comprehension. Both policy models 77 and 7°
are implemented as three-layer feed-forward net-
works with dropout, ReLu activation, and a single
output unit with sigmoid activation in the last layer.
For the policy 77, we use the information retrieval
scores as input. For s , we use the statistical fea-

>We extracted articles from the Wikipedia dump collected
in October 2019, as this is close to the time period in which
the NaturalQuestions dataset was constructed.

*Here we only count exact matches.

tures of answer-span candidates as calculated by
RankQA (Kratzwald et al., 2019) as input. We
also experimented with convolutional neural net-
works directly on top of the last layer of BERT, but
without yielding improvements that justified the ad-
ditional model complexity. We initialize all models
with the SQuAD dataset (see our supplements).
Hyperparameter setting: We set the number of can-
didates that are shown to annotators during a SEM
annotation to n = 5. The policy networks decide
upon the annotation method based on features of
the 2n highest-ranked candidates, i.e., the top-10.
The batch size for updates in Alg. 1 is set to 1,000
annotated questions. Details on hyperparameters
of our QA and policy models are provided in the
supplements.

6 Experimental Results

We group our experiments into three parts. First,
we focus only on annotating the answer span for
given question-document pairs, as this is the more
challenging task.* Second, we carry out a sen-
sitivity analysis in order to demonstrate how our
framework adapts to different costs of SEM anno-
tations and to show that we never exceed the cost
of traditional annotation. Third, we evaluate our
framework based on the annotation of a full dataset,
including both answer span and document annota-
tions, in order to quantify savings in practice by
using our framework.

6.1 Performance on Answer Span
Annotations

The annotation framework was used to annotate 45
batches of question-document pairs with the corre-
sponding answer spans. The annotation costs are
set to one price-unit for each MAN annotation and
one third of the unit for each SEM annotation. (In
the next section, we carry out an extensive sensi-
tivity analysis where the ratio for annotation costs
between MAN and SEM is varied.)

In Fig. 2 (left), we plot the average annota-
tion costs in every batch with a dashed line, to-
gether with a running mean depicted as a solid line.
Compared to conventional, manual annotation, our
framework successfully reduces annotation cost
by around 15% after only 20 batches. We further

*Manually finding an answer span involves reading a docu-
ment in depth. Manual document annotation is easier, as it can
be supported with tools such as search engines. In such a case,
our framework could still be used for answer span annotation,
as is shown in Section 6.1.



compare it with an oracle policy that always picks
the best annotation method. The latter provides a
hypothetical upper bound according to which ap-
proximately 40-45% of annotation cost could be
saved. Finally, we show the performance of our
framework without updates of the QA model ().
Here we can see that its improvement over time is
lower, as the framework is not capable of adapting
to the question style and domain used during anno-
tation. In sum, our framework is highly effective
in reducing annotation cost.

Fig. 2 (right) shows how many samples we could
annotate (y-axis) with a restricted budget (x-axis).
For instance, assume we have a budget of 40k price
units available for annotation. Conventional, man-
ual annotation would result in exactly 40k anno-
tated samples as we fixed the cost for each MAN
annotation to one unit. With the same budget, our
annotation framework with semi-supervised anno-
tations succeeds in annotating an additional ~9,000
samples.
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Figure 2: Left: average annotation costs in every batch
as a dashed line, together with a running mean as a solid
line. Right: how many samples we could annotate (y-
axis) with a restricted available budget (x-axis).

6.2 Cost-Performance Sensitivity Analysis

The advantage of our framework over manual anno-
tations depends on the cost ratio between the SEM
and MAN schemes. In order to determine this, we
identify the cost-range in which our framework is
profitable as a function of SEM annotation costs.
We study this via the following experiment: we re-
peatedly annotate 40k samples and keep the MAN
annotation costs fixed to one price unit, while we
increase the costs of smart annotations from 0.05
to 0.95 in increments of 0.05. Finally, we measure
the average annotation costs for a single sample;
see Fig. 3 (left).

Fig. 3 (left) demonstrates that our framework
effectively lowers annotation costs when the price

for SEM annotations drops below 0.6 as compared
to manual annotations, which are fixed to one price-
unit. Most notably, even when SEM annotations be-
come expensive and almost equal the costs of MAN
annotations, the average annotation costs do not ex-
ceed those of strictly manual annotation. This can
be attributed to our cost-sensitive decision thresh-
old, which does not require exploration as in rein-
forcement learning, but directly sets the threshold
in Eq. 6 sufficiently high.

In Fig. 3 (right), we again show the number of
samples that were annotated with a restricted bud-
get of 40k price units. We marked the absolute gain
in number of samples over traditional annotation in
the plot. The benefit of our framework becomes ev-
ident once again when the ratio of SEM annotation
costs to MAN annotations costs falls below 0.6.

To summarize, our framework is highly cost-
effective: it reduces overall annotation costs or, al-
ternatively, increases the number of annotated sam-
ples under a restricted budget if annotation costs of
SEM are approximately half those of MAN. If the
costs are less than half those of MAN annotation,
the benefits are especially pronounced. Even if this
assumption does not hold, our framework never
exceeds the costs of manual annotation and never
results in fewer annotated samples.
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Figure 3: Left: average annotation costs when varying
the ratio of SEM over MAN annotation costs. Right:
number of samples that were annotated with a restricted
budget for a given SEM annotation cost.

6.3 Performance on Full Dataset Annotation

In the last experiment, we simulate a complete
annotation of the NaturalQuestions dataset, includ-
ing annotations at both document level and answer
span level. By annotating a complete dataset, we
want to quantify the savings of our framework in
practice. We again set the cost of each MAN anno-
tation to one price-unit and repeated the experiment
three times by setting the SEM annotation cost (c1)



Document-level

Answer span-level Overall

a=1Ys a=1s a=1 a=Yr a=1s a= a=Ys =13 c=12

Traditional Annotation 102.4 102.4 102.4 102.4 102.4 102.4 204.8 204.8 204.8
Ours 79.8 85.6 98.0 81.8 87.0 98.3 161.6 172.7 196.3
(22.1%) (14.9%) 4.2%) (20.1%) (14.9%) (4.0%) (21.1%) (15.7%) (4.1%)

Table 2: Overall cost (x 103 price unit) for annotating the NaturalQuestions dataset using our framework vs. con-
ventional manual annotation for different SEM costs (c;). Improvements are shown in parenthesis.

to one quarter, one third, and one half of the price
unit. The results are shown in Tbl. 2. Depending on
relative cost ratio c¢1, we are able to save between
4.1% and 21.1% percent of the overall annotation
cost. This amounts to a total of 40,000 to 8,000
price units.’

7 Discussion and Future Work

We assume for the purposes of this study that ques-
tions have an answer span contained in a single
document and leave an extension to multi-hop ques-
tions and unanswerable questions to future research.
The robustness of our framework is demonstrated
in an extensive set of simulations and experiments.
We deliberately choose to leave experiments includ-
ing real human annotators to future research for the
following reason. Outcomes of such an experiment
would be sensitive to the design of the user inter-
face as well as the study design itself. In this paper,
we want to put the emphasis on the methodolog-
ical innovation of our framework and the novel
annotation scheme itself.

On the other hand, experiments involving real
users would provide valuable insights concerning
the annotation costs and the quality of a dataset an-
notated with our method. Furthermore, it would be
worth investigating how inter-annotator agreement
or potential human biases manifest in traditional
datasets as compared to those generated with our
framework.

8 Conclusion

We presented a novel annotation framework for
question answering based on textual content, which
learns a cost-effective policy to combine a manual
annotation scheme with a semi-supervised annota-
tion scheme. Our framework annotates all given

5In these experiments, we obtain the overall cost by di-
rectly adding the costs of the two levels. Note that the cost
can be different for document and answer span annotations,
and that in such cases, our framework can still save costs at
each level as shown in the table, although we cannot directly
add up the costs as an overall sum.

questions accurately while limiting costs as much
as possible. We show that our framework never
incurs higher costs than traditional manual annota-
tion. On the contrary, it achieves substantial sav-
ings. For example, it reduces the overall costs by
about 4.1% when SEM annotations cost about half
of MAN annotations. When that ratio is lowered
to one fourth, our framework can reduce the total
costs by up top 21.1%. We think that our frame-
work could contribute to more accessible annota-
tion of datasets in the future and possibly even be
extended to other fields and applications in natural
language processing.
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Appendix
A Source Code

All  source code is available from

github.com/bernhard2202/qa-annotation.
B Details on the QA Model

We use the same hyperparemter configuration as
reported in Kratzwald et al. (2019) without further
fine-tuning. The model was initialized by training
on the training split of the SQuADv1.1. dataset
(Rajpurkar et al., 2016).



Parameter Values
Dropout z 0.0,0.3,0.5
Hidden units k 32 64 128
Learning rate | 0.0001, 0.0005, 0.001
Epochs 15, 20, 25

Table 3: Values used for gridsearch in hyperparameter
tuning for the policy 7

Parameter Values
Dropout z 0.0, 0.3, 0.5
Hidden units k 32 64 128
Learning rate | 0.0001, 0.0005, 0.001
Epochs 15, 20, 25

Table 4: Values used for gridsearch in hyperparameter
tuning for the policy 7"

C Details on the Policy Model

The policy models 7 and 7° are implemented
as feed forward networks composed of a dense
layer with k output units and relu actvation, a
dropout layer with dropout probability z, a second
dense layer with k/2 outputs and relu activation,
a dropout layer with dropout probability z, and a
dense layer with a single output and sigmoid acti-
vation.

Initialization: for the first batch of annotations
we initialize the policy models on SQuAD. After
the first batch is annotated we only use the new
data for policy updates.

Hyperparameter search: We tune hyper-
paramters on the SQuAD dataset using gridsearch
with the values displayed in Tab. 3 and Tab. 4.
Bold values mark final choices. We annotated the
first 10 batches of SQuAD and choose the hyper-
paramters that had the lowest anntation cost. No
hyperparemter tuning or architecture search was
performed on the NaturalQuestions dataset which
our experiments are based on.

D Estimation of Real Annotation Costs

In order to provide additional insights on the actual
annotation costs involving real users we conducted
a pre-test on Amazon MTURK. For this we showed
a textual explanation of the MAN and SEM anno-
tation scheme to workers and provided them with
mockups for both inputs (answer-span annotation).
Next, we asked 40 workers to report how much
money they think would be a fair compensation for
each of the tasks on a scale of one to ten. Work-

ers reported on average a compensation of $5.9 for
MAN annotations and $3.2 for SEM annotations.
This ratio falls into the range where we make profits
using our framework.

E System

All experiments were conducted with a Nvidia Ti-
tan Xp GPU on a Server with 192GB DDR4 RAM
and two 10 Core Intel Xeon Silver 4210 2.2GHz
Processors.
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Abstract

As a promising paradigm, interactive semantic
parsing has shown to improve both semantic
parsing accuracy and user confidence in the re-
sults. In this paper, we propose a new, unified
formulation of the interactive semantic parsing
problem, where the goal is to design a model-
based intelligent agent. The agent maintains
its own state as the current predicted semantic
parse, decides whether and where human inter-
vention is needed, and generates a clarification
question in natural language. A key part of the
agent is a world model: it takes a percept (ei-
ther an initial question or subsequent feedback
from the user) and transitions to a new state.
We then propose a simple yet remarkably ef-
fective instantiation of our framework, demon-
strated on two text-to-SQL datasets (WikiSQL
and Spider) with different state-of-the-art base
semantic parsers. Compared to an existing in-
teractive semantic parsing approach that treats
the base parser as a black box, our approach
solicits less user feedback but yields higher
run-time accuracy.'

1 Introduction

Natural language interfaces that allow users to
query data and invoke services without program-
ming have been identified as a key application of
semantic parsing (Berant et al., 2013; Thomason
et al., 2015; Dong and Lapata, 2016; Zhong et al.,
2017; Campagna et al., 2017; Su et al., 2017).
However, existing semantic parsing technologies
often fall short when deployed in practice, facing
several challenges: (1) user utterances can be in-
herently ambiguous or vague, making it difficult
to get the correct result in one shot, (2) the ac-
curacy of state-of-the-art semantic parsers are still
not high enough for real use, and (3) it is hard for
* Work started while at AI2
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Figure 1: Model-based Interactive Semantic Parsing
(MISP) framework.

users to validate the semantic parsing results, es-
pecially with mainstream neural network models
that are known for the lack of interpretability.

In response to these challenges, interactive se-
mantic parsing has been proposed recently as a
practical solution, which includes human users in
the loop to resolve utterance ambiguity, boost sys-
tem accuracy, and improve user confidence via
human-machine collaboration (Li and Jagadish,
2014; He et al., 2016; Chaurasia and Mooney,
2017; Su et al., 2018; Gur et al., 2018; Yao et al.,
2019). For example, Gur et al. (2018) built the
DialSQL system to detect errors in a generated
SQL query and request user selection on alter-
native options via dialogues. Similarly, Chaura-
sia and Mooney (2017) and Yao et al. (2019) en-
abled semantic parsers to ask users clarification
questions while generating an If-Then program.
Su et al. (2018) showed that users overwhelm-
ingly preferred an interactive system over the non-
interactive counterpart for natural language inter-
faces to web APIs. While these recent studies suc-
cessfully demonstrated the value of interactive se-
mantic parsing in practice, they are often bound to
a certain type of formal language or dataset, and
the designs are thus ad-hoc and not easily gen-
eralizable. For example, DialSQL only applies



to SQL queries on the WikiSQL dataset (Zhong
et al., 2017), and it is non-trivial to extend it to
other formal languages (e.g., A-calculus) or even
just to more complex SQL queries beyond the tem-
plates used to construct the dataset.

Aiming to develop a general principle for
building interactive semantic parsing systems, in
this work we propose model-based interactive
semantic parsing (MISP), where the goal is to de-
sign a model-based intelligent agent (Russell and
Norvig, 2009) that can interact with users to com-
plete a semantic parsing task. Taking an utter-
ance (e.g., a natural language question) as input,
the agent forms the semantic parse (e.g., a SQL
query) in steps, potentially soliciting user feed-
back in some steps to correct parsing errors. As
illustrated in Figure 1, a MISP agent maintains its
state as the current semantic parse and, via an er-
ror detector, decides whether and where human
intervention is needed (the action). This action is
performed by a question generator (the actuator),
which generates and presents to the user a human-
understandable question. A core component of
the agent is a world model (Ha and Schmidhu-
ber, 2018) (hence model-based), which incorpo-
rates user feedback from the environment and tran-
sitions to a new agent state (e.g., an updated se-
mantic parse). This process repeats until a termi-
nal state is reached. Such a design endows a MISP
agent with three crucial properties of interactive
semantic parsing: (1) being introspective of the
reasoning process and knowing when it may need
human supervision, (2) being able to solicit user
feedback in a human-friendly way, and (3) being
able to incorporate user feedback (through state
transitions controlled by the world model).

The MISP framework provides several advan-
tages for designing an interactive semantic parser
compared to the existing ad-hoc studies. For in-
stance, the whole problem is conceptually reduced
to building three key components (i.e., the world
model, the error detector, and the actuator), and
can be handled and improved separately. While
each component may need to be tailored to the
specific task, the general framework remains un-
changed. In addition, the formulation of a model-
based intelligent agent can facilitate the applica-
tion of other machine learning techniques like re-
inforcement learning.

To better demonstrate the advantages of the
MISP framework, we propose a simple yet re-

markably effective instantiation for the text-to-
SQL task. We show the effectiveness of the
framework based on three base semantic parsers
(SQLNet, SQLova and SyntaxSQLNet) and two
datasets (WikiSQL and Spider). We empirically
verified that with a small amount of targeted, test-
time user feedback, interactive semantic parsers
improve the accuracy by 10% to 15% absolute.
Compared to an existing interactive semantic pars-
ing system, DialSQL (Gur et al., 2018), our ap-
proach, despite its much simpler yet more general
system design, achieves better parsing accuracy by
asking only half as many questions.

2 Background & Related Work

Semantic Parsing. Mapping natural language ut-
terances to their formal semantic representations,
semantic parsing has a wide range of applications,
including question answering (Berant et al., 2013;
Dong and Lapata, 2016; Finegan-Dollak et al.,
2018), robot navigation (Artzi and Zettlemoyer,
2013; Thomason et al., 2015) and Web API call-
ing (Quirk et al., 2015; Su et al., 2018). The target
application in this work is text-to-SQL, which has
been popularized by the WikiSQL dataset (Zhong
et al., 2017). One of the top-performing models
on WikiSQL is SQLNet (Xu et al., 2017), which
leverages the pre-defined SQL grammar sketches
on WikiSQL and solves the SQL generation prob-
lem via “slot filling.” By augmenting SQLNet with
a table-aware BERT encoder (Devlin et al., 2019)
and by revising the value prediction in WHERE
clauses, SQLova (Hwang et al., 2019) advances
further the state of the art. Contrast to WikiSQL,
the recently released Spider dataset (Yu et al.,
2018c) focuses on complex SQL queries contain-
ing multiple keywords (e.g., GROUP BY) and may
join multiple tables. To handle such complexity,
Yu et al. (2018b) proposed SyntaxSQLNet, a syn-
tax tree network with modular decoders, which
generates a SQL query by recursively calling a
module following the SQL syntax. However, be-
cause of the more realistic and challenging setting
in Spider, it only achieves 20% in accuracy.

We experiment our MISP framework with the
aforementioned three semantic parsers on both
WikiSQL and Spider. The design of MISP allows
naturally integrating them as the base parser. For
example, when SQLNet fills a sequence of slots
to produce a SQL query, a “state” in MISP corre-
sponds to a partially generated SQL query and it



transitions as SQLNet fills the next slot.

Interactive Semantic Parsing. To enhance pars-
ing accuracy and user confidence in practical
applications, interactive semantic parsing has
emerged as a promising solution (Li and Jagadish,
2014; He et al., 2016; Chaurasia and Mooney,
2017; Su et al., 2018; Gur et al., 2018; Yao et al.,
2019). Despite their effectiveness, existing solu-
tions are somewhat ad-hoc and bound to a spe-
cific formal language and dataset. For example,
DialSQL (Gur et al., 2018) is curated for Wik-
iSQL, where SQL queries all follow the same
and given grammar sketch. Similarly, (Yao et al.,
2019) relies on a pre-defined two-level hierar-
chy among components in an If-Then program
and cannot generalize to formal languages with
a deeper structure. In contrast, MISP aims for a
general design principle by explicitly identifying
and decoupling important components, such as er-
ror detector, question generator and world model.
It also attempts to integrate and leverage a strong
base semantic parser, and transforms it to a natural
interactive semantic parsing system, which sub-
stantially reduces the engineering cost.

3 Model-based Interactive Semantic
Parsing

We now discuss the MISP framework (Figure 1)
in more detail. Specifically, we highlight the func-
tion of each major building block and the relation-
ships among them, and leave the description of a
concrete embodiment to Section 4.

Environment. The environment consists of a user
with a certain intent, which corresponds to a se-
mantic parse that the user expects the agent to pro-
duce. Based on this intent, the user gives an initial
natural language utterance ug to start a semantic
parsing session and responds to any clarification
question from the agent with feedback u; at inter-
action turn ¢.

Agent State. The agent state s is an agent’s inter-
nal interpretation of the environment based on all
the available information. A straightforward de-
sign of the agent state is as the currently predicted
semantic parse. It can also be endowed with meta
information of the parsing process such as predic-
tion probability or uncertainty to facilitate error
detection.

World Model. A key component of a MISP agent
is its world model (Ha and Schmidhuber, 2018),

which compresses the historical percepts through-
out the interaction and predicts the future based on
the agent’s knowledge of the world. More specif-
ically, it models the transition of the agent state,
p(St+1|8t,ut), where u, is the user feedback at
step ¢ and sy is the new state. The transition
can be deterministic or stochastic.

Error Detector. A MISP agent introspects its
state and decides whether and where human inter-
vention is needed. The error detector serves this
role. Given the current state s; (optionally the en-
tire interaction history) and a set of terminal states,
it decides on an action a,: If the agent is at a ter-
minal state, it terminates the session, executes the
semantic parse, and returns the execution results
to the user; otherwise, it determines a span in the
current semantic parse that is likely erroneous and
passes it, along with necessary context informa-
tion needed to make sense of the error span, to the
actuator.

Actuator. An actuator has a user-facing interface
and realizes an agent’s actions in a user-friendly
way. In practice, it can be a natural language gen-
erator (NLG) (He et al., 2016; Gur et al., 2018;
Yao et al., 2019) or an intuitive graphical user in-
terface (Su et al., 2018; Berant et al., 2019), or the
two combined.

4 MISP-SQL: An Instantiation of MISP
for Text-to-SQL

Under the MISP framework, we design an inter-
active semantic parsing system (Figure 2), named
MISP-SQL, for the task of text-to-SQL transla-
tion. MISP-SQL assumes a base text-to-SQL
parser and leverages it to design the world model
and the error detector. The world model is es-
sentially a wrapper that takes the user input and
changes the behavior of the base semantic parser
(e.g., by changing the probability distribution or
removing certain prediction paths). The error de-
tector makes decisions based on the uncertainty of
the predictions: if the parser is uncertain about a
prediction, it is more likely to be an error. The ac-
tuator is a template-based natural language ques-
tion generator developed for the general SQL lan-
guage. Figure 2 shows an example of the MISP-
SQL agent.

4.1 Agent State

For ease of discussion, we assume the base parser
generates the SQL query by predicting a sequence



of SQL components,” as in many state-of-the-
art systems (Xu et al., 2017; Wang et al., 2018;
Yu et al.,, 2018a; Hwang et al., 2019). Agent
state s; is thus defined as a partial SQL query,
i.e., s4={01,09,...,0¢}, where o; is the predicted
SQL component at time step ¢, such as SELECT
place in Figure 2. What constitutes a SQL com-
ponent is often defined differently in different se-
mantic parsers, but typically dictated by the SQL
syntax. To support introspection and error detec-
tion, each prediction is associated with its uncer-
tainty, which is discussed next.

4.2 Error Detector

The error detector in MISP-SQL is introspective
and greedy. It is introspective because it examines
the uncertainty of the predictions as opposed to the
predictions themselves. On the other hand, it is
greedy because its decisions are solely based on
the last prediction o; instead of the entire state s;.

We experiment with two uncertainty measures,
based on the probability of o; estimated by the
base semantic parser, as well as its standard de-
viation under Bayesian dropout (Gal and Ghahra-
mani, 2016), respectively.

Probability-based Uncertainty. Intuitively if the
base semantic parser gives a low probability to the
top prediction at a step, it is likely uncertain about
the prediction. Specifically, we say a prediction oy
needs user clarification if its probability is lower
than a threshold p*, i.e.,

plog) < p*.

This strategy is shown to be strong in detect-
ing misclassified and out-of-distribution examples
(Hendrycks and Gimpel, 2017).

Dropout-based Uncertainty. Dropout (Srivas-
tava et al., 2014) has been used as a Bayesian
approximation for estimating model uncertainty
(Gal and Ghahramani, 2016) in several tasks
(Dong et al., 2018; Siddhant and Lipton, 2018;
Xiao and Wang, 2019). Different from its standard
application to prevent models from overfitting in
training time, we use it at test time to measure
model uncertainty, similar to (Dong et al., 2018).
The intuition is that if the probability on a pre-
diction varies dramatically (as measured by the

%In practice this assumption may not be necessary as long

as there is a reasonable way to chunk the semantic parse to
calculate uncertainty and formulate clarification questions.

| What was the score of the !

game on November 12?7 | r----oocoeooaan ,
TTctotttooooooooo----ro-  SELECT place!
"/\'/;3 © User @ Initial Do Error:
7| Answer Question Detector

Feedback Base Semantic|!
t [Incorporation| Parser :

‘World Model

Actuator

Figure 2: MISP-SQL Agent. The base semantic parser
incrementally parses the user question (Step 1) into a
SQL query by first selecting a column from the table
(Step 2). This partial parse is examined by the error
detector (Step 3), who determines that the prediction
is incorrect (because the uncertainty is high) and trig-
gers the actuator to ask the user a clarification question
(Step 4). The user feedback is then incorporated into
the world model (Step 5) to update the agent state. If
the prediction was correct, Step 2 would be repeated to
continue the parsing.

standard deviation) across different perturbations
under dropout, the model is likely uncertain about
it. Specifically, the uncertainty on prediction o; is
calculated as:

STDDEV {p(o,|W;)} ¥,

where W; is the parameters of the base seman-
tic parser under the ¢-th dropout perturbation, and
the uncertainty score is the standard deviation of
the prediction probabilities over /N random passes.
We say o; needs user clarification if its uncertainty
score is greater than a threshold s*.

Terminal State. The only terminal state is when
the base semantic parser indicates end of parsing.

4.3 Actuator: An NL Generator

The MISP-SQL agent performs its action (e.g.,
validating the column “place’) via asking users bi-
nary questions, hence the actuator is a natural lan-
guage generator (NLG). Although there has been
work on describing a SQL query with an NL state-
ment (Koutrika et al., 2010; Ngonga Ngomo et al.,
2013; Iyer et al., 2016; Xu et al., 2018), few work
studies generating guestions about a certain SQL
component in a systematic way.

Inspired by (Koutrika et al., 2010; Wang et al.,
2015), we define a rule-based NLG, which con-
sists of a seed lexicon and a grammar for de-
riving questions. Table 1 shows rules covering



[Lexicon]

is greater than|equals tolis less than — OP[>|=|<]
sum of values in|average value in|number of|minimum value in|maximum value in — AGG[sum|avg|count|min|max]

[Grammar]

“col” — COL[col]
Does the system need to return information about COL[col] ? — Q[col||SELECT agg? col]
Does the system need to return AGG[agg] COL[col] ? — Q[agg||SELECT agg col]
Does the system need to return a value after any mathematical calculations on COL[col] ? — Q[agg=None||SELECT col]
Does the system need to consider any conditions about COL[col] ? — Q[col||WHERE col op val]
The system considers the following condition: COL[col] OP[op] a value. Is this condition correct? — Q[op||WHERE col op val]
The system considers the following condition: COL[col] OP[op] val. Is this condition correct? — Q[val||[WHERE col op val]

Table 1: Domain-general lexicon and grammar for NL generation in MISP-SQL (illustrated for WikiSQL; a more

comprehensive grammar for Spider can be found in Appendix A).

SQL queries on WikiSQL (Zhong et al., 2017).
The seed lexicon defines NL descriptions for basic
SQL elements in the form of “n — ¢[p]”, where n
is an NL phrase, ¢ is a pre-defined syntactic cat-
egory and p is either an aggregator (e.g., avg) or
an operator (e.g., >). For example, “is greater than
— OP[>]” specifies a phrase “is greater than” to
describe the operator “>”. In MISP-SQL, we con-
sider four syntactic categories: AGG for aggrega-
tors, OP for operators, COL for columns and Q for
generated questions. However, it can be extended
with more lexicon entries and grammar rules to
accommodate more complex SQL in Spider (Yu
et al., 2018c), which we show in Appendix A.

The grammar defines rules to derive questions.
Each column is described by itself (i.e., the col-
umn name). Rules associated with each Q-typed
item “Q[v||Clause]” constructs an NL question
asking about v in Clause. The Clause is the
necessary context to formulate meaningful ques-
tions. Figure 3 shows a derivation example. Note
that, both the lexicon and the grammar in our sys-
tem are domain-agnostic in the sense that it is
not specific to any database. Therefore, it can be
reused for new domains in the future. Database-
specific rules, such as naming each column with
a more canonical phrase (rather than the column
name), are also possible.

4.4 World Model

The agent incorporates user feedback and updates
its state with a world model. Different from Di-
alSQL which trains an additional neural network,
the MISP-SQL agent directly employs the base se-
mantic parser to transition states, which saves ad-
ditional training efforts.

As introduced in Section 4.3, the agent raises a
binary question to the user about a predicted SQL
component o;. Therefore, the received user feed-

Q[max || SELECT max age]

Does the system need to return AGG[max] CoL[age] ?

~ I

maximum value in "age"

Figure 3: Deriving an NL question about the aggregator
max in the clause “SELECT max(age)” from the rooted
Q-typed item .

back either confirms the prediction or negates it.
In the former case, the state is updated by proceed-
ing to the next decoding step, i.e., s;+1={01, ...,
Ot, 0141}, Where 0,41 is the predicted next compo-
nent and s¢;; shows the updated partial parse. In
the latter case, the user feedback is incorporated to
constrain the search space of the base parser (i.e.,
forbidding the parser from making the same wrong
prediction), based on which the parser refreshes
its prediction and forms a new state s;4+1={01, ...,
01—1, O1+1}, where 0,11 is a predicted alternative
to replace o;. To avoid being trapped in a large
search space, for each SQL component, we con-
sider a maximum number of K alternatives (in
addition to the original prediction) to solicit user
feedback on.

S Experiments

We apply our approach to the task of mapping nat-
ural language questions to SQL queries. In this
section, we first describe the basic setup, includ-
ing the datasets and the base semantic parsers, fol-
lowed by the system results on both simulated and
real users.

5.1 Experimental Setup

We evaluate our proposed MISP-SQL agent on
WikiSQL (Zhong et al., 2017), which contains
80,654 hand-annotated pairs of (NL question,



SQLNet SQLova
System Aceqm Accex  Avg. #q  Accgm  Accex  Avg. #q
no interaction 0.615 0.681 N/A 0.797 0.853 N/A
DialSQL 0.690 N/A 2.4 N/A  NA N/A
MISP-SQL™™1 0932 0.948 7445 0985 0991  6.591
MISP-SQLUMmS 0870 0900 7.052 0955 0974  6.515
MISP-SQLP =% 0782 0.824 1713 0912 0939 0.773
MISP-SQLP =08 0729 0779  1.104  0.880 0914  0.488

Table 2: Simulation evaluation of MISP-SQL (based on SQLNet or SQLova) on WikiSQL Test set. “MISP-
SQLP"=X" denotes our agent with probability-based error detection (threshold at X). “MISP-SQLUimiK> denotes
a variant that asks questions for every component, with up to K + 1 questions per component.

SQL query), distributed across 24,241 tables from
Wikipedia. Our experiments follow the same data
split as in (Zhong et al., 2017).

We experiment MISP-SQL with two base se-
mantic parsers: SQLNet (Xu et al., 2017) and
SQLova (Hwang et al., 2019). Unlike in Dial-
SQL’s evaluation (Gur et al., 2018), we do not
choose Seq2SQL (Zhong et al., 2017) as a base
parser but SQLova instead, because it achieves
similar performance as SQLNet while SQLova
is currently the best open-sourced model on Wik-
iSQL, which can give us a more comprehensive
evaluation. For each of the two base semantic
parsers, we test our agent with two kinds of er-
ror detectors, based on prediction probability and
Bayesian dropout, respectively (Section 4.2). We
tune the threshold p* within 0.5 ~ 0.95 and s*
within 0.01 ~ 0.2. Particularly for uncertainty-
based detection measured by Bayesian dropout,
the number of passes [V is set to 10, with a dropout
rate 0.1. The dropout layers are applied at the
same positions as when each semantic parser is
trained. When the agent interacts with users, the
maximum number of alternative options (in addi-
tion to the original prediction) per component, I,
is set to 3. If the user negates all the K + 1 pre-
dicted candidates, the agent will keep the original
prediction, as in (Gur et al., 2018).

5.2 Simulation Evaluation

In simulation evaluation, each agent interacts with
a simulated user, who gives a yes/no answer based
on the ground-truth SQL query. If the agent fails
to correct its predictions in three consecutive in-
teraction turns, the user will leave the interaction
early and the agent has to finish the remaining gen-
eration without further help from the user.

Overall Comparison. We first compare MISP-
SQL with the two base semantic parsers without

interactions in Table 2. For SQLNet, we also com-
pare our system with the reported performance of
DialSQL (Gur et al., 2018, Table 4). However,
since DialSQL is not open-sourced and it is not
easy to reproduce it, we are unable to adapt it to
SQLova for more comparisons. Following (Xu
et al., 2017; Hwang et al., 2019), we evaluate the
SQL query match accuracy (“Acegqm”, after con-
verting the query into its canonical form) and the
execution accuracy (“Acce”’) of each agent. “Avg.
#q” denotes the average number of questions per
query. For any base parser, MISP-SQL improves
their performance by interacting with users. Par-
ticularly for SQLNet, MISP-SQL outperforms the
DialSQL system with only half the number of
questions (1.104 vs. 2.4), and has a much simpler
design without the need of training an extra model
(besides training the base parser, which DialSQL
needs to do as well). Our agent can even boost the
strong performance of SQLova from 85% to 94%
in execution accuracy, with merely 0.773 ques-
tions per query.

We also present an “upper-bounded” accuracy
of our agent, when it does not adopt any error
detector and asks questions about every compo-
nent with at most 10 (“MISP-SQLUMmitI0”) or 3
(“MISP-SQLUYMIMIB>) alternatives. Interestingly,
even for the weaker SQLNet parser, most true pre-
dictions have already been contained within the
top 10 options (giving 0.932 query match accu-
racy). When equipped with the stronger SQLova
parser, the agent has a potential to boost the ex-
ecution accuracy to around 100% by considering
only the top 3 options of every prediction. The
complete results can be found in Appendix B.

Error Detector Comparison. We then compare
the probability-based and dropout-based error de-
tectors in Figure 4, where each marker indicates
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Figure 4: Comparison of probability- and dropout-
based error detection.

the agent’s accuracy and the average number of
questions it needs under a certain error detec-
tion threshold. Consistently for both SQLNet and
SQLova, the probability-based error detector can
achieve the same accuracy with a lower number
of questions than the dropout-based detector. It
is also observed that this difference is greater in
terms of query match accuracy, around 0.15 ~
0.25 for SQLNet and 0.1 ~ 0.15 for SQLova.
A more direct comparison of various settings un-
der the same average number of questions can be
found in Appendix C.

To better understand how each kind of error de-
tectors works, we investigate the portion of ques-
tions that each detector spends on right predictions
(denoted as “Q;”). An ideal system should ask
fewer questions on right predictions while iden-
tify more truly incorrect predictions to fix the mis-
takes. We present the question distributions of the
various systems in Table 3. One important conclu-
sion drawn from this table is that probability-based
error detection is much more effective on identi-
fying incorrect predictions. Consider the system
using probability threshold 0.5 for error detection
(i.e., “p*=0.5") and the one using dropout-based
error detector with a threshold 0.2 (i.e., “s*=0.2")
on SQLNet. When both systems ask around the
same number of questions during the interaction,
the former spends only 16.9% of unnecessary
questions on correct predictions (Q;), while the
latter asks twice amount of them (32.1%). Sim-
ilar situations are also observed for SQLova. It
is also notable that, when the probability thresh-
old is lower (which results in a fewer total num-
ber of questions), the portion of questions on right
actions drops significantly (e.g., from 23.0% to
16.9% when the threshold changes from 0.8 to 0.5
on SQLNet). However, this portion remains al-
most unchanged for dropout-based error detection.

SQLNet SQLova
System Avg.#q Q:% System Avg.#q Q:%
p*=0.8 1.099 23.0% p*=0.8 0.484 28.9%
p*=0.5 0.412 169% p*=0.5 0.220 18.4%
$*=0.07 1.156 345% s*=0.03 0.489 50.4%
$*=0.2 0.406 32.1% s*=0.05 0.306 52.5%

Table 3: Portion of interaction questions on right pre-
dictions (Q,%) for each agent setting on WikiSQL Dev
set (smaller is better). “p*/s*=X" denotes our agent
with probability/dropout-based error detection (thresh-
old at X).

5.3 Extend to Complex SQL Generation

A remarkable characteristic of MISP-SQL is its
generalizability, as it makes the best use of the
base semantic parser and requires no extra model
training. To verify it, we further experiment
MISP-SQL on the more complex text-to-SQL
dataset “Spider” (Yu et al., 2018c). The dataset
consists of 10,181 questions on multi-domain
databases, where SQL queries can contain com-
plex keywords such as GROUP BY or join several
tables. We extend the NLG lexicon and gram-
mar (Section 4.3) to accommodate this complex-
ity, with details shown in Appendix A.

We adopt SyntaxSQLNet (Yu et al., 2018b) as
the base parser.> In our experiments, we follow
the same database split as in (Yu et al., 2018c) and
report the Exact Matching accuracy (“Accem’”) on
Dev set.* Other experimental setups remain the
same as when evaluating MISP-SQL on WikiSQL.
Table 4 shows the results.

We first observe that, via interactions with sim-
ulated users, MISP-SQL improves SyntaxSQL-
Net by 10% accuracy with reasonably 3 questions
per query. However, we also realize that, un-
like on WikiSQL, in this setting, the probability-
based error detector requires more questions than
the Bayesian uncertainty-based detector. This can
be explained by the inferior performance of the
base SyntaxSQLNet parser (merely 20% accuracy
without interaction). In fact, the portion of ques-
tions that the probability-based detector spends
on right predictions (Q;) is still half of that the
dropout-based detector asks (12.8% vs. 24.8%).
However, it wastes around 60% of questions on
unsolvable wrong predictions. This typically hap-

3We chose SyntaxSQLNet because it was the best model
by the paper submission time. In principle, our framework
can also be applied to more sophisticated parsers such as (Bo-
gin et al., 2019; Guo et al., 2019).

*We do not report results on Spider test set since it is not
publicly available.



System Accem  Avg. #q
no interaction 0.190 N/A
MISP-SQL""™1% 0,522 14.878
MISP-SQLUMMS 0382 11.055
MISP-SQL? =% 0300  3.908
MISP-SQL? =04 0.268  3.056
MISP-SQL® =" 0315  3.815
MISP-SQL®* =" 0290  2.905

Table 4: Simulation evaluation of MISP-SQL (built on
SyntaxSQLNet) on Spider Dev set.

pens when the base parser is not strong enough,
i.e., cannot rank the true option close to the top,
or when there are unsolved wrong precedent pre-
dictions (e.g., in “WHERE col op val”, when col
is wrong, whatever op/val following it is wrong).
This issue can be alleviated when more advanced
base parsers are adopted in the future.

5.4 Human Evaluation

We further conduct human user study to evalu-
ate the MISP-SQL agent. Our evaluation setting
largely follows Gur et al. (2018). For each base se-
mantic parser, we randomly sample 100 examples
from the corresponding dataset (either WikiSQL
Test set or Spider Dev set) and ask three human
evaluators, who are graduate students with only
rudimentary knowledge of SQL based on our sur-
vey, to work on each example and then report the
averaged results. We present to the evaluators the
initial natural language question and allow them
to view the table headers to better understand the
question intent. On Spider, we also show the name
of the database tables. We select error detectors
based on the simulation results: For SQLNet and
SQLova, we equip the agent with a probability-
based error detector (threshold at 0.95); for Syn-
taxSQLNet, we choose a Bayesian uncertainty-
based error detector (threshold at 0.03). As in the
simulation evaluation, we cannot directly compare
with DialSQL in human evaluation because the
code is not yet publicly available.

Table 5 shows the results. In all settings,
MISP-SQL improves the base parser’s perfor-
mance, demonstrating the benefit of involving hu-
man interaction. However, we also notice that the
gain is not as large as in simulation, especially
on SQLova. Through interviews with the human
evaluators, we found that the major reason is that
they sometimes had difficulties understanding the
true intent of some test questions that are ambigu-

System AcCqmem Accex  Avg. #q
SQLNet
no interaction 0.580 0.660 N/A
MISP-SQL (simulation) 0.770 0.810 1.800
MISP-SQL (real user) 0.633 0.717 1.510
SQLova
no interaction 0.830 0.890 N/A
MISP-SQL (simulation) 0.920 0.950 0.550
MISP-SQL (real user) 0.837 0.880 0.533
+ w/ full info. 0.907 0.937 0.547
SyntaxSQLNet
no interaction 0.180 N/A N/A
MISP-SQL (simulation) 0.290 N/A 2.730
MISP-SQL (real user) 0.230 N/A 2.647

Table 5: Human evaluation on 100 random examples
for MISP-SQL agents based on SQLNet, SQLova and
SyntaxSQLNet, respectively.

ous, vague, or contain entities they are not familiar
with. We believe this reflects a general challenge
of setting up human evaluation for semantic pars-
ing that is close to the real application setting, and
thus set forth the following discussion.

5.5 Discussion on Future Human Evaluation

Most human evaluation studies for (interactive)
semantic parsers so far (Chaurasia and Mooney,
2017; Gur et al., 2018; Su et al., 2018; Yao et al.,
2019) use pre-existing test questions (e.g., from
datasets like WikiSQL). However, this introduces
an undesired discrepancy, that is, human evalua-
tors may not necessarily be able to understand the
true intent of the given questions in an faithful
way, especially when the question is ambiguous,
vague, or containing unfamiliar entities.

This discrepancy is clearly manifested in our
human evaluation with SQLova (Table 5). When
the base parser is strong, many of the remaining
incorrectly parsed questions are challenging not
only for the base parser but also for human evalu-
ators. We manually examined the situations where
evaluators made a different choice than the sim-
ulator and found that 80% of such choices hap-
pened when the initial question is ambiguous or
the gold SQL annotation is wrong. For exam-
ple, for the question “name the city for kanjiza”
it is unlikely for human evaluators to know that
“kanjiza” is an “Urban Settlement” without look-
ing at the table content or knowing the specific
background knowledge beforehand. This issue has
also been reported as the main limitation to fur-
ther improve SQLova (Hwang et al., 2019), which



could in principle be resolved by human interac-
tions if the users have a clear and consistent intent
in mind. To verify this, we conduct an additional
experiment with SQLova where human evaluators
can view the table content as well as the gold SQL
query before starting the interaction to better un-
derstand the true intent (denoted as “w/ full info”
in Table 5). As expected, the MISP-SQL agent
performs much better (close to simulation) when
users know what they are asking. It further con-
firms that a non-negligible part of the accuracy gap
between simulation and human evaluation is due
to human evaluators not fully understanding the
question intent and giving false feedback.

To alleviate this discrepancy, a common prac-
tice is to show human evaluators the schema of the
underlying database, as Gur et al. (2018) and we
did (Section 5.4), but it is still insufficient, espe-
cially for entity-related issues (e.g., “kanjiza”). On
the other hand, while exposing human evaluators
to table content helps resolve the entity-related is-
sues, it is likely to introduce undesired biases in fa-
vor of the system under test (i.e., “overexposure”),
since human evaluators may then be able to give
more informative feedback than real users.

To further reduce the discrepancy between hu-
man evaluation and real use cases, one possible
solution is to ask human evaluators to come up
with questions from scratch (instead of using pre-
existing test questions), which guarantees intent
understanding. While this solution may still re-
quire exposure of table content to evaluators (such
that they can have some sense of each table at-
tribute), overexposure can be mitigated by show-
ing them only part (e.g., just a few rows) of the
table content, similar to the annotation strategy
by Zhong et al. (2017). Furthermore, the reduced
controllability on the complexity of the evaluator-
composed questions can be compensated by con-
ducting human evaluation in a larger scale. We
plan to explore this setting in future work.

6 Conclusion and Future Work

This work proposes a new and unified framework
for the interactive semantic parsing task, named
MISP, and instantiates it successfully on the text-
to-SQL task. We outline several future directions
to further improve MISP-SQL and develop MISP
systems for other semantic parsing tasks:

Improving Agent Components. The flexibility
of MISP allows improving on each agent compo-

nent separately. Take the error detector for exam-
ple. One can augment the probability-based er-
ror detector in MISP-SQL with probability cali-
bration, which has been shown useful in align-
ing model confidence with its reliability (Guo
et al., 2017). One can also use learning-based
approaches, such as a reinforced decision policy
(Yao et al., 2019), to increase the rate of identify-
ing wrong and solvable predictions.

Lifelong Learning for Semantic Parsing.
Learning from user feedback is a promising
solution for lifelong semantic parser improvement
(Iyer et al., 2017; Padmakumar et al., 2017;
Labutov et al., 2018). However, this may lead
to a non-stationary environment (e.g., changing
state transition) from the perspective of the agent,
making its training (e.g., error detector learning)
unstable. In the context of dialog systems, Pad-
makumar et al. (2017) suggests that this effect can
be mitigated by jointly updating the dialog policy
and the semantic parser batchwisely. We leave
exploring this aspect in our task to future work.

Scaling Up. It is important for MISP agents to
scale to larger backend data sources (e.g., knowl-
edge bases like Freebase or Wikidata). To this end,
one can improve MISP from at least three aspects:
(1) using more intelligent interaction designs (e.g.,
free-form text as user feedback) to speed up the
hypothesis space searching globally, (2) strength-
ening the world model to nail down a smaller set
of plausible hypotheses based on both the initial
question and user feedback, and (3) training the
agent to learn to improve the parsing accuracy
while minimizing the number of required human
interventions over time.
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A Extension to Complex SQL

Table 8 shows the extended lexicon entries and
grammar rules in NLG for applying our MISP-
SQL agent to generate more complex SQL
queries, such as those on Spider (Yu et al., 2018c).
In this dataset, a SQL query can associate with
multiple tables. Therefore, we name a column by
combining the column name with its table name
(i.e., “col” in table “tab” — COL[col (table tab)]).
For simplicity, we omit “(table tab)” when refer-
ring to a column col in the grammar.

B Simulation Evaluation Results

The complete simulation experiment results
of MISP-SQL agents (based on SQLNet and
SQLova) are shown in Table 6 & 7.

C Error Detector Comparison

As a supplementary experiment to Figure 4, in this
section, we show the performance of different er-
ror detectors under the same average number of
questions (“farget budget”). Specifically, for each
base semantic parser and each kind of error de-
tector, we tune its decision threshold (i.e., p* and
s*) such that the resulting average number of ques-
tions (“actual budger”) is as close to the target as
possible. In practice, we relax the actual budget to
be within £0.015 of the target budget, which em-
pirically leads to merely negligible variance. The
results are shown in Table 9-10 for SQLNet and
Table 11-12 for SQLova.

SQLNet

System Acegm Accex  Avg. #q
no interaction 0.615 0.681 N/A

MISP-SQLUMmit0 0932 (0.948  7.445
MISP-SQLUMmi3 0870  0.900  7.052
MISP-SQLF" =09 0.782  0.824  1.713
MISP-SQLP =08 0.729 0.779  1.104
MISP-SQLP =05 0.661 0.722  0.421

MISP-SQLS™ =001 0796 0.845  2.106
MISP-SQLS™=005 0725 0.786  1.348
MISP-SQLS =01 0.695 0.758  1.009
MISP-SQLS =02 0.650 0.714 0.413

Table 6: Simulation evaluation of MISP-SQL (based
on SQLNet) on WikiSQL Test set.

SQLova
System Accgm Accex  Avg. #q
no interaction 0.797 0.853 N/A
MISP-SQLUMmitl0 0985  0.991  6.591
MISP-SQLUMmB 0955 0974  6.515
MISP-SQLP™=0% 0912 0.939 0.773
MISP-SQLP =08 0.880 0914 0.488
MISP-SQLP =03 0.835 0.879  0.209
MISP-SQLS =001 0913 0942  0.893
MISP-SQL*™=003 0866 0.912 0.515
MISP-SQL"=005 0840 0.892  0.333
MISP-SQLs" =007 0.825 0.880 0.216

Table 7: Simulation evaluation of MISP-SQL (based
on SQLova) on WikiSQL Test set.



[Lexicon]

is greater than (or equivalent to)|equals tolis less than (or equivalent to)|does not equal to — OP[> (=) |=|< (=) |! =]
is IN|is NOT IN|follows a pattern like|is between — OP[in|not in|like|between]
sum of values in|average value in|number of|minimum value in|maximum value in — AGG[sum|avg|count|min|max]
in descending order (and limited to top N)|in ascending order (and limited to top N) — ORDER[desc (1imit N)|asc (limit N)]

[Grammar]
R1) “col” in table “tab” — COL[col (table tab)]
(R2) Does the system need to return information about COL[col] ? — Q[col||SELECT agg? col]
(R3) Does the system need to return AGG[agg] COL[col] ? — Q[agg||SELECT agg col]
(R4) Does the system need to return a value after any mathematical calculations on COL[col] ? — Q[agg=None||SELECT agg col]
(RS) Does the system need to consider any conditions about COL[col] ? — Q[col||WHERE col op val]
(R6) The system considers the following condition: COL[col] OP[op] a given literal value. Is this condition correct? —
Q[terminal ||WHERE col op terminal]
(R7) The system considers the following condition: COL[col] OP[op] a value to be calculated. Is this condition correct? —
Q[root||WHERE col op root]
(R8) Do the conditions about COL[col;] and COL[col;] hold at the same time? — Q[AND||[WHERE col; .. AND col; ..]
(R9) Do the conditions about COL[col;] and COL[col,] hold alternatively? — Q[OR||WHERE col; .. OR col; ..]
(R10) Does the system need to group items in table tab based on COL[col] before doing any mathematical calculations? —
Q[col||GROUP BY col]

(R11) Given that the system groups items in table tab? based on COL[col?] before doing any mathematical calculations,

does the system need to consider any conditions about COL[col] ? — Q[col||GROUP BY col? HAVING agg? col]
R12) Given that the system groups items in table tab? based on COL[col?] before doing any mathematical calculations,

does the system need to consider any conditions about AGG[agg] COL[col] ? — Q[agg||GROUP BY col? HAVING agg col]
(R13)  Given that the system groups items in table tab? based on COL[col?] before doing any mathematical calculations, does the system need to
consider a value after any mathematical calculations on COL[col] ? — Q[agg=None||GROUP BY col? HAVING agg col]

(R14) The system groups items in table tab? based on COL[col?] before doing any mathematical calculations, then considers the following
condition: COL[col] OP[op] a value. Is this condition correct? — Q[op||GROUP BY col? HAVING agg? col op val]

(R15) Given that the system groups items in table tab? based on COL[col?] before doing any mathematical calculations, does it need to

consider any conditions? — Q[NONE_HAVING ||GROUP BY col? NONE_HAVING]

(R16) Does the system need to order results based on COL[col] ? — Q[col||ORDER BY agg? col]

(R17) Does the system need to order results based on AGG[agg] COL[col] ? — Q[agg|[ORDER BY agg col]

(R18) Does the system need to order results based on a value after any mathematical calculations on COL[col] ? —

Qlagg=None|[ORDER BY agg col]
(R19) Given that the system orders the results based on (AGG[agg]) COL[col], does it need to be ORDER[od] ? —

Q[od||ORDER BY agg? col od]

Table 8: Extended lexicon and grammar for MISP-SQL NLG module to handle complex SQL on Spider.

Avg. #q Probability-based Dropout-based Avg. #q Probability-based Dropout-based

Accgm Acceyx Accqgm  Aceex Accgm Accex Accqgm  Accex
0.5 0.672 0.732 0.663 0.726 0.2 0.844 0.885 0.829 0.881
1.0 0.725 0.775 0.706  0.765 04 0.876 0.910 0.856  0.905
1.5 0.778 0.820 0.749  0.809 0.6 0.902 0.932 0.887 0.927
2.0 0.812 0.848 0.796  0.845 0.8 0.921 0.947 0913 0.941

Table 9: Comparison of error detectors for SQLNet  Table 11: Comparison of error detectors for SQLova
with a target average number of questions on WikiSQL  with a target average number of questions on WikiSQL
Dev set. Dev set.

Avg. #q Probability-based Dropout-based Avg. #q Probability-based Dropout-based

Accgm AcCex Accgm  Accex Acegm AccCex Accgm  Accex
0.5 0.669 0.729 0.656  0.720 0.2 0.832 0.877 0.823 0.878
1.0 0.722 0.773 0.695 0.758 0.4 0.865 0.902 0.851 0.901
1.5 0.765 0.810 0.740 0.801 0.6 0.895 0.926 0.881 0.922
2.0 0.805 0.844 0.790 0.842 0.8 0.915 0.941 0904 0.936

Table 10: Comparison of error detectors for SQLNet Table 12: Comparison of error detectors for SQLova
with a target average number of questions on WikiSQL ~ with a target average number of questions on WikiSQL
Test set. Test set.
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Abstract

Despite the widely successful applications,
building a semantic parser is still a tedious pro-
cess in practice with challenges from costly
data annotation and privacy risks. We sug-
gest an alternative, human-in-the-loop method-
ology for learning semantic parsers directly
from users. A semantic parser should be in-
trospective of its uncertainties and prompt for
user demonstrations when uncertain. In do-
ing so it also gets to imitate the user behavior
and continue improving itself autonomously
with the hope that eventually it may become as
good as the user in interpreting their questions.
To combat the sparsity of demonstrations, we
propose a novel annotation-efficient imitation
learning algorithm, which iteratively collects
new datasets by mixing demonstrated states
and confident predictions and retrains the se-
mantic parser in a Dataset Aggregation fash-
ion (Ross et al., 2011). We provide a theoret-
ical analysis of its cost bound and also empir-
ically demonstrate its promising performance
on the text-to-SQL problem. !

1 Introduction

Semantic parsing has found tremendous applica-
tions in building natural language interfaces that
allow users to query data and invoke services with-
out programming (Woods, 1973; Zettlemoyer and
Collins, 2005; Berant et al., 2013; Yih et al., 2015;
Suetal., 2017; Yu et al., 2018). The life cycle of a
semantic parser typically consists of two stages: (1)
bootstrapping, where we keep collecting labeled
data via trained annotators and/or crowdsourcing
for model training until it reaches commercial-
grade performance (e.g., 95% accuracy on a sur-
rogate test set), and (2) fine-tuning, where we de-
ploy the system, analyze the usage, and collect and

!Code will be available at https://github.com/
sunlab-osu/MISP.

User Interaction No. Player Nationality ~ School/Club Team Position
25  Aleksandar Radojevi¢ ~ Serbia Barton CC (KS) Center
5 Jalen Rose United States Michigan Guard-Forward

LH/ow many schools or teams had Jalen rose7

a What condition does " Jalen rose" imply? @
ystem Uncertainty)

Does the system need to consider any conditions about
the table attribute "School/Club Team"? §

I'm confused. % Please help me out! Should | consider
conditions about any of the following table attributes?
(1) "Player" (2) "Nationality" (3) "Position" (4) None of

the above options.

(1) "Player". @

r
Thank you! Query result: 1. Executed SQL query:
se

SELECT COUNT (School/Club Team) WHERE Player="jalen rose"

Question = "How many schools or teams had jalen rose?"

SQL query:

SELECT COUNT (School/Club Team) WHERE School/Club Team ... 9
SELECT COUNT (School/Club Team) WHERE Player ... J

Feedback Collection

Figure 1: A semantic parser proactively interacts with
the user in a friendly way to resolve its uncertainties.
In doing so it also gets to imitate the user behavior and
continue improving itself autonomously with the hope
that eventually it may become as good as the user in
interpreting their questions.

annotate new data to address the identified prob-
lems or emerging needs. However, it poses sev-
eral challenges for scaling up or building semantic
parsers for new domains: (1) high bootstrapping
cost because mainstream neural parsing models are
data-hungry and the annotation cost of semantic
parsing data is relatively high, (2) high fine-tuning
cost from continuously analyzing usage and an-
notating new data, and (3) privacy risks arising
from exposing private user data to annotators and
developers (Lomas, 2019).

In this paper, we suggest an alternative method-
ology for building semantic parsers that could po-
tentially address all the aforementioned problems.
The key is to involve human users in the learning
loop. A semantic parser should be introspective
of its uncertainties (Dong et al., 2018) and proac-



tively prompt for demonstrations from the user,
who knows the question best, to resolve them. In
doing so, the semantic parser can accumulate tar-
geted training data and continue improving itself
autonomously without involving any annotators or
developers, hence also minimizing privacy risks.
The bootstrapping cost could also be significantly
reduced because an interactive system needs not to
be almost perfectly accurate to be deployed. On
the other hand, such interaction opens up the black
box and allows users to know more about the rea-
soning underneath the system and better interpret
the final results (Su et al., 2018). A human-in-the-
loop methodology like this also opens the door for
domain adaptation and personalization.

This work builds on the recent line of research on
interactive semantic parsing (Li and Jagadish, 2014;
Chaurasia and Mooney, 2017; Gur et al., 2018;
Yao et al., 2019b). Specifically, Yao et al. (2019b)
provide a general framework, MISP (Model-based
Interactive Semantic Parsing), which handles un-
certainty modeling and natural language genera-
tion. We will leverage MISP for user interaction to
prove the feasibility of the envisioned methodology.
However, existing studies only focus on interacting
with users to resolve uncertainties. None of them
has fully addressed the crucial problem of how fo
continually learn from user interaction, which is
the technical focus of this study.

One form of user interaction explored for learn-
ing semantic parsers is asking users to validate the
execution results (Clarke et al., 2010; Artzi and
Zettlemoyer, 2013; Iyer et al., 2017). While ap-
pealing, in practice it may be a difficult task for
real users because they would not need to ask the
question if they knew the answer in the first place.
We instead aim to learn semantic parsers from fine-
grained interaction where users only need to an-
swer simple questions covered by their background
knowledge (Figure 1). However, learning signals
from such fine-grained interactions are bound to
be sparse because the system needs to avoid ask-
ing too many questions and overwhelming the user,
which poses a challenge for learning.

To tackle the problem, we propose NEIL, a novel
aNnotation-Efficient Imitation Learning algorithm
for learning semantic parsers from such sparse,
fine-grained demonstrations: The agent (seman-
tic parser) only requests for demonstrations when
it is uncertain about a state (parsing step). For cer-
tain/confident states, actions chosen by the current

policy are deemed correct and are executed to con-
tinue parsing. The policy is updated iteratively in
a Dataset Aggregation fashion (Ross et al., 2011).
In each iteration, all the state-action pairs, demon-
strated or confident, are included to form a new
training set and train a new policy in a supervised
way. Intuitively, using confident state-action pairs
for training mitigates the sparsity issue, but it may
also introduce training bias. We provide a theoreti-
cal analysis and show that, under mild assumptions,
the impact of the bias and the quality of the NEIL
policy can be controlled by tuning the policy ini-
tialization and confidence estimation accuracy.
We also empirically compare NEIL with a num-
ber of baselines on the text-to-SQL parsing task.
On the WikiSQL (Zhong et al., 2017) dataset, we
show that, when bootstrapped using only 10% of
the training data, NEIL can achieve almost the
same test accuracy (2% absolute loss) as the full
expert annotation baseline, while requiring less
than 10% of the annotations that the latter needs,
without even taking into account the different unit
cost of annotations from users vs. domain experts.
We also show that the quality of the final policy
is largely determined by the quality of the initial
policy, which provides empirical support for the
theoretical analysis. Finally, we demonstrate that
NEIL can generalize to more complex semantic
parsing tasks such as Spider (Yu et al., 2018).

2 Related Work

Interactive Semantic Parsing. Our work extends
the recent idea of leveraging system-user interac-
tion to improve semantic parsing on the fly (Li
and Jagadish, 2014; He et al., 2016; Chaurasia and
Mooney, 2017; Su et al., 2018; Gur et al., 2018;
Yao et al., 2019a,b; Elgohary et al., 2020; Zeng
et al., 2020; Semantic Machines et al., 2020). Gur
et al. (2018) built a neural model to identify and cor-
rect error spans in generated queries via dialogues.
Yao et al. (2019b) formalized a model-based intel-
ligent agent MISP, which enables user interaction
via a policy probability-based uncertainty estima-
tor, a grammar-based natural language generator,
and a multi-choice question-answer interaction de-
sign. More recently, Elgohary et al. (2020) crowd-
sourced a dataset for fixing incorrect SQL queries
using free-form natural language feedback. Seman-
tic Machines et al. (2020) constructed a contextual
semantic parsing dataset where agents could trigger
conversations to handle exceptions such as ambigu-



ous or incomplete user commands. In this work, we
seek to continually improve semantic parsers from
such user interaction, a topic that is not carefully
studied by the aforementioned work.

Interactive Learning from Feedback. Learning
interactively from user feedback has been studied
in many NLP tasks (Sokolov et al., 2016; Wang
et al., 2016, 2017; Nguyen et al., 2017; Gao et al.,
2018; Abujabal et al., 2018; Hancock et al., 2019;
Kreutzer and Riezler, 2019). Most relevant to us,
Hancock et al. (2019) constructed a self-feeding
chatbot that improves itself from user satisfied
responses and their feedback on unsatisfied ones.
In the field of semantic parsing, Clarke et al.
(2010); Artzi and Zettlemoyer (2013); Iyer et al.
(2017) learned semantic parsers from binary user
feedback on whether executing the generated query
yields correct results. However, often times (es-
pecially in information-seeking scenarios) it may
not be very practical to expect end users able to
validate the denotation correctness (e.g., consider
validating an execution result “/03” for the ques-
tion “how many students have a GPA higher than
3.5” from a massive table). Active learning is also
leveraged to save human annotations (Duong et al.,
2018; Ni et al., 2020). Our work is complemen-
tary to this line of research as we focus on learning
interactively from end users (not “teachers”).

Imitation Learning. Traditional imitation learn-
ing algorithms (Daumé et al., 2009; Ross and Bag-
nell, 2010; Ross et al., 2011; Ross and Bagnell,
2014) iteratively execute and train a policy by col-
lecting expert demonstrations for every policy de-
cision. Despite its efficacy, the learning demands
costly annotations from experts. In contrast, we
save expert effort by selectively requesting demon-
strations. This idea is related to active imitation
learning (Chernova and Veloso, 2009; Kim and
Pineau, 2013; Judah et al., 2014; Zhang and Cho,
2017). For example, Judah et al. (2014) assumed a
“teacher” and actively requested demonstrations for
most informative trajectories in the unlabeled data
pool. Similar to us, Chernova and Veloso (2009)
solicited demonstrations only for uncertain states.
However, their algorithm simply abandons policy
actions that are confident, leading to sparse train-
ing data. Instead, our algorithm utilizes confident
policy actions to combat the sparsity issue and is
additionally provided with a theoretical analysis.
Concurrent with our work, Brantley et al. (2020)
studied active imitation learning for structured pre-

diction tasks such as named entity recognition. Our
work instead focuses on semantic parsing, which
presents a unique challenge of integrality, i.e., the
output sequence (a semantic parse) could only be
correct as a whole (as opposed to partially cor-
rect) in order to yield the correct denotation. We
therefore propose a new cost function (Section 5)
to theoretically analyze the factors that affect the
efficacy of learning semantic parsers via imitation.

3 Preliminaries

Formally, we assume the semantic parsing model
generates a semantic parse by executing a sequence
of actions a; (parsing decisions) at each time step
t. In practice, the definition of an action depends
on the specific semantic parsing model, as we will
illustrate shortly. A state s; is then defined as a
tuple of (g, a1.¢—1), where ¢ is the initial natural
language question and a1.4—1 = (a1, ...,a¢—1) is
the current partial parse. In particular, the initial
state s1 = (g, ¢) contains only the question. De-
note a semantic parser as 7, which is a policy func-
tion (Sutton and Barto, 2018) that takes a state s;
as input and outputs a probability distribution over
the action space. The semantic parsing process
can be formulated as sampling a trajectory T by
alternately observing a state and sampling an ac-
tion from the policy, i.e., 7 = (s1, a1 ~ @(s1),
v ST, QT ~ T(87)), assuming a trajectory length
T. The probability of the generated semantic parse
becomes: pz(ai.r|s1) = H?leﬁ(a”St).

An interactive semantic parser typically follows
the aforementioned definition and requests the
user’s validation of a specific action a;. Based
on the feedback, a correct action a; can be inferred
to replace the original a;. The parsing process con-
tinues with a; afterwards.

In this work, we adopt MISP (Yao et al., 2019b)
as the back-end interactive semantic parsing frame-
work, given that it is a principled framework for
this purpose and can generalize to various kinds
of semantic parsers and logical forms. However,
we note that our proposed algorithm is not limited
to MISP; it instead depicts a general algorithm for
learning semantic parsers from user interaction. We
illustrate the application of MISP to a sketch-based
parser, SQLova (Hwang et al., 2019), as follows.
More details and another example of how it applies
to a non-sketch-based parser EditSQL (Zhang et al.,
2019) can be found in Appendix B.1.

Example. Consider the SQLova parser, which



generates a query by filling “slots” in a pre-
defined SQL sketch “SELECT Agg SCol
WHERE WCol OP VAL”. To complete the
SQL query in Figure 1, it first takes three
steps: SCol=“School/Club Team” (ay),
Agg="“COUNT” (ag) and WCo1l=“School/Club
Team” (a3). MISP detects that ag is uncertain
because its probability is lower than a pre-specified
threshold. It validates a3 with the user and corrects
it with WCol="Player” (aj). The parsing
continues with OP="=" (a4) and VAL="Jjalen
rose” (as). Here, the trajectory length T' = 5.

4 Learning Semantic Parsers from User
Interaction

In this section, we present NEIL, an aNnotation-
Efficient Imitation Learning algorithm that trains
a parser from user interaction, without requiring a
large amount of user feedback (or “annotations”).
This property is particularly important for end user-
facing systems in practical use. Note that while
we apply NEIL to semantic parsing in this work, in
principle it can also be applied to other structured
prediction tasks (e.g., machine translation).

4.1 An Imitation Learning Formulation

Under the interactive semantic parsing frame-
work, a learning algorithm intuitively can aggre-
gate (s¢, a;) pairs collected from user interactions
and trains the parser to enforce a; under the state
st = (q, a1.4—1). However, this is not achievable by
conventional supervised learning since the training
needs to be conducted in an interactive environ-
ment, where the partial parse a;.;—1 is generated
by the parser itself.

Instead, we formulate it as an imitation learning
problem (Daumé et al., 2009; Ross and Bagnell,
2010). Consider the user as a demonstrator, then
the derived action a; can be viewed as an expert
demonstration which is interactively sampled from
the demonstrator’s policy (or expert policy) 7,2
i.e., aj ~ 7*(s¢). The goal of our algorithm is thus
to train policy 7 to imitate the expert policy 7*.
A general procedure is described in Algorithm 1
(Line 1-9), where 7 is learned iteratively for every
m user questions. In each iteration, the policy is
retrained on an aggregated training data over the
past iterations, following the Dataset Aggregation
fashion in (Ross et al., 2011).

2We follow the imitation learning literature and use “expert”
to refer to the imitation target, but the user in our setting by

Algorithm 1 The NEIL Algorithm

Input: Initial training data Dy, policy confidence

threshold .

Output: A trained policy 7.

20:
21:
22:
23:
24:
25:
26:

1
2
3
4:
5:
6
7
8
9

: Initialize D < Dy.

. Initialize 7r; by training it on Dy.

: fori =1to N do

Observe m user questions ¢;, j € [1,m];

D; « U;”Zl PARSE&COLLECT (i, qj, 3, T°);
Aggregate dataset D < D |J D;;

: Train policy ;41 on D using Eq. (1).

: end for

: return best 7; on validation.

: function PARSE&COLLECT(u, q, ;, ™)
Initialize D} < 0, s1 = (q, ¢).
fort =1toT do
Preview action a; = arg max,, 7;(s;);
if pz,(at|s¢) = p then
wy — 1;
Collect D} < Dj{(st, at, wr)};
Execute a;;
else
Trigger user interaction and derive
expert demonstration aj ~ 7*(s;);
wy < 1if af is valid; O otherwise;
Collect D} < Di\J{(st,af,wt)};
Execute a;.
end if
end for
return D).
end function

4.2 Annotation-efficient Imitation Learning

Consider parsing a user question and collecting
training data using the parser 7; in the ¢-th iteration
(Line 5). A standard imitation learning algorithm
such as DAGGER (Ross et al., 2011) usually re-

qu

ests expert demonstration af for every state s; in

the sampled trajectory. However, it requires a con-
siderable amount of user annotations, which may

no

t be practical when interacting with end users.
Instead, we propose to adopt an annotation-

efficient learning strategy in NEIL, which saves user

an

notations by selectively requesting user interac-

tions, as indicated in function PARSE& COLLECT.

In

each parsing step, the system first previews

whether it is confident about its own decision a;

(L

ine 13—14), which is determined when its proba-

bility is no less than a threshold, i.e., pz, (a¢|s:) >

no

means needs to be a “domain (SQL) expert”.



u.3 In this case, the algorithm executes and col-
lects its own action a; (Line 15-17); otherwise, a
system-user interaction will be triggered and the de-
rived demonstration a} ~ 7*(s;) will be collected
and executed to continue parsing (Line 19-22).

Denote a collected state-action pair as (s¢, at),
where a; could be a; or a;y depending on whether
an interaction is requested. To train 7;41 (Line 7),
our algorithm adopts a reduction-based approach
similar to DAGGER and reduces imitation learn-
ing to iterative supervised learning. Formally, we
define our training loss function as a weighted neg-
ative log-likelihood:

1

1D 2

(st,a¢,we)€ED

L(fiv1) = welog pa,; (aelse), (1)
where D is the aggregated training data over ¢ iter-
ations and w; denotes the weight of (s, a;).

We consider assigning weight w; in three cases:
(1) For confident actions a;, we set w; = 1. This es-
sentially treats the system’s own confident actions
as gold decisions, which resembles self-training
(Scudder, 1965; Nigam and Ghani, 2000; Mc-
Closky et al., 2006). (2) For user-confirmed deci-
sions (valid demonstrations ay), such as enforcing
a WHERE condition on “Player” in Figure 1, wy
is also set to 1 to encourage the parser to imitate
the correct decisions from users. (3) For uncer-
tain actions that cannot be addressed via human
interactions (invalid demonstrations a;, which are
identified when the user selects “None of the above
options” in Figure 1), we assign w; = 0. This
could happen when some of the incorrect prece-
dent actions are not fixed. For example, in Figure 1,
if the system missed correcting the WHERE condi-
tion on “School/Club Team”, then whatever
value it generates after “WHERE School/Club
Team="is wrong, and thus any action a; derived
from human feedback would be invalid. In this
case, the system selects the next available option
without further validation and continues parsing.

A possible training strategy to handle case (3)
may set w; to be negative, similar to Welleck et al.
(2020). However, empirically we find this strat-
egy fails to train the parser to correct its mistake
in generating “School/Club Team” but rather
disturbs the model training. By setting w; = 0, the
impact of unaddressed actions is removed from
training. A similar solution is also adopted in

3The metric is shown effective for interactive semantic
parsing in Yao et al. (2019b). Other confidence measures can
also be explored, as we will discuss in Section 7.

Petrushkov et al. (2018); Kreutzer and Riezler
(2019). As shown in Section 6, this way of training
weight assignment enables stable improvement in
iterative model learning while requiring fewer user
annotations.

5 Theoretical Analysis

While NEIL enjoys the benefit of learning from a
small amount of user feedback, one crucial ques-
tion is whether it can still achieve the same level of
performance as the traditional supervised approach
(which trains a policy on full expert annotations, if
one could afford that and manage the privacy risk).
In this section, we prove that the performance gap
between the two approaches is mainly determined
by the learning policy’s probability of trusting a
confident action that turns out to be wrong, which
can be controlled in practice.

Our analysis follows prior work (Ross and Bag-
nell, 2010; Ross et al., 2011) to assume a unified
trajectory length 7" and an infinite number of train-
ing samples in each iteration (i.e., m = oo in Al-
gorithm 1), such that the state space can be full ex-
plored by the learning policy. An analysis under the
“finite sample” case can be found in Appendix A.5.

5.1 Cost Function for Analysis

Unlike typical imitation learning tasks (e.g., Super
Tux Kart (Ross et al., 2011)), in semantic parsing,
there exists only one gold trajectory semantically
identical to the question.* Whenever a policy action
is different from the gold one, the whole trajectory
will not yield the correct semantic meaning and
the parsing is deemed failed. In other words, a
well-performing semantic parser should be able to
keep staying in the correct trajectory during the
parsing. Therefore, for theoretical analysis, we
only analyze a policy’s performance when it is
conditioned on a gold partial parse, i.e., sy € d...,
where dL. is the state distribution in step ¢ when
executing the expert policy 7* for first ¢-1 steps.
Let {(s,7) = 1 — pz(a = a*|s) be the loss of 7
making a mistake at state s. We define the cost (i.e.,
the inverse fest-time quality) of a policy as:

J(7) = TEguq,. [((s, 7)], )

where dr- = 1 Z;‘ll d.. denotes the average ex-
pert state distribution (assuming time step ¢ is a

*We assume a canonical order for swappable components
in a parse. In practice, it may be possible, though rare, for one
question to have multiple gold parses.



random variable uniformly sampled from 1 ~ T").
A detailed derivation is shown in Appendix A.1.

The better a policy 7 is, the smaller this cost be-
comes. Note that, by defining Eq. (2), we simplify
the analysis from evaluating the whole trajectory
sampled from 7 (as we do in experiments) to evalu-
ating the expected single-step loss of T conditioned
on a gold partial parse. This cost function makes
the analysis easier and meanwhile reflects a con-
sistent relative performance among algorithms for
comparison. Next, we compare our NEIL algo-
rithm with the supervised approach by analyzing
the upper bounds of their costs.

5.2 Cost Bound of Supervised Approach

A fully supervised system trains a parser on expert-
annotated (g, aj.p) pairs, where the gold semantic
parse aj. can be viewed as generated by executing
the expert policy 7*. This gives the policy 7yp:
Toup = argmin By g . [I(s, )],
mell
where 11 is the policy space induced by the model

architecture. A detailed derivation in Appendix A.2
shows the cost bound of the supervised approach:

Theorem 5.1. For supervised approach, let ey =
minger Egeq, . [[(s,7)], then J(frgup) = Ten.
The theorem gives an exact bound (as shown by
the equality) since the supervised approach, given
the “infinite sample” assumption, trains a policy
under the same state distribution d,« as the one
being evaluated in the cost function (Eq. (2)).

5.3 Cost Bound of NEIL Algorithm

Recall that, in each training iteration, NEIL samples
trajectories by executing actions from both the pre-
viously learned policy 7; and the expert policy 7*
(when an interaction is requested). Let 7; denote
such a “mixture” policy. We derive the following
cost bound of a NEIL policy 7:

N

> [Eondy, [0, 7))+ ma | dr, —dr+]
i=1

T
<
- N

J(7)
The bound is determined by two terms. The first
term Esq, [¢(s,7;)] calculates the expected train-
ing loss of ;. Notice that, while the policy is
trained on states induced by the mixture policy
(s ~ dr;), what matters to its test-time quality is
the policy’s performance conditioned on a gold
partial parse (s ~ dr= in Eq. (2)). This state dis-
crepancy, which does not exist in the supervised ap-
proach, explains the performance loss of NEIL, and

is bounded by the second term oz ||dr;, — drx||1,
the weighted L distance between d, and d=. To
bound the two terms, we employ a “no-regret” as-
sumption (Kakade and Tewari, 2009; Ross et al.,
2011, see Appendix A.3—A.4 for details), which
gives the theorem:

Theorem 5.2. For the proposed NEIL algorithm,
if N is O(T), there exists a policy © € 71.N s.t.
(@) < Tlen + Hpae TL €] +0(1).

Here, ey = mingen & vazl Es~d,, [£(s,7)]
denotes the best expected policy loss in hindsight,
and e; denotes the probability that 7; does not query
the expert policy (i.e., being confident) but its own
action is wrong under dx.

We note that a no-regret algorithm requires con-
vexity of the loss function (Hazan et al., 2007;
Kakade and Tewari, 2009), which is not satisfied by
neural network-based semantic parsers. In general,
proving theorems under a non-convex case is not
trivial. Therefore, we follow the common practice
(e.g., Kingma and Ba (2015); Reddi et al. (2018))
to theoretically analyze the convex case while em-
pirically demonstrating the performance of our
NEIL algorithm with non-convex loss functions
(i.e., when it applies to neural semantic parsers).
More accurate regret bound for non-convex cases
will be studied in the future.

Remarks. Compared with the supervised ap-
proach (Theorem 5.1), NEIL’s cost bound addition-
ally contains a term of % Zf\i 1 €i» which, as we
expect, comes from the aforementioned state dis-
crepancy. Intuitively, if a learning policy frequently
executes its own but wrong actions in training, the
resulting training states d., will greatly deviate
from the gold ones d .

This finding inspires us to restrict the perfor-
mance gap by reducing the learning policy’s error
rate when it does not query the expert. Empiri-
cally this can be achieved by: (1) Accurate confi-
dence estimation, so that actions deemed confident

.are generally correct, and (2) Moderate policy ini-

tialization, such that in general the policy is less
likely to make wrong actions throughout the iter-
ative training. For (1), we set a high confidence
threshold ©1=0.95, which is demonstrated reliable
for MISP (Yao et al., 2019b). We then empirically
validate (2) in experiments.

6 Experiments

In this section, we conduct experiments to demon-
strate the annotation efficiency of our NEIL algo-



rithm and that it can train semantic parsers for high
performance when the parsers are reasonably ini-
tialized, which verifies our theoretical analysis.

6.1 Experimental Setup

We compare various systems on the WikiSQL
dataset (Zhong et al., 2017). The dataset contains
large-scale annotated question-SQL pairs (56,355
pairs for training) and thus serves as a good re-
source for experimenting iterative learning. For the
base semantic parser, we choose SQLova (Hwang
et al., 2019), one of the top-performing models on
WikiSQL, to ensure a reasonable model capacity
in terms of data utility along iterative training.

We experiment each system with three parser
initialization settings, using 10%, 5% and 1% of
the total training data. During iterative learning,
questions from the remaining training data arrive
in a random order to simulate user questions and
we simulate user feedback by directly comparing
the synthesized query with the gold one. In each
iteration, all systems access exactly the same user
questions. Depending on how they solicit feedback,
each system collects a different number of anno-
tations. At the end of each iteration, we update
each system by retraining its parser on its accu-
mulated annotations and the initial training data,
and report its (exact) query match accuracy on the
test set. We also report the accumulated number
of annotations that each system has requested after
each training iteration, in order to compare their
annotation efficiency.

In experiments, we consider every 1,000 user
questions as one training iteration (i.e., m=1,000
in Algorithm 1). We repeat the whole iterative
training for three runs and report average results.
Reproducible details are included in Appendix B.

6.2 System Comparison

We denote our system as MISP-NEIL since it lever-
ages MISP in the back end of NEIL. We compare it
with the traditional supervised approach (denoted
as Full Expert). To investigate the skyline capabil-
ity of our system, we also present a variant called
MISP-NEIL*, which is assumed with perfect con-
fidence measurement and interaction design, so that
it can precisely identify and correct its mistakes
during parsing. This is implemented by allowing
the system to compare its synthesized query with
the gold one. Note that this is not a realized auto-
matic system; we show its performance as an upper
bound of MISP-NEIL.

On the other hand, although execution feedback-
based learning systems (Clarke et al., 2010; Artzi
and Zettlemoyer, 2013; Iyer et al., 2017) may not
be very practical for end users, we include them
nonetheless in the interest of a comprehensive com-
parison. This leads to two baselines. The Bi-
nary User system requests binary user feedback on
whether executing the generated SQL query returns
correct database results and collects only queries
with correct results to further improve the parser.
The Binary User+Expert system additionally col-
lects full expert SQL annotations when the gener-
ated SQL queries do not yield correct answers.

Given the completely different nature of annota-
tions from Binary User (which validate the denota-
tion) and those from Full Expert and MISP-NEIL
(which validate a semantic parse’s constituents),
there may not exist a universally fair way to con-
vert one’s annotation consumption into the other’s.
Therefore, in the following sections, we only
present and discuss Binary User(+Expert) in terms
of their parsing accuracy under different training
iterations. To give an estimation of their anno-
tation efficiency for reference, we design a com-
promised annotation calculation metric for Binary
User(+Expert) and include their results on Wik-
iSQL validation set in Appendix C.

Finally, while our MISP-NEIL and the afore-
mentioned baselines all leverage feedback from
users or domain experts, an interesting question is
how much gain they could obtain compared with
using no annotation or feedback at all. To this
end, we compare the systems with a Self Train
baseline (Scudder, 1965; Nigam and Ghani, 2000;
McClosky et al., 2006). In each iteration, this base-
line collects SQL queries generated by itself as
the new gold annotations for further training. We
additionally apply a confidence threshold to im-
prove the collection quality, i.e., only SQL queries
with probability p;(aq.7|s1) greater than 0.5 are
included. This strategy empirically leads to better
performance. Intuitively, we expect Self Train to
perform no better than any other systems in our
experiments, since no human feedback is provided
to correct mistakes in its collection.

6.3 Experimental Results

We evaluate each system by answering two re-

search questions (RQs):
* RQI: Can the system improve a parser with-
out requiring a large amount of annotations?
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Figure 2: Parsing accuracy on WikiSQL test set when systems are trained with various numbers of user/expert
annotations (top) and for different iterations (bottom). We experiment with three initialization settings, using 10%,
5% and 1% of the training data respectively. Results on validation set can be found in Appendix C.

* RQ?2: For interactive systems, while requiring
weaker supervision, can they train the parser
to reach a performance comparable to the
traditional supervised system?

For RQ1, we measure the number of user/expert
annotations that a system requires to train a parser.
For Full Expert, this number equals the trajectory
length of the gold query (e.g., 5 for the query in Fig-
ure 1); for MISP-NEIL and MISP-NEIL*, it is the
number of user interactions during training. Note
that while we do not differentiate the actual (e.g.,
time/financial) cost of users from that of experts in
this aspect, we emphasize that our system enjoys an
additional benefit of collecting training examples
from a much cheaper and more abundant source.
For Self Train, the number of annotations is always
zero since it does not request any human feedback
for the online user questions.

Our results in Figure 2 (top) demonstrate that
MISP-NEIL consistently consumes a comparable
or smaller amount of annotations to train the parser
to reach the same parsing accuracy. Figure 5 in Ap-
pendix further shows that, on average, it requires
no more than one interaction for each user question
along the training. Particularly in the 10% initial-
ization setting, MISP-NEIL uses less than 10% of

the total annotations that Full Expert needs in the
end. Given the limited size of WikiSQL training set,
the simulation experiments currently can only show
MISP-NEIL’s performance under a small number
of annotations. However, we expect this gain to
continue as it receives more user questions in the
long-term deployment.

To answer RQ2, Figure 2 (bottom) compares
each system’s accuracy after they have been trained
for the same number of iterations. The results
demonstrate that when a semantic parser is mod-
erately initialized (10%/5% initialization setting),
MISP-NEIL can further improve it to reach a com-
parable accuracy as Full Expert (0.776/0.761 vs.
0.794 in the last iteration). In the extremely weak
1% initialization setting (using only around 500
initial training examples), all interactive learning
systems suffer from a huge performance loss. This
is consistent with our finding in theoretical analysis
(Section 5). In Appendix C.2, we plot the value
of e;, the probability that 7; makes a confident but
wrong decision given a gold partial parse, showing
that a better initialized policy generally obtains a
smaller e; throughout the training and thus a tighter
cost bound.

Our system also surpasses Binary User. We find



that the inferior performance of Binary User is
mainly due to the “spurious program” issue (Guu
et al., 2017), i.e., a SQL query having correct ex-
ecution results can still be incorrect in terms of
semantics. MISP-NEIL circumvents this issue by
directly validating the semantic meaning of inter-
mediate parsing decisions. The performance of
Binary User+Expert is close to Full Expert as it has
additionally involved expert annotations on a con-
siderable number of user questions, which on the
other hand also leads to extra annotation overhead.

When it is assumed with perfect interaction de-
sign and confidence estimator, MISP-NEIL* shows
striking superiority in both aspects. Since it al-
ways corrects wrong decisions immediately, MISP-
NEIL* can collect and derive the same training
examples as Full Expert, and thus trains the parser
to Full Expert’s performance level in Figure 2 (bot-
tom). However, it requires only 6% of the annota-
tions that Full Expert needs (Figure 2, top). These
observations imply large room for MISP-NEIL to
be improved in the future.

Finally, we observe that all feedback-based learn-
ing systems outperform Self Train dramatically
(Figure 2, bottom). This verifies the benefit of
learning from human feedback.

6.4 Generalize to Complex SQL Queries

We next investigate whether MISP-NEIL can gen-
eralize to the complex SQL queries in the Spider
dataset (Yu et al., 2018), which can contain com-
plicated keywords like GROUP BY. For the base
semantic parser, we choose EditSQL (Zhang et al.,
2019), one of the open-sourced top models on Spi-
der. Given the small size of Spider (7,377 question-
SQL pairs for training after data cleaning; see Ap-
pendix B.3 for details), we only experiment with
one initialization setting, using 10% of the training
set. Since EditSQL does not predict the specific
values in a SQL query (e.g., “Jjalen rose” in
Figure 1), we cannot execute the generated query to
simulate the binary execution feedback. Therefore,
we only compare our system with Full Expert and
Self Train. Parsers are evaluated on Spider Dev set
since its test set is not publicly available.

Figure 3 (top) shows that MISP-NEIL and MISP-
NEIL* consistently achieve comparable or better
annotation efficiency while enjoying the advantage
of learning from end user interaction. We expect
this superiority to continue as the systems receive
more user questions beyond Spider. Meanwhile,

—— Full Expert —=— MISP-NEIL  —&— MISP-NEIL* Self Train
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Figure 3: Parsing accuracy on Spider Dev set when sys-
tems are trained with various numbers of user/expert
annotations and for different iterations.

we also notice that the gain is smaller and MISP-
NEIL suffers from a large performance loss com-
pared with Full Expert (Figure 3, bottom), due to
the poor parser initialization and the SQL query
complexity. This can be addressed via adopting
better interaction designs and more accurate confi-
dence estimation, as shown by MISP-NEIL*. Sim-
ilarly as in WikiSQL experiments, Self Train per-
forms worse than human-in-the-loop learning sys-
tems, as there is no means to correct wrong predic-
tions in its collected annotations.

7 Conclusion and Future Work

Our work shows the possibility of continually learn-
ing semantic parsers from fine-grained end user in-
teraction. As a pilot study, we experiment systems
with simulated user interaction. One important fu-
ture work is thus to conduct large-scale user studies
and train parsers from real user interaction. This
is not trivial and has to account for uncertainties
such as noisy user feedback. We also plan to derive
a more realistic formulation of user/expert anno-
tation costs by analyzing real user statistics (e.g.,
average time spent on each question).

In experiments, we observe that neural semantic
parsers tend to be overconfident and training them
with more data does not mitigate this issue. In the
future, we will look into more accurate confidence
measure via neural network calibration (Guo et al.,
2017) or using machine learning components (e.g.,
answer triggering (Zhao et al., 2017) or a reinforced
active selector (Fang et al., 2017)).

Finally, we believe our algorithm can be applied
to save annotation effort for other NLP tasks, espe-
cially the low-resource ones (Mayhew et al., 2019).
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A Theoretical Analysis in Infinite
Sample Case

In this section, we give a detailed theoretical anal-
ysis to derive the cost bounds of the supervised
approach and our proposed NEIL algorithm (Sec-
tion 4). Following Ross et al. (2011), we first focus
the proof on an infinite sample case, which assumes
an infinite number of samples to train a policy in
each iteration (i.e., m = oo in Algorithm 1), such
that the state space in training can be full explored
by the learning policy.

As an overview, we start the analysis by introduc-
ing the “cost function” we use to analyze each pol-
icy in Appendix A.l, which represents an inverse
quality of a policy. In Appendix A.2, we derive the
bound of the cost of the supervised approach. Ap-
pendix A.3 and Appendix A.4 then discuss the cost
bound of our proposed NEIL algorithm. Finally, in
Appendix A.5, we show the cost bound of NEIL in
finite sample case.

A.1 Cost Function for Analysis

In a semantic parsing task, whenever a policy ac-
tion is different from the gold one, the whole trajec-
tory cannot yield the correct semantic meaning and
the parsing is deemed failed. Therefore, we analyze
a policy’s performance only when it is conditioned
on a gold partial parse. Intuitively, a policy with
better quality should have a higher parsing accu-
racy under a gold partial parse, so that it is more
likely to sample a completely correct trajectory in
inference time.

Given a question ¢ and denoting a7, as the gold
partial trajectory sampled by the expert policy 7*,
we first define the cost of sampling a partial trajec-
tory ai4 = (aq, ..., ay) as:

0 if a1y =al,

C((L al:t) = {

1 otherwise

In other words, a sampled partial trajectory is cor-
rect if and only if it is the same as the gold partial
parse. Based on this definition, we further define
the expected cost of policy 7 in a single time step t
(given the question q) as:

C%(Q) = ]Ea1:t71~77*]Eat~fr [C(% al:t)]
= ]Ealzt—l"’ﬂ*[]‘ - pfr(at = af|q, a1:t—1)]-

Here, a1.4—1 ~ 7* denotes a gold partial parse till
the (¢-1)-th step, which is obtained by executing
the expert policy 7* for the first ¢-1 steps (given ¢),

and p;(a; = af|q, a1.4—1) denotes the probability
that 77 samples action aj given a question ¢ and
a partial parse a;.;—1. By taking an expectation
over all questions ¢ € Q, we have the following
derivations:

]EQEQ[C;— (9)] :]EqEQ,alzt,lw‘ir* 1-pa (at:aﬂ%al:t—l)]

=E,, wat [1—ps(ar=af|st)].
syt

The second equality holds by the definition s; =
(q,a1:t—1), and dL. is the “expert state distribution’
in step ¢ when executing the expert policy 7* for
first t-1 steps. In this analysis, we follow Ross
and Bagnell (2010); Ross et al. (2011) to assume
a unified decision length 7. By summing up the
above expected cost over the T steps, we define the
cost (i.e., the inverse test-time quality) of policy 7:

’

T
J(7) =Y EqeolCh(q)]
t=1

Il
E

Bgimar, [1 = pa(ar = ailst)].
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Denote ¢(s,7) = 1 — pa(a = a*|s),a ~
#(s),a* ~ m*(s) as the “single-step loss function”,
which is bounded within [0, 1], then the cost of pol-
icy 7 can be simplified as:

T
J(7) = ZESNI; e(se, )]
t=1

= TEys(1,1)Egpat, [£(5¢, 7)]

= TEsna,. [((s,7)], )
where d+ = £ thl d.. is the average expert

state distribution, when we assume the time step ¢
to be a random variable under the uniform distribu-
tion (1, T) (the second equality).

A.2 Cost Bound of Supervised Approach

In this section, we analyze the cost bound of the
supervised approach. Recall that the supervised
approach trains a policy 7 using the standard super-
vised learning algorithm with supervision from 7*
at every decision step. Therefore, it finds the best
policy 7y on infinite samples as:

Trsup = argminEy g , [((s, 7)), “4)
mell

where II denotes the policy space induced by the
model architecture, and the expectation over s is



sampled from the whole d .« state space because of
the “infinite sample” assumption. The supervised
approach thus obtains the following cost bound:

J(Ttsup) =TEgd_. [0(S, Tsup)]
=T 17316111_[1 Eswdﬂ_* [6(87 7T)]

This gives the following theorem:

Theorem A.1. For supervised approach, let ey =
minger Egq_. [((s, )], then J(ftgyp) = Ten.

The cost bound of the supervised approach rep-
resents its exact performance as implied by the
equality. This is because the approach trains a
policy (Eq. (4)) under the same state distribution
d~ (given the “infinite sample” assumption) as in
evaluation (Eq. (3)). As we will show next, the
proposed NEIL algorithm breaks this consistency
while enjoying the benefit of high annotation effi-
ciency, which explains the performance gap.

A.3 No-regret Assumption

Before showing the cost bound of our NEIL al-
gorithm, we introduce a “no-regret” assumption
(Kakade and Tewari, 2009; Ross et al., 2011) that
is leveraged in the derivation.

Assumption A.l. No-regret assumption. De-
fine bi(m) = Eguq, [l(s,m)] and ey =

mingern + Zf\;l 4;(m), then

LN
N > i) —en <
i=1

for impy_s00 YN = O (usually yn € O(%))

This assumption characterizes an important pol-
icy learning pattern: As a policy is trained for an
infinite number of iterations, on average, its ex-
pected training loss (% Zfi 1 4i(7;)) will converge
to the loss of the best policy in hindsight (ex). In
our scenario, this assumption implies that, while
our policy is trained on online labels from both
the expert policy 7* (when it is queried) and the
previously learned policy 7; (when the agent is
confident), it still gradually fits to the best policy
over the same state space in training (dy,). In other
words, the likely noisy labels from 7; do not harm
the model fitting to the expert policy in general.

Many no-regret algorithms (Hazan et al., 2007;
Kakade and Tewari, 2009) that guarantee vy €
é(%) require convexity or strong-convexity of the
loss function. However, the loss function used

in our application, which is built on the top of a
deep neural network model, does not satisfy this
requirement. In general, proving theorems under
a non-convex case is not trivial. In this analysis,
we follow the common practice (see Kingma and
Ba (2015); Reddi et al. (2018) for example) to the-
oretically analyze the convex case while empiri-
cally demonstrating the non-convex case. A more
accurate regret bound for non-convex neural net-
works (which may result in a slower yy conver-
gence speed with respect to V) can be studied in
the future.

A4 Cost Bound of NEIL Algorithm

As shown in Algorithm 1, NEIL produces a se-
quence of policies 71.5 = (71, T2, ..., TN ), Where
N is the number of training iterations, and returns
the one with the best test-time performance on val-
idation set as 7. In training, the algorithm executes
actions from both the learning policy 7; (when the
model is confident) and the expert policy 7*. We
denote this “mixture” policy as m;. Then for the
first IV iterations, we have the cost bound of NEIL
as:

J(F)=mingscz o TEsna . [((s,fr')]
<L SN Eoa . [tsi0)]
ST SN [Bavn, (605,701 Emas ldn, ~drs| 1]

)

From the last inequality, we can see that the
cost bound of NEIL is restricted by two terms.
The first term Eg.q, [¢(s,7;)] denotes the ex-
pected loss of 7; under the states induced by m;
during training (under the “infinite sample” as-
sumption, as mentioned in the beginning of the
analysis). By applying the no-regret assump-
tion (Assumption A.l), this term can be bound
by + Zivzl Esa,, [((s, )] < en + yn. Here,
€N = MiNger % Zfil £;(m) denotes the best ex-
pected training loss in hindsight.

The second term denotes the L; distance be-
tween state distributions induced by m; and 77,
weighted by the maximum loss value l,,,,, that
7r; encounters over the training. As we notice, un-
like the supervised approach, NEIL trains a pol-
icy under d,, while what matters to its fest-time
quality is its performance on the state distribution
dr~ (Eq. (3)). This discrepancy explains the per-
formance loss of our algorithm compared to the
supervised approach and is bounded by the afore-
mentioned L, distance. To further bound this term,



we define e; as the probability that 7; makes a con-
fident (i.e., without querying the expert policy) but
wrong action under d«, and introduce the follow-
ing lemma:

Lemma A.1l. ||d;, — d+||1 < 2T;.

Proof. Let B;; be the probability of querying the
expert policy under d'., &; the error rate of #;
under d'. (w.r.t. 7*), and d any state distribution
besides d~. We can then express d, by:

T
H 6zt + 1 - 61t)(1 - glt))dﬂ'*
t=1

T

+ (=[] Bu+ (1= B2

t=1

—¢€it)))d.

The distance between d, and d,~ thus becomes

7T*||1

||d77i -
T
H (Bit + (1 = Bir)(1 — &x)))l|d — dr+ |1
t=1
1= (B + (1= Bu)(1 = &n)))
t=1
<2 Z[l — (Bit + (1 = Bir)(1 — &))]
t=1
<22 ezt ﬂzt
T
SQZ%
t=1
:2T6i.

The second inequality uses 1 — HtT:1 . <
S°7_ (1 — @), which holds when z; € [0,1]. [

By applying Assumption A.1 and Lemma A.1 to
Eq. (3), we derive the following inequality:

I e o
J(7) ST[’)/N—FEN"‘%;Q].

Given a large enough N (N € O(T)), by the
no-regret assumption, we can further simplify the
above as:

A 2T€max N
J(#) < Tlen + =3 > ] +0(1),

=1

which leads to our theorem:

Theorem A.2. For the proposed NEIL algorithm,
if N is O(T), there exists a policy ® € 7.y s.t.
J(7) < Tlen + 2o 351 ] +0(1).

By comparing Theorem A.1 and Theorem A.2,
it is obvious that the performance gap between
NEIL and the supervised approach is bounded by
the term around % Zf\i 1 €. We discuss its impli-
cations in Section 5 and show that, in practice, this
performance gap can be controlled by carefully ini-
tializing the policy and choosing a more accurate
confidence estimator.

Discussion about MISP-NEIL*. In experiments,
we consider a skyline instantiation of NEIL, called
MISP-NEIL*. This instantiation is assumed with
perfect confidence estimation and interaction de-
sign, such that it can precisely detect and correct
its intermediate mistakes during parsing. There-
fore, MISP-NEIL* presents an upper bound per-
formance (i.e., the tightest cost bound) of NEIL.
This can be interpreted theoretically. In fact, for
MISP-NEIL*, ¢; is always zero since the system
has ensured that its policy action is correct when it
does not query the expert policy. In this case, dr, =
dr, SO €y = Milgery % Ef\il Eged . [l(s,m)] =
minger Egwq_. [[(s, 7)]. Therefore, according to
Theorem A.2, MISP-NEIL* has a cost bound of:

J(7) < Tey +O(1),

where ey = mingen Egoq . [I(s, 7)].

By comparing this bound with the cost bound
in Theorem A.1, it is observed that MISP-NEIL*
shares the same cost bound as the supervised ap-
proach (except for the inequality relation and the
constant). This is explainable since MISP-NEIL*
indeed collects exactly the same training labels as
the supervised approach.

A.5 Cost Bound of NEIL Algorithm in Finite
Sample Case

The theorem in the previous section holds when the
algorithm observes infinite trajectories in training.
However, in practice, NEIL observes the training
loss from only a finite set of m trajectories in each
iteration. For this consideration, in the following
discussion, we provide a proof of the cost bound of
NEIL under the finite sample case.

Denote D; as the m trajectories collected in the
i-th iteration and ¢;(7;) = Eswp,[¢(s,T;)]. Ap-
plying the no-regret assumption (Assumption A.1)
allows us to bound the average expected policy
training loss: % Zf\il Esp, [E(s, 771)} —én < AN,



where €y = mingeqg % vail Esp, [6(3, W)} de-
notes the loss of the best policy in hindsight on the
finite samples.

Following Eq. (5), we need to switch the
derivation from the expected loss of 7; over
dr, (€., Esoa,, [¢(s,7;)]) to that over D; (i.e.,
Eqp,[¢(s,7;)]), the actual state distribution that
; is trained on. To fill this gap, we introduce Y;;
to denote the difference between the expected loss
of 7; under d, and the average loss of 7; under
the j-th sample trajectory with 7 at iteration ¢. The
random variables Y;; over all ¢ € {1,2,...,N}
and j € {1,2,...,m} are all zero mean, bounded
in [—fmaz, fmaz] and form a martingale in the or-
der of Y11, Y19, ..., Yim, Y21, ..., YNm- By Azuma-
Hoeffding’s inequality (Azuma, 1967; Hoeffding,
1994), 7y S S Vg S onan | Ry
with probability 1 — §. Following the derivations
in Eq. (5) and by introducing Y;;, with probability
of 1 — §, we obtain the following inequalities by
definition:
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Notice that we need mN to be at least

O(T?log(1/8)), so that Y and L/ 2220/

are negligible. This leads to the following theorem:

Theorem A.3. For the proposed NEIL algorithm,
with probability at least 1 — 6, when mN is
O(T?log(1/5)), there exists a policy & € 71.n
st J(7) < Tley + LmaeT 5™V e] +O(1).

The theorem shows that the cost of NEIL can
still be bounded in the finite sample setting. Com-

paring this bound with the bound under the infinite
sample setting, we can observe that the bound is
still related to e;, the probability that 7; takes a
confident but incorrect action under d .

B Implementation Details

B.1 Interactive Semantic Parsing Framework

Our system assumes an interactive semantic pars-
ing framework to collect user feedback. In experi-
ments, this is implemented by adapting MISP (Yao
et al., 2019b), an open-sourced framework® that
has demonstrated a strong ability to improve test-
time parsing accuracy. In this framework, an agent
is comprised of three components: a world model
that wraps the base semantic parser and a feedback
incorporation module to interpret user feeds and
update the semantic parse, an error detector that
decides whether to request for user intervention,
and an actuator that delivers the agent’s request by
asking a natural language question, such that users
without domain expertise can understand.

We follow MISP’s instantiation for text-to-SQL
tasks to adopt a probability-based uncertainty es-
timator as the error detector, which triggers user
interactions when the probability of the current de-
cision is lower than a threshold. The actuator is
instantiated by a grammar-based natural language
generator. We use the latest version of MISP that
allows multi-choice interactions to improve the sys-
tem efficiency, i.e., when the parser’s current de-
cision is validated as wrong, the system presents
multiple alternative options for user selection. An
additional “None of the above options” option is
included in case all top options from the system
are wrong. Figure 1 shows an example of the user
interaction. From there, the system can derive a cor-
rect decision to address its uncertainty (e.g., taking
“Player” as a WHERE column).

As a general interactive semantic parsing frame-
work, MISP has its advantage of being general-
izable to different kinds of semantic parsers (as
long as their parsing process can be formulated as
taking a sequence of actions in their respective ac-
tion space) and various logical forms (e.g., lambda
expressions). Although it could be non-trivial to
instantiate such an interactive system, we note that
it is a one-time effort for all datasets of the same
logical form.

Example of Non-sketch-based Parsers. In addi-

Shttps://github.com/sunlab-osu/MISP.



tion to the example of the SQLova parser (Hwang
et al., 2019) that we provide in Section 3, here we
show how the EditSQL parser (Zhang et al., 2019)
is formulated under MISP. Unlike SQLova, Edit-
SQL does not assume any SQL sketch; it instead
generates a SQL query “token by token”.® Con-
sider the SQL query in Figure 1. EditSQL takes
actions: a1=“SELECT”, as="“COUNT”, a3z="“ (",
ag=“School/Club Team”, as=")",etc. There-
fore, the action space of EditSQL consists of all
SQL keywords, grammatical constituents (e.g.,
“(”), and available table columns. In this case,
MISP only validates semantically meaningful ac-
tions (including aggregators, operators, column
names, etc.) while skipping others (including triv-
ial symbols like “ (” and most SQL keywords”).

User Simulator. Our experiments train each sys-
tem with simulated user feedback. To this end, we
build a user simulator similar to the one used by
Yao et al. (2019b) in MISP, which can access the
ground-truth SQL queries. It gives yes/no answer
or selects a choice by directly comparing the sam-
pled policy action with the true one in the gold
query. When the true option is not presented within
the system provided choices, the user is simulated
to select “None of the above options”.

B.2 WikiSQL Experiment Details

Dataset&Model. Our main experiments consider
the WikiSQL benchmark dataset (Zhong et al.,
2017),8 which contains 56,355/8,421/15,878
question-SQL  query pairs in the train-
ing/validation/test set. =~ We use exactly the
same data split as Zhong et al. (2017).

We choose SQLova (Hwang et al., 2019), one of
the open-sourced® top-performing semantic parser
on WikiSQL, as the base parser, which ensures rea-
sonable model capability to study continual learn-
ing. Hyper-parameters are set the same as the
ones recommended by the SQLova authors on their
GitHub repository,'? except that we use a learning
rate of le-5 for fine-tuning the BERT model. Em-
pirically we found out this relatively larger learning

®EditSQL considers a column name as a single “to-
ken”, although it may actually contain several words (e.g.,
School/Club Team).

7Except WHERE, GROUP BY, ORDER BY and HAVING;
see Appendix B.3 for details.

8https://github.com/salesforce/WikiSQL

9https://github.com/naver/sqlova

Ohttps://github.com/naver/sqlova#
running-code.

rate can greatly accelerate the model learning with-
out affecting the model performance significantly.
The total number of model parameters is around
118M, with 110M from BERT-Base (Uncased)'!
and 8M from the SQLova parser side.

Early stop is used to accelerate model training in
each training iteration. Specifically, we stop model
training if it does not show improvement on the
validation set for a consecutive number of epochs.
We set this number to 10 before the 30-th training
iteration when the total training data is in a rela-
tively small size, and decay it to 5 after the 30-th
iteration. We follow SQLova when preprocessing
the WikiSQL data.

Experimental Setup. We study a ‘“continual
learning” problem and experiment various systems
with three initialization settings, as suggested by
our theoretical analysis (Section 5). Specifically,
we use 10% (5,636 pairs), 5% (2,818 pairs), and
1% (564 pairs) of the total training data for parser
initialization, respectively.

In each initialization setting, the remaining train-
ing data is used to simulate user questions that a sys-
tem receives after deployment. The user questions
come in a random order. We repeat three random
runs (i.e., three random orders of user questions)
and report the average system performance. No-
tice that, we ensure each system receive the same
user question (but may have different user feedback
depending on their interaction designs) during itera-
tive training, for a fair comparison. Systems update
(retrain) their base semantic parsers periodically
for every 1,000 user questions.

Metrics. In the end of each iteration, we evaluate
the system’s performance, including:
* Parsing accuracy. We measure the query
match accuracy (i.e., logical form accuracy)
using the script from SQLova implementation.

* An accumulated number of user/expert anno-
tations (introduced in Section 6.3). Different
systems request different kinds of user/expert
annotations. Therefore, even when serving
the user on the same user question, different
systems require different numbers of annota-
tions. This metric sums up the total number
of annotations that each system has requested
after each training iteration.

Calculating the aforementioned metrics allow us to
plot Figure 2 and Figure 4.

Uhttps://github.com/google-research/
bert#pre-trained-models.



Compute. We complete experiments on Nvidia
GeForce RTX 2080Ti (11GB). Models are all im-
plemented using PyTorch.'?> The run time for each
training iteration varies depending on the accumu-
lated training data size. To finish the 50+ iterations
of (re-)training, each system takes around 15 days.
In the weak 1% initialization case, the Binary User
baseline takes less time (around 10 days), since
most of its predicted queries are wrong and thus
are not included into its training data.

B.3 EditSQL Experiment Details

Data&Model. The Spider dataset (Yu et al., 2018)
contains 8,421 question-SQL pairs for training and
1,034 pairs for validation.!3> The test set is not
publicly available and is thus not used in our exper-
iments.

We choose EditSQL (Zhang et al., 2019) as
the base semantic parser,'* since it is one of the
open-sourced state-of-the-art models on Spider.
All hyper-parameters are set following (Zhang
et al., 2019). Pre-trained BERT model is also
used. Totally there are around 120M parameters in
the model, with 110M from the BERT-Base (Un-
cased)!® and 10M from the EditSQL parser side.
Early stop is additionally used to accelerate model
training. Specifically, we stop model training when
it does not show improvement on validation for 5
consecutive epochs.

In the data preprocessing step, EditSQL
transforms each gold SQL query into a sequence
of tokens, where the From clause is removed
and each column Col is prepended by its paired
table name, i.e., Tab.Col. However, we ob-
serve that sometimes this transformation is not
convertible. For example, consider the question
“what are the first name and last name of all candi-
dates?” and its gold SQL query: “SELECT
T2.first_name , T2.last_name
FROM candidates AS Tl JOIN
people AS T2 ON Tl.candidate_id
EditSQL transforms this
query into : “select people.first_name
, people.last_name”. The transformed
sequence accidentally removes the information
about table candidates in the original SQL

= T2.person_id”.

Phttps://pytorch.org/.
Bhttps://github.com/taoyds/spider.
14https ://github.com/ryanzhumich/
editsqgl.
Bhttps://github.com/google-research/
bert#pre-trained-models.

query, leading to semantic meaning inconsistent
with the question. When using such erroneous
sequences as the gold targets in model training,
we cannot simulate consistent user feedback,
e.g., when the user is asked whether her query is
relevant to the table candidates, the simulated
user cannot give an affirmative answer based on
the transformed sequence. To avoid inconsistent
user feedback, we remove question-SQL pairs
whose transformed sequence is inconsistent with
the original gold SQL query, from the training
data. This can be easily done by using EditSQL’s
post-processing script to convert a preprocessed
sequence back to the SQL format. Only when the
converted query is the same as the original one,
the transformation is consistent. This reduces the
size of the training set from 8,421 to 7,377. The
validation set is kept untouched for fair evaluation.

The implementation of interactive semantic pars-
ing for EditSQL is the same as Section B.1, ex-
cept that, in order to cope with the complicated
structure of Spider SQL queries, for columns in
WHERE, GROUP BY, ORDER BY and HAVING
clauses, we additionally provide an option for
the user to “remove” the clause, e.g., removing
a WHERE clause by picking the “The system does
not need to consider any conditions.” option. We
also adjust the “semantic unit” definition in MISP'®
to deal with the autoregressive decoding of Edit-
SQL. For example, instead of asking first about a
SELECT column and then about its aggregator, we
define one semantic unit to inquire about both the
column and its aggregator.

To instantiate NEIL, the confidence threshold p
is 0.995 as we observe that EditSQL tends to be
overconfident.

Experimental Setup. We experiment with one
initialization setting, using 10% of the total training
data (i.e., 737 question-SQL pairs), and systems
update (retrain) their base semantic parsers periodi-
cally for every 1,000 user questions as in WikiSQL
experiments. We report system performance av-
eraged over three random runs (i.e., three random
orders of user questions).

We also tried using more training data for ini-
tialization. However, since the total training data
in Spider is very limited in size, more initializa-
tion data means fewer data for simulating online

Yhttps://github.com/sunlab-osu/MISP/

blob/multichoice_g/MISP_SQL/tag_seq_
logic.md.



user questions and conducting continual learning.
This leads to less clear experimental observations
(e.g., even the Full Expert system shows fluctua-
tion, probably due to data redundancy or an issue
with model architecture capability). Therefore, we
only focus on the 10% initialization setting.

Metrics. We measure each system similarly as in
WikiSQL experiments. For parsing performance,
we calculate the exact match accuracy using scripts
from the EditSQL implementation.

Compute. We complete experiments on Nvidia
GeForce RTX 2080Ti (11GB). Models are imple-
mented using PyTorch. The run time for each train-
ing iteration varies depending on the accumulated
training data size. Finishing the whole iterative
learning takes around 5 days for all systems.

C Additional Experimental Results
C.1 Additional SQLova Results

Figure 4 shows different systems’ performance on
WikiSQL validation set. For Binary User(+Expert),
it is hard to quantify “one annotation”, which varies
according to the actual database size and the query
difficulty. As a compromise, we approximate this
number by calculating it in the same way as Full
Expert, with the assumption that in general validat-
ing execution results is as hard as validating the
SQL query itself.

We also show in Figure 5 the average number of
annotations (i.e., user interactions) that MISP-NEIL
requires per question during the iterative training.
Overall, as the base parser is further trained, our
system tends to request fewer user interactions. In
most cases throughout the training, the system re-
quests no more than one user interaction, demon-
strating the annotation efficiency of our NEIL algo-
rithm.

C.2 Connection to Theoretical Analysis

As we proved in Section 5, the performance gap
between our proposed NEIL algorithm and the su-
pervised approach is mainly decided by % Zi\; 1 €i»
an average probability that 7r; makes a confident but
wrong decision under d .« (i.e., given a gold partial
parse) over N training iterations. More specifically,
from our proof of Lemma A.1, e; can be expressed
as:

where €;; denotes policy 7;’s conditional error rate
under d. when it does not query the expert (i.e.,
being confident about its own action) at step ¢, and
1—;; denotes the probability that 7; does not query
the expert under d.... €;¢(1 — f3;;) thus represents a
joint probability that 7r; makes confident but wrong
action under d’,. at step .

To show a reflection of our theoretical analy-
sis on the experiments, we present the values of
the following three variables during training: (1)
€ = % Zthl €;t, the average value of €; over T’
time steps. A smaller €; implies a lower conditional
error rate and thus a smaller e; and a smaller per-
formance gap. (2) 5; = % Zthl Bit, the average
value of 3;; over T' time steps. A smaller 3; (i.e., a
larger 1 — [3;) means a smaller probability that 7;
queries the expert (i.e., being more confident). This
could lead to a larger e; and thus a larger perfor-
mance gap. (3) e; as defined previously. A smaller
e; indicates a smaller performance gap between our
algorithm and the supervised approach.

We plot the results of our MISP-NEIL system
(based on SQLova) in Figure 6. For all initializa-
tion settings, we observe that the base parser tends
to make more confident actions under a gold par-
tial parse (i.e., decreasing [3;) when it is trained
for more iterations. Meanwhile, the error rate of
its confident actions under a gold partial parse is
also reduced (i.e., decreasing €;). When combin-
ing the two factors, e; is shown to keep decreasing,
implying that with more iterations that the parser
is trained, it gets a tighter cost bound and better
performance.

Finally, we notice that a differently initialized
parser can end up with different performance. This
is reasonable since a better initialized parser pre-
sumably should have a better overall error rate.
This is also consistent with our observation in the
main experimental results (Section 6.3).
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Figure 4: Parsing accuracy on WikiSQL validation set when systems are trained with various numbers of
user/expert annotations (top) and for different iterations (bottom). We experiment systems with three initializa-
tion settings, using 10%, 5% and 1% of the training data respectively.

Avg. Number of Annotations per Question in Training, 10%
0.8

0.75

0 10 20 30

Training Iteration N

40 50

Avg. Number of Annotations per Question in Training, 5%

0.80
0 0.75
2
s
go70
2065
&
%5 0.60
.
é 0.55
5050
=
0.45

10 20 30 40

Training Iteration N

50

Avg.
1%
13

w
s12
]
£11
2
£ 10
<
°09
@
£08
5
Zo07
0.6

Number of Annotations per Question in Training, 1%

20 30 40
Training Iteration N

50

Figure 5: Average number of user annotations/interactions that MISP-NEIL requests for each user question during
iterative training (on WikiSQL), when the parser is initialized using 10%, 5% and 1% of training data.

& Bi &i
0.045 — 1% init 0.11 — 1%init 0.035 — 1% nit
0.040 —— 5% init 0.10 —— 5% init —— 5% init
g 10% init | 0.030 —— 10% init
0.035 —— 10% init 0.00 o o
0.030 0.08 0.025
0.025 0.07 0.020
0.06
0.020 0.015
0.015 0.05
0.010 0.04 0.010
0.005 0.03 0.005
0 10 20 30 40 50 0 10 20 30 40 50 0 10 20 40 50
Iteration i Iteration i Iteration i
(@) (b) ©

Figure 6: The values of ¢; (a), 3; (b) and e;

under different initialization settings.

(c) in MISP-NEIL throughout the training (on WikiSQL validation set),



2005.00889v1 [cs.CL] 2 May 2020

arxiv

Rationalizing Medical Relation Prediction from Corpus-level Statistics

Zhen Wang', Jennifer Lee??, Simon Lin*, Huan Sun'
!The Ohio State University
2Department of Family Medicine, The Ohio State University Wexner Medical Center
3Department of Physician Informatics, Nationwide Childrens Hospital
4 Abigail Wexner Research Institute at Nationwide Children’s Hospital

{wang.9215,
{Jennifer.Lee2,

Abstract

Nowadays, the interpretability of machine
learning models is becoming increasingly im-
portant, especially in the medical domain.
Aiming to shed some light on how to ratio-
nalize medical relation prediction, we present
a new interpretable framework inspired by ex-
isting theories on how human memory works,
e.g., theories of recall and recognition. Given
the corpus-level statistics, i.e., a global co-
occurrence graph of a clinical text corpus, to
predict the relations between two entities, we
first recall rich contexts associated with the
target entities, and then recognize relational
interactions between these contexts to form
model rationales, which will contribute to the
final prediction. We conduct experiments on
a real-world public clinical dataset and show
that our framework can not only achieve com-
petitive predictive performance against a com-
prehensive list of neural baseline models, but
also present rationales to justify its prediction.
We further collaborate with medical experts
deeply to verify the usefulness of our model
rationales for clinical decision making. Code
and datasets are available online!.

1 Introduction

Predicting relations between entities from a text
corpus is a crucial task in order to extract structured
knowledge, which can empower a broad range of
downstream tasks, e.g., question answering (Xu
et al., 2016), dialogue systems (Lowe et al., 2015),
reasoning (Das et al., 2017), etc. There has been
a large amount of existing work focusing on pre-
dicting relations based on raw texts (e.g., sentences,
paragraphs) mentioning two entities (Hendrickx
et al., 2010; Zeng et al., 2014; Zhou et al., 2016;
Mintz et al., 2009; Riedel et al., 2010; Lin et al.,
2016; Verga et al., 2018; Yao et al., 2019).

"https://github.com/zhenwang9102/
X-MedRELA

sun.397}@osu.edu
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Figure 1: Our intuition for how to rationalize relation
prediction based on the corpus-level statistics. To in-
fer the relation between the target entities (red nodes),
we recall (blue dashed line) their associated entities
(blue nodes) and infer their relational interactions (red
dashed line), which will serve as assumptions or model
rationales to support the target relation prediction.

In this paper, we study a relatively new setting in
which we predict relations between entities based
on the global co-occurrence statistics aggregated
from a text corpus, and focus on medical relations
and clinical texts in Electronic Medical Records
(EMRs). The corpus-level statistics present a holis-
tic graph view of all entities in the corpus, which
will greatly facilitate the relation inference, and
can better preserve patient privacy than raw or even
de-identified textual content and are becoming a
popular substitute for the latter in the research com-
munity for studying EMR data (Finlayson et al.,
2014; Wang et al., 2019).

To predict relations between entities based on
a global co-occurrence graph, intuitively, one can
first optimize the graph embedding or global word
embedding (Pennington et al., 2014; Perozzi et al.,
2014; Tang et al., 2015), and then develop a rela-
tion classifier (Nickel et al., 2011; Socher et al.,
2013; Yang et al., 2015; Wang et al., 2018) based
on the embedding vectors of the two entities. How-
ever, such kind of neural frameworks often lack the
desired interpretability, which is especially impor-
tant for the medical domain. In general, despite
their superior predictive performance in many NLP



tasks, the opaque decision-making process of neu-
ral models has concerned their adoption in high
stakes domains like medicine, finance, and judi-
ciary (Rudin, 2019; Murdoch et al., 2019). Build-
ing models that provide reasonable explanations
and have increased transparency can remarkably en-
hance user trust (Ribeiro et al., 2016; Miller, 2019).
In this paper, we aim to develop such a model for
our medical relation prediction task.

To start with, we draw inspiration from the ex-
isting theories on cognitive processes about how
human memory works, e.g., two types of mem-
ory retrieval (recall and recognition) (Gillund and
Shiffrin, 1984). Basically, in the recall process,
humans tend to retrieve contextual associations
from long-term memory. For example, given the
word “Paris”, one may think of “Eiffel Tower”
or “France”, which are strongly associated with
“Paris” (Nobel and Shiffrin, 2001; Kahana et al.,
2008; Budiu, 2014). Besides, there is a strong cor-
relation between the association strength and the
co-occurrence graph (Spence and Owens, 1990;
Lundberg and Lee, 2017). In the recognition pro-
cess, humans typically recognize if they have seen
a certain piece of information before. Figure 1
shows an example in the context of relation predic-
tion. Assume a model is to predict whether Aspirin
may treat Headache or not (That “Aspirin may treat
Headache” is a known fact, and we choose this rela-
tion triple for illustration purposes). It is desirable
if the model could perform the aforementioned two
types of memory processes and produce rationales
to base its prediction upon: (1) Recall. What en-
tities are associated with Aspirin? What entities
are associated with Headache? (2) Recognition.
Do those associated entities hold certain relations,
which can be leveraged as clues to predict the tar-
get relation? For instance, a model could first re-
trieve a relevant entity Pain Relief for the tail entity
Headache as they co-occur frequently, and then
recognize there is a chance that Aspirin can lead to
Pain Relief (i.e., formulate model rationales or as-
sumptions), based on which it could finally make a
correct prediction (Aspirin, may treat, Headache).

Now we formalize such intuition to rational-
ize the relation prediction task. Our framework
consists of three stages, global association recall
(CogStage-1), assumption formation and represen-
tation (CogStage-2), and prediction decision mak-
ing (CogStage-3), shown in Figure 2. CogStage-1
models the process of recalling diverse contextual

CogStage-1 CogStage-2 CogStage-3

Recall | /Associations Recognition Assumptiops

Entity Pair e ey —n—> Pred:?

e _ Rationalized by

Figure 2: A high-level illustration of our framework.

entities associated with the target head and tail en-
tities respectively, CogStage-2 models the process
of recognizing possible interactions between those
recalled entities, which serve as model rationales
(or, assumptions?) and are represented as semantic
vectors, and finally CogStage-3 aggregates all as-
sumptions to infer the target relation. We jointly
optimize all three stages using a training set of re-
lation triples as well as the co-occurrence graph.
Model rationales can be captured through this pro-
cess without any gold rationales available as direct
supervision. Overall, our framework rationalizes
its relation prediction and is interpretable to users’
by providing justifications for (i) why a particu-
lar prediction is made, (ii) how the assumptions
of the prediction are developed, and (iii) how the
particular assumptions are relied on.

On a real-life clinical text corpus, we compare
our framework with various competitive methods
to evaluate the predictive performance and inter-
pretability. We show that our method obtains very
competitive performance compared with a com-
prehensive list of various neural baseline models.
Moreover, we follow recent work (Singh et al.,
2019; Jin et al., 2020) to quantitatively evaluate
model interpretability and demonstrate that ratio-
nales produced by our framework can greatly help
earn expert trust. To summarize, we study the im-
portant problem of rationalizing medical relation
prediction based on corpus-level statistics and pro-
pose a new framework inspired by cognitive theo-
ries, which outperforms competitive baselines in
terms of both interpretability and predictive perfor-
mance.

2 Background

Different from existing work using raw texts for re-
lation extraction, we assume a global co-occurrence
graph (i.e., corpus-level statistics) is given, which
was pre-constructed based on a text corpus D, and
denote it as an undirected graph G = (V, &), where
each vertex v € V represents an entity extracted

>We use the two terms interchangeably in this paper.

*Following Murdoch et al. (2019), desired interpretability
is supposed to provide insights to particular audiences, which
in our case are medical experts.



Global Association Recall

1 2 Ny
{ah, ay, .., ay
353,
€n
122 428
y .

46

.
¥
- < a ) - s
98 =2~ Sso b B , OWA
83: o (a'h, Tks afl ~~ = P rela. vec. 'head vec.' tail vec. | =P N i
. 2 HE 2 it o ‘Rationales
385 @ B A i e
123 1

146
e
Corpus-level Statistics

Assumption Formation & Representation Decision Making

Rela.
Pred.

Figure 3: Framework Overview.

from the corpus and each edge e € £ is associated
with the global co-occurrence count for the con-
nected nodes. Counts reflect how frequent two enti-
ties appear in the same context (e.g., co-occur in the
same sentence, document, or a certain time frame).
In this paper, we focus on clinical co-occurrence
graph in which vertices are medical terms extracted
from clinical notes. Nevertheless, as we will see
later, our framework is very general and can be ap-
plied to other relations with corpus-level statistics.

Our motivation for working under this setting
lies in three folds: (1) Such graph data is stripped of
raw textual contexts and thus, has a better preserv-
ing of patient privacy (Wang et al., 2019), which
makes itself easier to be constructed and shared un-
der the HIPPA protected environments (Act, 1996)
for medical institutes (Finlayson et al., 2014); (2)
Compared with open-domain relation extraction,
entities holding a medical relation oftentimes do
not co-occur in a local context (e.g., a sentence
or paragraph). For instance, we observe that in
a widely used clinical co-occurrence graph (Fin-
layson et al., 2014), which is also employed for
our experiments later, of all entity pairs holding
the treatment relation according to UMLS (Uni-
fied Medical Language System), only about 11.4%
have a co-occurrence link (i.e., co-occur in clinical
notes within a time frame like 1 day or 7 days);
(3) As suggested by cognitive theories (Spence
and Owens, 1990), lexical co-occurrence is sig-
nificantly correlated with association strength in
the recall memory process, which further inspires
us to utilize such statistics to find associations and
form model rationales for relation prediction.

Finally, our relation prediction task is formu-
lated as: Given the global statistics G and an entity
pair, we predict whether they hold a relation r (e.g.,
MAY _TREAT), and moreover provide a set of model
rationales 7 composed of relation triples for the
prediction. For the example in Figure 1, we aim to

build a model that will not only accurately predict
the MAY_TREAT relation, but also provide mean-
ingful rationales on how the prediction is made,
which are crucial for gaining trust from clinicians.

3 Methodology

Following a high-level framework illustration in
Figure 2, we show a more detailed overview in
Figure 3 and introduce each component as follows.

3.1 CogStage-1: Global Association Recall

Existing cognitive theories (Kahana et al., 2008)
suggest that recall is an essential function of human
memory to retrieve associations for later decision
making. On the other hand, the association has
been shown to significantly correlate with the lex-
ical co-occurrence from the text corpus (Spence
and Owens, 1990; Lund and Burgess, 1996). In-
spired by such theories and correlation, we explic-
itly build up our model based on recalled associ-
ations stemming from corpus-level statistics and
provide global highly-associated contexts as the
source of interpretations.

Given an entity, we build an estimation module
to globally infer associations based on the corpus-
level statistics. Our module leverages distributional
learning to fully explore the graph structure. One
can also directly utilize the raw neighborhoods in
the co-occurrence graph, but due to the noise intro-
duced in the preprocessing of building the graph, it
is a less optimal choice in real practice.

Specifically, for a selected node/entity e¢; € &,
our global association recall module estimates a
conditional probability p (e;|e;), representing how
likely the entity e; € £ is associated with e;*. We
formally define such conditional probability as:

T
exp (V'e, - ve,)

v
o &P (V17 - ve,)

ey

p(ejler) =

*We assume all existing entities can be possible associa-
tions for the given entity.



where v,; € R? is the embedding vector of node
e; and véj € R? is the context embedding for e;.
There are many ways to approximate p (e;le;)
from the global statistics, e.g., using global log-
bilinear regression (Pennington et al., 2014). To
estimate such probabilities and update entity em-
beddings efficiently, we optimize the conditional
distribution p (e;|e;) to be close to the empirical
distribution p (e;|e;) defined as:
Dij
2 (i k)ee Pik
where £ is the set of edges in the co-occurrence
graph and p;; is the PPMI value calculated by the
co-occurrence counts between node e; and e;. We
adopt the cross entropy loss for the optimization:

Lo=— Y blejle)logplejles) ()

(ei,e]-)EV

2
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This association recall module will be jointly
trained with other objective functions to be intro-
duced in the following sections. After that, given
an entity e;, we can select the top-/V,. entities from
p(-le;) as e;’s associative entities for subsequent
assumption formation.

3.2 CogStage-2: Assumption Formation and
Representation

As shown in Figure 3, with the associative entities
from CogStage-1, we are ready to formulate and
represent assumptions. In this paper, we define
model assumptions as relational interactions be-
tween associations, that is, as shown in Figure 1,
the model may identify (Caffeine, MAY _TREAT,
Migraine) as an assumption, which could help pre-
dict Aspirin may treat Headache (Caffeine and Mi-
graine are associations for Aspirin and Headache
respectively). Such relational rationales are more
concrete and much easier for humans to understand
than the widely-adopted explanation strategy (Yang
et al., 2016; Mullenbach et al., 2018; Vashishth
et al., 2019) in NLP that is based on pure attention
weights on local contexts.

One straightway way to obtain such rationales is
to query existing medical knowledge bases (KBs),
e.g., (Caffeine, MAY _TREAT, Migraine) may exist
in SNOMED CT° and can serve as a model ratio-
nale. We refer to rationales acquired in this way
as the Closed-World Assumption (CWA) (Reiter,
1981) setting since only KB-stored facts are con-
sidered and trusted in a closed world. In contrast

‘https://www.snomed.org/

to the CWA rationales, considering the sparsity
and incompleteness issues of KBs that are even
more severe in the medical domain, we also pro-
pose the Open-World Assumptions (OWA) (Ceylan
et al., 2016) setting to discover richer rationales by
estimating all potential relations between associa-
tive entities based on a seed set of relation triples
(which can be regarded as prior knowledge).

In general, the CWA rationales are relatively
more accurate as each fact triple has been verified
by the KB, but would have a low coverage of other
possibly relevant rationales for the target prediction.
On the other hand, the OWA rationales are more
comprehensive but could be noisy and less accurate,
due to the probabilistic estimation procedure and
the limited amount of prior knowledge. However,
as we will see, by aggregating all OWA rationales
into the whole framework with an attention-based
mechanism, we can select high-quality and most
relevant rationales for prediction. For the rest of
the paper, by default we adopt the OWA setting in
our framework and describe its details as follows.

Specifically, given a pair of head and tail en-
tity, ey, e; € V, let us denote their association sets
as A(ep,) = {a}, } 1", and A(er) = {a] }}Y*,, where
Ny, Ny are the number of associative entities ay,, a;
to use. Each entity has been assigned an embedding
vector by the previous association recall module.
We first measure the probability of relations hold-
ing for the pair. Given a} € A(ep),a] € Ae)
and a relation r;, € R, we define a scoring function
as Bordes et al. (2013) to estimate triple quality:

—[vgi + &k — ’Uaj||1 4)

where Vgt and v of are embeddlng vectors, rela-

SZJ - f(a§z7rk’ ag) =

tions are parameterlzed by a relation matrix R €
RNxd and &}, is its k-th row vector. Such a scor-
ing function encourages larger value for correct
triples. Additionally, in order to filter unreliable
estimations, we define an NA relation to represent
other trivial relations or no relation as the score,
syl = f(a},NA, al), which can be seen as a dy-
namic threshold to produce reasonable rationales.

Now we formulate OWA rationales by calculat-
ing the conditional probability of a relation given a
pair of associations as follows (we save the super-
script ¢5 for space):

exp (sk)

ZSkZSNA exp (Sk) 7
0, Sk < Sna

)

. Sk > Sna
p(rilay, at) =



For each association pair, (a%, a{ ), we only form
an assumption with a relation r;; if 7}, is top ranked
according to p(r|at, a{)(’.

To represent assumptions, we integrate all rela-
tion information per pair into a single vector repre-
sentation. Concretely, we calculate th¢ assumption
representation by treating p(rk|a2, al) as weights
for all relations as follows:

. NT. .
ai; = plah, al;R) = Y plrwlay,af) - & (6)
k=1

Finally, we combine the entity vectors as well
as the relation vector to get the final representation
of assumptions for association pair (a}, a7 ), where
ci € Alep) and ¢j € A(es):

e = tanh([’uai; Ua{;aij]wp +b,) (1)

where [- ; -] represents vector concatenation, W), €
R3dxdp b, € R% are the weight matrix and bias
in a fully-connected network.

3.3 CogStage-3: Prediction Decision Making

Analogical to human thinking, our decision making
module aggregates all assumption representations
and measures their accountability for the final pre-
diction. It learns a distribution over all assumptions
and we select the ones with highest probabilities
as model rationales. More specifically, we define a
scoring function g(e;;) to estimate the accountabil-
ity based on the assumption representation e;; and
normalize g(e;;) as:

g(e;;) = v tanh(Wye;j +b,)  (8)

exp(g(ei;))
N Ny ®)
Zm:l n=1 exp(g(emn))
where W, b, are the weight matrix and bias for
the scoring function. Then we get the weighted
rationale representation as:
Np Ny

r=1(en e) = Z Zpijeij

i=1 j=1

Dij =

(10)

With the representation of weighted assumption
information for the target pair (e, e;), we calculate
the binary prediction probability for relation 7 as:

p(rlen, er) = a(W,r + b,) (11)

where o(z) = 1/(1 + exp(—x)) and W, b, are
model parameters.

®We remove the target relation to predict if it exists in the
assumption set.

Rationalizing relation prediction. After fully
training the entire model, to recover the most con-
tributing assumptions for predicting the relation be-
tween the given target entities (ep, e;), we compute
the importance scores for all assumptions and se-
lect those most important ones as model rationales.
In particular, we multiply p;; (the weight for associ-
ation pair (a’, a]) in Eqn. 9) with p(ry,|a’,, a?) (the
probability of a relation given the pair (af,, a{ ) in
Eqn. 5) to score the triple (a}, r, ag). We rank all
such triples for a}, € Aler),al € Aler),r € R
and select the top-K triples as model rationales for
the final relation prediction.

3.4 Training

We now describe how we train our model efficiently
for multiple modules. For relational learning to es-
timate the conditional probability p(ry|a}, a?), we
utilize training data as the seed set of triples for all
relations as correct triples denoted as (h, r,t) € P.
The scoring function in Eqn. 4 is expected to score
higher for correct triples than the corrupted ones
in which we denote N'(?,7,t) (N (¢,7,7)) as the
set of corrupted triples by replacing the head (tail)
entity randomly. Instead of using margin-based
loss function, we adopt a more efficient training
strategy from (Kadlec et al., 2017; Toutanova and
Chen, 2015) with a negative log likelihood loss
function as:

Ly =— Z(hﬂ«,f,)ep log p (ht,r)
= 2 (hryep logp (tlh, 1)

where the conditional probability p(hlt,r) is de-
fined as follows (p(t|h, r) is defined similarly):

_ eXp(f (h,?“, t))
p(hlt,r) = Ywen (s XP(f (W1, 1))

For our binary relation prediction task, we define
a binary cross entropy loss function with Eqn. 11
as follows:

£y = =2, (i - log(p(rleh, 7))

+ (1 = i) - log(1 — p(rlej,, €})))
where M is the number of samples, y; is the label
showing whether ej,, e; holds a certain relation.

The above three loss functions, i.e., £, for global
association recall, £, for relational learning and £,
for relation prediction, are all jointly optimized. All
three of them share the entity embeddings and £,
will reuse the relation matrix from £, to conduct
the rationale generation. Please see appendix for
more details of our training algorithm.

12)

(13)

(14)



4 Experiments

In this section, we first introduce our experimental
setup, e.g, the corpus-level co-occurrence statistics
and datasets used for our experiments, and then
compare our model with a list of comprehensive
competitive baselines in terms of predictive perfor-
mance. Moreover, we conduct expert evaluations
as well as case studies to demonstrate the useful-
ness of our model rationales.

4.1 Dataset

We directly adopt a publicly available medical co-
occurrence graph for our experiments (Finlayson
et al., 2014). The graph was constructed in the
following way: Finlayson et al. (2014) first used
an efficient annotation tool (LePendu et al., 2012)
to extract medical terms from 20 million clinical
notes collected by Stanford Hospitals and Clinics,
and then computed the co-occurrence counts of two
terms based on their appearances in one patient’s
records within a certain time frame (e.g., 1 day, 7
days). We experiment with their biggest dataset
with the largest number of nodes (i.e., the per-bin
1-day graph here’) so as to have sufficient training
data. The co-occurrence graph contains 52,804
nodes and 16,197,319 edges.

To obtain training labels for relation prediction,
we utilize the mapping between medical terms and
concepts provided by Finlayson et al. (2014). To
be specific, they mapped extracted terms to UMLS
concepts with a high mapping accuracy by sup-
pressing the least possible meanings of each term
(see Finlayson et al. (2014) for more details). We
utilize such mappings to automatically collect rela-
tion labels from UMLS. For term e, and e, that are
respectively mapped to medical concept c4 and cp,
we find the relation between c4 and cp in UMLS,
which will be used as the label for e, and e;.

Following Wang and Fan (2014) that studied dis-
tant supervision in medical text and identified sev-
eral crucial relations for clinical decision making,
we select 5 important medical relations with no less
than 1,000 relation triples in our dataset. Each rela-
tion is mapped to UMLS semantic relations, e.g.,
relation CAUSES corresponds to cause_of, induces,
causative_agent_of in UMLS. A full list of map-
ping is in the appendix. We sample an equal num-
ber of negative pairs by randomly pairing head and
tail entities with the correct argument types (Wang
et al., 2016). We split all samples into train/dev/test

"https://datadryad.org/stash/dataset/
doi:10.5061/dryad. jp917

Med Relations Train Dev Test
Symptom of 14,326 3,001 3,087
May treat 12,924 2,664 2,735
Contraindicates 10,593 2,237 2,197
May prevent 2,113 440 460
Causes 1,389 305 354
Total 413k 8.6k 8.8k

Table 1: Dataset Statistics.

sets with a ratio of 70/15/15. Only relation triples
in the training set are used to optimize relational
parameters. The statistics of the positive samples
for relations are summarized in Table 1.

4.2 Predictive Performance Evaluation

Compared Methods. There are a number of ad-
vanced neural methods (Tang et al., 2015; Qu et al.,
2018; Wang et al., 2018) that have been developed
for the link prediction task, i.e., predicting the rela-
tion between two nodes in a co-occurrence graph.
At the high level, their frameworks comprise of
an entity encoder and a relation scoring function.
We adapt various existing methods for both the en-
coder and the scoring functions for comprehensive
comparison. Specifically, given the co-occurrence
graph, we employ existing distributional represen-
tation learning methods to learn entity embeddings.
With the entity embeddings as input features, we
adapt various models from the knowledge base
completion literature as a binary relation classi-
fier. More specifically, for the encoder, we select
one word embedding method, Word2vec (Mikolov
et al.,, 2013; Levy and Goldberg, 2014), two
graph embedding methods, random-walk based
DeepWalk (Perozzi et al., 2014), edge-sampling
based LINE (Tang et al., 2015), and one distribu-
tional approach REPEL-D (Qu et al., 2018) for
weakly-supervised relation extraction that lever-
ages both the co-occurrence graph and training
relation triples to learn entity representations. For
the scoring functions, we choose DistMult (Yang
et al., 2015), RESCAL (Nickel et al., 2011) and
NTN (Socher et al., 2013).

Note that one can apply more complex encoders
or scoring functions to obtain higher predictive per-
formance; however, in this work, we emphasize
more on model interpretability than predictive per-
formance, and unfortunately, all such frameworks
are hard to interpret as they provide little or no
explanations on how predictions are made.



Methods MAY _TREAT CONTRAIN. SYMPTOM_OF MAY_PREVENT CAUSES Avg.
Word2vec + DistMult ~ 0.767 (£0.008) 0.777 (£0.013)  0.815 (£0.005) 0.649 (£0.018) 0.671 (£0.015) 0.736
Word2vec + RESCAL  0.743 (£0.010) 0.767 (£0.003) 0.808 (£0.009) 0.658 (£0.023)  0.659 (£0.039) 0.727
Word2vec + NTN 0.693 (£0.013)  0.758 (£0.005) 0.808 (£0.004) 0.605 (£0.022) 0.631 (£0.017) 0.699
DeepWalk + DistMult  0.740 (£0.003) 0.776 (£0.004) 0.805 (£0.003) 0.608 (£0.014) 0.650 (£0.018) 0.716
DeepWalk + RESCAL  0.671 (£0.010) 0.778 (£0.003) 0.800 (£0.003)  0.600 (£0.023) 0.708 (+0.011) 0.711
DeepWalk + NTN 0.696 (£0.006) 0.778 (£0.005) 0.787 (£0.005) 0.614 (£0.016) 0.674 (£0.024) 0.710
LINE + DistMult 0.767 (£0.003)  0.783 (£0.002) 0.795 (£0.003) 0.621 (£0.015) 0.641 (£0.024) 0.721
LINE + RESCAL 0.725 (£0.003)  0.771 (£0.002) 0.801 (£0.001) 0.613 (£0.013) 0.694 (£0.015) 0.721
LINE + NTN 0.733 (£0.002)  0.773 (£0.003) 0.800 (£0.001) 0.601 (£0.015) 0.706 (£0.013) 0.723
REPEL-D + DistMult  0.784 (£0.002) 0.797 (£0.002) 0.809 (£0.003) 0.681 (£0.010) 0.694 (£0.022) 0.751
REPEL-D + RESCAL  0.726 (£0.003) 0.780 (£0.002) 0.776 (£0.002)  0.685 (£0.010) 0.708 (+0.003) 0.737
REPEL-D + NTN 0.736 (£0.004) 0.780 (£0.002) 0.773 (£0.001) 0.667 (£0.015) 0.694 (£0.024) 0.731
Ours (w/ CWA) 0.709 (£0.005) 0.751 (£0.009) 0.744 (£0.007) 0.667 (£0.008) 0.661 (£0.032) 0.706
Ours 0.805 (£0.017) 0.811 (£0.006) 0.816 (£0.004) 0.676 (£0.020) 0.684 (£0.017) 0.758

Table 2: Comparison of model predictive performance.
F1 scores with standard deviations.

We also show the predictive performance of our
framework under the CWA setting in which the
CWA rationales are existing triples in a “closed”
knowledge base (i.e., UMLS). We first adopt the
pre-trained association recall module to retrieve
associative contexts for head and tail entities, then
formulate the assumptions using top-ranked triples
(that exist in our relation training data), where the
rank is based on the product of their retrieval prob-
abilities (p;; = p(eilen) x p(ejler)). We keep the
rest of our model the same as the OWA setting.

Results. We compare the predictive performance
of different models in terms of F1 score under
each relation prediction task. As shown in Table 2,
our model obtains very competitive performance
compared with a comprehensive list of baseline
methods. Specifically, on the prediction tasks of
MAY _TREAT and CONTRAINDICATES, our model
achieves a substantial improvement (1~2 F1 score)
and a very competitive performance on the task
of SYMPTOM_OF and MAY_PREVENT. The small
amount of training data might partly explain why
our model does not perform so well in the CAUSES
task. Such comparison shows the effectiveness of
predicting relations based on associations and their
relational interactions. Moreover, compared with
those baseline models which encode graph struc-
ture into latent vector representation, our model
utilizes co-occurrence graph more explicitly by
leveraging the associative contexts symbolically to
generate human-understandable rationales, which
can assist medical experts as we will see shortly.
In addition, we observe that our model consistently
outperforms the CWA setting: Despite the CWA

We run all methods for five times and report the averaged

OWA Rationales CWA Rationales
Ranking Score 17 5
Avg. Sum Score/Case 6.14 2.24
Avg. Max Score/Case 2.04 0.77

Table 3: Human evaluation on the quality of rationales.

rationales are true statements on their own, they
tend to have a low coverage of possible rationales,
and thus, may be not so relevant for the target re-
lation prediction, which leads to a poor predictive
performance.

4.3 Model Rationale Evaluation

To measure the quality of our model rationales (i.e.,
OWA rationales), as well as to conduct an ablation
study of our model, we conduct an expert eval-
uation for the OWA rationales and also compare
them with the CWA rationales. We first collaborate
with a physician to explore how much a model’s
rationales help them better trust the model’s predic-
tion following recent work for evaluating model
interpretability (Singh et al., 2019; Mullenbach
et al., 2018; Atutxa et al., 2019; Jin et al., 2020).
Then, we present some case studies to show what
kind of rationales our model has learnt. Note that
compared with evaluation by human annotators for
open-domain tasks (without expertise requirement),
evaluation by medical experts is more challenging
in general. The physician in our study (an M.D.
with 9 years of clinical experience and currently a
fellow trained in clinical informatics), who is able
to understand the context of terms and the basics
of the compared algorithms and can dedicate time,
is qualified for our evaluation.

Expert Evaluation. We first explained to the



physician about the recall and recognition process
in our framework and how model rationales are
developed. They endorsed such reasoning process
as one possible way to gain their trust in the model.
Next, for each target pair for which our model cor-
rectly makes the prediction, they were shown the
top-5 rationales produced by our framework and
were asked whether each rationale helps them bet-
ter trust the model prediction. For each rationale,
they were asked to score it from O to 3 in which 0
is no helpful, 1 is a little helpful, 2 is helpful and
3 is very helpful. In addition to the individual ra-
tionale evaluation, we further compare the overall
quality of CWA and OWA rationales, by letting
experts rank them based the helpfulness of each set
of rationales (the rationale set ranked higher gets 1
ranking score and both get O if they have the same
rank). We refer readers to the appendix for more de-
tails of the evaluation protocol. We randomly select
30 cases in the MAY_TREAT relation and the over-
all evaluation results are summarized in Table 3.
Out of 30, OWA wins in 17 cases and gets higher
scores on individual rationales per case on average.
There are 8 cases where the two sets of rationales
are ranked the same® and 5 cases where CWA is
better. To get a better idea of how the OWA model
obtains more trust, we calculate the average sum
score per case, which shows the OWA model gets a
higher overall score per case. Considering in some
cases only a few rationales are able to get non-zero
scores, we also calculate the average max score per
case, which shows that our OWA model generally
provides one helpful rationale (score>2) per case.
Overall, as we can see, the OWA rationales are
more helpful to gain expert trust.

Case Study. Table 4 shows two concrete exam-
ples demonstrating what kind of model rationales
our framework bases its predictions on. We high-
light the rationales that receive high scores from
the physician for being especially useful for trust-
ing the prediction. As we can see, our framework
is able to make correct predictions based on rea-
sonable rationales. For instance, to predict that
“cephalosporine” may treat “bacterial infection”,
our model relies on the rationale that “cefuroxime”
may treat “infectious diseases”. We also note that
not all rationales are clinically established facts or
even make sense, due to the unsupervised rationale
learning and the probabilistic assumption formation
process, which leaves space for future work to fur-

80f which, 7 cases are indicated equally unhelpful.

Case 1
cephalosporins may_treat bacterial infection
cefuroxime may_treat viral syndrome
cefuroxime may_treat low grade fever
cefuroxime may_treat infectious diseases
cefuroxime may_prevent low grade fever
sulbactam may_treat low grade fever
Case 2
azelastine may_treat perennial allergic rhinitis
astepro may_treat  perennial allergic rhinitis
pseudoephedrine  may_treat  perennial allergic rhinitis
ciclesonide may_treat  perennial allergic rhinitis
overbite may_treat perennial allergic rhinitis
diclofenac may_treat perennial allergic rhinitis

Table 4: Case studies for rationalizing medical relation
prediction. For each case, the first panel is target pair
and the second is top-5 rationales (Bold ones are useful
rationales with high scores from the physician). The
left (right) most column is the head (tail) term and their
relational associations.

ther improve the quality of rationales. Nevertheless,
such model rationales can provide valuable infor-
mation or new insights for clinicians. For another
example, as pointed out by the physician, different
medications possibly having the same treatment
response, as shown in Case 2, could be clinically
useful. That is, if three medications are predicted to
possibly treat the same condition and a physician is
only aware of two doing so, one might get insights
into trying the third one. To summarize, our model
is able to provide reasonable rationales and help
users understand how model predictions are made
in general.

5 Related Work

Relation Extraction (RE) typically focuses on pre-
dicting relations between two entities based on their
text mentions, and has been well studied in both
open domain (Mintz et al., 2009; Zeng et al., 2015;
Riedel et al., 2013; Lin et al., 2016; Song et al.,
2019; Deng and Sun, 2019) and biomedical do-
main (Uzuner et al., 2011; Wang and Fan, 2014;
Sahu et al., 2016; Lv et al., 2016; He et al., 2019).
Among them, most state-of-the-art work develops
various powerful neural models by leveraging hu-
man annotations, linguistic patterns, distance super-
vision, etc. More recently, an increasing amount of
work has been proposed to improve model’s trans-
parency and interpretability. For example, Lee et al.
(2019) visualizes self-attention weights learned
from BERT (Devlin et al., 2019) to explain relation
prediction. However, such text-based interpretable
models tend to provide explanations within a local



context (e.g., words in a single sentence mentioning
target entities), which may not capture a holistic
view of all entities and their relations stored in a
text corpus. We believe that such a holistic view
is important for interpreting relations and can be
provided to some degree by the global statistics
from a text corpus. Moreover, global statistics have
been widely used in the clinical domain as they
can better preserve patient privacy (Finlayson et al.,
2014; Wang et al., 2019).

On the other hand, in recent years, graph em-
bedding techniques (Perozzi et al., 2014; Tang
et al., 2015; Grover and Leskovec, 2016; Yue et al.,
2019) have been widely applied to learn node rep-
resentations based on graph structure. Represen-
tation learning based on global statistics from a
text corpus (i.e., co-occurrence graph) has also
been studied (Levy and Goldberg, 2014; Penning-
ton et al., 2014). After employing such methods
to learn entity embeddings, a number of relation
classifiers (Nickel et al., 2011; Bordes et al., 2013;
Socher et al., 2013; Yang et al., 2015; Wang et al.,
2018) can be adopted for relation prediction. We
compare our method with such frameworks to show
its competitive predictive accuracy. However, such
frameworks tend to be difficult to interpret as they
provide little or no explanations on how decisions
are made. In this paper, we focus more on model
interpretability than predictive accuracy, and draw
inspirations from existing cognitive theories of re-
call and recognition to develop a new framework,
which is our core contribution.

Another line of research related to interpreting
relation prediction is path-based knowledge graph
(KG) reasoning (Gardner et al., 2014; Neelakantan
et al., 2015; Guu et al., 2015; Xiong et al., 2017;
Stadelmaier and Pad6, 2019). In particular, exist-
ing paths mined from millions of relational links
in knowledge graphs can be used to provide jus-
tifications for relation predictions. For example,
to explain Microsoft and USA may hold the rela-
tion CountryOfHeadquarters, by traversing a KG,

. IsBasedI
one can extract the path Microsoft ———— Seattle

CountryLocatedIn .
————  USA as one explanation. However,

such path-finding methods typically require large-
scale relational links to infer path patterns, and
cannot be applied to our co-occurrence graph as
the co-occurrence links are unlabeled.

In addition, our work is closely related to the
area of rationalizing machine decision by generat-
ing justifications/rationales accounting for model’s

prediction. In some scenarios, human rationales
are provided as extra supervision for more explain-
able models (Zaidan et al., 2007; Bao et al., 2018).
However, due to the high cost of manual annota-
tion, model rationales are desired to be learned in
an unsupervised manner(Lei et al., 2016; Boucha-
court and Denoyer, 2019; Zhao et al., 2019). For
example, Lei et al. (2016) select a subset of words
as rationales and Bouchacourt and Denoyer (2019)
provide an explanation based on the absence or
presence of “concepts”, where the selected words
and “concepts” are learned unsupervisedly. Differ-
ent from text-based tasks, in this paper, we propose
to rationalize relation prediction based on global co-
occurrence statistics and similarly, model rationales
in our work are captured without explicit manual
annotation either, via a joint training framework.

6 Conclusion

In this paper, we propose an interpretable frame-
work to rationalize medical relation prediction
based on corpus-level statistics. Our framework
is inspired by existing cognitive theories on human
memory recall and recognition, and can be easily
understood by users as well as provide reasonable
explanations to justify its prediction. Essentially, it
leverages corpus-level statistics to recall associative
contexts and recognizes their relational connections
as model rationales. Compared with a compre-
hensive list of baseline models, our model obtains
competitive predictive performances. Moreover,
we demonstrate its interpretability via expert evalu-
ation and case studies.
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A Appendices

A.1 Implementation Details.

We implemented our model in Pytorch (Paszke
et al., 2017) and optimized it by the Adam opti-
mizer (Kingma and Ba, 2015). The dimension of
term/node embeddings is set at 128. The number
of negative triples for the relational learning is set
at 100. The number of association contexts to use
for assumption formation is 32. Early stopping is
used when the performance in the dev set does not
increase continuously for 10 epochs. We augment
the relation triples for optimizing £, (Eqn. 12)
by adding their reverse relations for better train-
ing. We obtain DeepWalk and LINE (2nd) embed-
dings by OpenNE? and word2vec embeddings by
doing SVD decomposition over the shifted PPMI
co-occurrence matrix (Levy and Goldberg, 2014).
Code, datasets, and more implementation details
are available online!”.

A.2 Training Algorithm

Algorithm 1 CogStage Training Algorithm

INPUT: Corpus Statistics G, Gold Triples P, Bi-
nary Relation Data {(hg, tx), yx }iL,

OUTPUT: Model parameters

1: repeat

2 Sample {e; ?1:1 with gold contexts from G

3 fori < 1:b;do

4 Calculate p(ej|e;) and p(ejle;)
5: Optimize £,, by Eqn. 3
6
7
8
9

Sample {(h;, 74, t,—)}?il from P
fori < 1:bydo
Generate IV,, corrupted triples
: Optimize £, by Eqn. 12
10: Sample {(h;, t;), yz}fil

11: fori < 1:b3do
12: Calculate p(e;|h;) and p(e;lt;)

m Nc n NC
13: Get contexts {a}"},,¢; and {a}'}, <,
14: Optimize £, by Eqn. 14

15: until Convergence

9https://github.com/thunlp/OpenNE
Ohttps://github.com/zhenwang9102/
X-MedRELA



Evaluation Interface (Example)

All models predict the may_treat relation between t1 term unfractionated heparin ['unfractionated
heparin [epc]’, 'heparin'] and t2 term myocardial infarction (mi) ['myocardial infarction'] with the

following rationales.

Please answer the following questions:

1. Areyou familiar with t1 and t2 terms?

O Yes O No O Kindof

2. Check each rationale and answer this question: Is which degree is rationale helpful for you to

trust the prediction?

(0: no helpful; 1: a little bit helpful; 2: helpful; 3: very helpful)

|Mode| A's Rationale Set:|

T1’s contexts Relational Interaction T2’s contexts Score
metabolic alkalosis may_prevent myocardial infarction (mi)
metabolic alkalosis may_prevent venous thrombosis

rbbb may_treat myocardial infarction (mi)
ards symptom_of myocardial infarction (mi)
micronutrient may_prevent venous thrombosis

Model B's Rationale Set:

T1’s contexts Relational Interaction T2’s contexts Score
cardiac dysrhythmias contraindicates theophylline
malignant neoplasm without has_symptom family history of cancer
specification of site
Iddm contraindicates glyburide
morphine sulfate contraindicated_by respiratory depression
insulin dependent diabetes contraindicates glyburide

3. Please rank all sets of rationales based on overall how much they help you trust the model
prediction (e.g., A > B). Note that it is ok to reject them if both models are unhelpful (A =B =0).

Figure 4: Evaluation interface for expert evaluation.



Relations UMLS Relations

May_treat may_treat

May _prevent may_prevent

Contraindicates has_contraindicated_drug

Causes cause_of; induces; causative_agent_of

disease_has_finding; disease_may_have_finding; has_associated_finding;

Symptom of ) . . .. . ..
ymp has_manifestation; associated_condition_of; defining_characteristic_of

Table 5: Relations in our dataset and their mapped UMLS semantic relations. (UMLS relation “Treats” does not
exist in our dataset and hence is not mapped with the “May _treat” relation.)
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Abstract

We present ReasonBERT, a pre-training
method that augments language models with
the ability to reason over long-range relations
and multiple, possibly hybrid, contexts. Un-
like existing pre-training methods that only
harvest learning signals from local contexts of
naturally occurring texts, we propose a gen-
eralized notion of distant supervision to auto-
matically connect multiple pieces of text and
tables to create pre-training examples that re-
quire long-range reasoning. Different types
of reasoning are simulated, including inter-
secting multiple pieces of evidence, bridging
from one piece of evidence to another, and
detecting unanswerable cases. We conduct
a comprehensive evaluation on a variety of
extractive question answering datasets rang-
ing from single-hop to multi-hop and from
text-only to table-only to hybrid that require
various reasoning capabilities and show that
ReasonBERT achieves remarkable improve-
ment over an array of strong baselines. Few-
shot experiments further demonstrate that our
pre-training method substantially improves
sample efficiency.'

1 Introduction

Recent advances in pre-trained language mod-
els (LMs) have remarkably transformed the land-
scape of natural language processing. Pre-trained
with self-supervised objectives such as autoregres-
sive language modeling (Radford and Narasimhan,
2018; Radford et al., 2019; Brown et al., 2020) and
masked language modeling (MLM) (Devlin et al.,
2019; Liu et al., 2019b; Joshi et al., 2020), LMs
encode a great deal of knowledge about language
and significantly boost model performance on a
wide range of downstream tasks (Liu et al., 2019a;
Wang et al., 2019a,b) ranging from spell checking

*Corresponding authors.
'Our code and pre-trained models are available at ht tps :
//github.com/sunlab-osu/ReasonBERT.

(Awasthi et al., 2019) to sentiment analysis (Xu
et al., 2019) and semantic parsing (Rongali et al.,
2020), just to name a few.

Existing self-supervised objectives for LM pre-
training primarily focus on consecutive, naturally
occurring text. For example, MLM enables LMs
to correctly predict the missing word “daugh-
ters” in the sentence “Obama has two __, Malia
and Sasha.” based on the local context and the
knowledge stored in the parameters. However,
many tasks require reasoning beyond local con-
texts: multi-hop question answering (QA) (Yang
et al., 2018; Welbl et al., 2018) and fact verification
(Jiang et al., 2020) require reasoning over multi-
ple pieces of evidence, hybrid QA (Chen et al.,
2020) requires simultaneously reasoning over un-
structured text and structured tables, and dialogue
systems require reasoning over the whole dialogue
history to accurately understand the current user
utterance (Andreas et al., 2020).

To address this limitation in existing LM pre-
training, we propose ReasonBERT, a pre-training
method to augment LMs for explicitly reasoning
over long-range relations and multiple contexts.
ReasonBERT pairs a query sentence with multiple
relevant pieces of evidence drawn from possibly
different places and defines a new LM pre-training
objective, span reasoning, to recover entity spans
that are masked out from the query sentence by
jointly reasoning over the query sentence and the
relevant evidence (Figure 1). In addition to text, we
also include tables as evidence to further empower
LMs to reason over hybrid contexts.

One major challenge in developing
ReasonBERT lies in how to create a large
set of query-evidence pairs for pre-training.
Unlike existing self-supervised pre-training
methods, examples with complex reasoning cannot
be easily harvested from naturally occurring
texts. Instead, we draw inspiration from distant
supervision (Mintz et al., 2009a), which assumes
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Figure 1: Examples of our pre-training data acquired via distant supervision, which covers a wide range of topics
with both textual and tabular evidence. For each query sentence (in black), we first select two pairs of entities
(underlined) to find two pieces of evidence (in grey) via distant supervision. We then randomly mask one entity
from each selected pair and aim to recover it by reasoning over the evidence. Note that the two selected pairs may
share a common entity; in case this entity is masked, we can mimic different types of multi-hop reasoning, e.g.,
intersection (Ex. 1) and bridging (Ex. 2). To simulate unanswerable cases, we additionally mask one entity (in
blue) that does not exist in the evidence. Figure best viewed in color.

that “any sentence containing a pair of entities
that are known to participate in a relation is
likely to express that relation,” and generalize
it to our setting of multiple pieces of evidence
from text and tables. Specifically, given a query
sentence containing an entity pair, if we mask
one of the entities, another sentence or table that
contains the same pair of entities can likely be
used as evidence to recover the masked entity.
Moreover, to encourage deeper reasoning, we
collect multiple pieces of evidence that are jointly
used to recover the masked entities in the query
sentence, allowing us to scatter the masked entities
among different pieces of evidence to mimic
different types of reasoning. Figure 1 illustrates
several examples using such distant supervision. In
Ex. 1, a model needs to check multiple constraints
(i.e., intersection reasoning type) and find “the
beach soccer competition that is established in
1998 In Ex. 2, a model needs to find “the type of
the band that released Awaken the Guardian,” by
first inferring the name of the band “Fates Warning”
(i.e., bridging reasoning type).

We first replace the masked entities in a query
sentence with the [QUESTION] tokens. The new
pre-training objective, span reasoning, then extracts
the masked entities from the provided evidence.
We augment existing LMs like BERT (Devlin et al.,
2019) and RoBERTa (Liu et al., 2019b) by contin-
uing to train them with the new objective, which

leads to ReasonBERT, a new LM with better rea-
soning capabilities. Then query sentence and tex-
tual evidence are encoded via the LM. When tabu-
lar evidence is present, we use the structure-aware
transformer TAPAS (Herzig et al., 2020) as the
encoder to capture the table structure.

We evaluate ReasonBERT on the extractive QA
task, which is arguably the most representative task
requiring reasoning about world knowledge. We
conduct a comprehensive evaluation using a variety
of popular datasets: MRQA (Fisch et al., 2019), a
single-hop QA benchmark including six datasets
from different domains; HotpotQA (Yang et al.,
2018), a multi-hop QA dataset; NQTables, a sub-
set of the Natural Questions dataset (Kwiatkowski
et al., 2019) where answers can be found in ta-
bles; and HybridQA (Chen et al., 2020), a hybrid
multi-hop QA dataset that requires reasoning over
both tables and text. Under the few-shot setting,
ReasonBERT substantially outperforms the base-
lines in almost all datasets, demonstrating that the
reasoning ability learned from pre-training can eas-
ily transfer to downstream QA tasks and generalize
well across domains. Under the full-data setting,
ReasonBERT obtains substantial gains in multi-
hop and hybrid QA datasets. Despite its simple
model architecture, ReasonBERT achieves similar
or better performance compared with more sophis-
ticated state-of-the-art models for each dataset.



2 Background

Language model pre-training.  Existing pre-
training objectives such as MLMs (Devlin et al.,
2019; Joshi et al., 2020) tend to implicitly memo-
rize the learned knowledge in the parameters of the
underlying neural network. In this work, we aim
to augment pre-training by encouraging a model to
reason about (instead of memorizing) world knowl-
edge over the given contexts.
Extractive question answering. To measure a
model’s reasoning ability about world knowledge,
we select extractive QA as a downstream task,
which is perhaps one of the most representative
tasks for this purpose. Given a question ¢ and
provided evidence F, an extractive QA model
po(alg, E) aims to select a contiguous span a from
FE that answers the question, or output a special
token if F is not sufficient to answer the question.
Our approach, ReasonBERT, is inspired by this
formulation and extends it to language model pre-
training. The challenge in defining such a self-
supervised task is in the creation of question-
evidence pairs from unlabeled data. Moreover, we
aim for a generic approach that works for a wide
range of extractive QA settings including single-
hop and multi-hop reasoning, hybrid contexts with
both unstructured texts and structured tables, as
well as few-shot settings. We discuss how to ad-
dress the challenge and achieve this goal in the next
two sections.

3 Distant Supervision (DS) for
Pre-training

We use English Wikipedia as our data source for
pre-training. We first extract sentences and tables
from Wikipedia pages and then identify salient
spans (such as named entities) from them. We
apply the idea of distant supervision and match the
sentences and tables to form query-evidence pairs,
which are used to create pre-training examples.

3.1 Data Collection

Text. We first extract paragraphs from Wikipedia
pages and split them into sentences. We consider
named entities including both real-world entities
(e.g., person, location) and temporal and numeric
expressions (e.g., date and quantity) as potential
answer entities for pre-training. We first identify
real-world entities using existing hyperlinks. Since
Wikipedia pages generally do not contain links

to themselves, we additionally detect such self-
mentions by searching the names and aliases of the
topic entity for each page. Temporal and numeric
expressions are identified using an existing NER
tool?.
Tables. We extract tables that are labeled as <wik-
itable> from Wikipedia, and only consider tables
with no more than 500 cells. First, real-world enti-
ties are detected using existing hyperlinks. Unlike
our method employed for textual sentences, we
do not use traditional NER tools here as they are
not tailored to work well on tables. Instead, for a
cell that does not contain hyperlinks, we match the
complete cell value with sentences that are closely
related to the table, sourced either from the same
page or a page containing a hyperlink pointing to
the current page. If the matched span in the sen-
tence contains a named entity, we consider the same
entity as being linked to the cell as well. Otherwise
we consider this cell as a unique entity in the table.
Please see Appendix A.1 for details about the
tools and resources we use.

3.2 Query-Evidence Pairing via DS

As described in Section 2, a standard QA sample is
composed of a question, an answer and evidence.
The model infers the relationship between the an-
swer and other entities in the question, and extracts
it from the evidence. In this work, we try to simu-
late such samples in pre-training. Given a sentence
with entities, it can be viewed as a question by
masking some entities as answers for prediction.
The key issue is then how to find evidence that
contains not only the answer entity, but also the
relational information for inference. Here we bor-
row the idea of distant supervision (Mintz et al.,
2009b).

Given a sentence as a query, we first extract pairs
of entities in it. For each entity pair, we then find
other sentences and tables that also contain the
same pair as evidence. Since we do not have the
known relation constraint in the original assump-
tion of distant supervision, we use the following
heuristics to collect evidence that has high quality
relational knowledge about the entities and is rel-
evant to the query. First, we only consider entity
pairs that contain at least one real-world entity. For
textual evidence, the entity pair needs to contain
the topic entity of the Wikipedia page, which is
more likely to have relations to other entities. For

https://nlp.johnsnowlabs.com/



Setting # queries #sent. #tab. # ent. pairs
Text-only 7.6M 8.4M - 5.5M
Hybrid 3.2M 43M 09M 6.0M

Table 1: Statistics about the pre-training data.

Setting All the same One different All different
Text-only 50% 30% 20%
Hybrid 60% 8% 32%

Table 2: Analysis of pre-training data quality with 50
examples for each setting. One different is when the
relation between the selected entities is different from
the relation expressed in the query sentence for of the
two pieces of evidence.

tabular evidence, we consider only entity pairs that
are in the same row of the table, but they do not
need to contain the topic entity, as in many cases
the topic entity is not present in the tables. In both
cases, the query and evidence should come from
the same page, or the query contains a hyperlink
pointing to the evidence page. For tabular evidence,
we also allow for the case where the table contains
a hyperlink pointing to the query page.

3.3 Pre-training Data Generation

Given the query-evidence pairs, a naive way to
construct pre-training examples is to sample a sin-
gle piece of evidence for the query, and mask a
shared entity as “answer”, as in Glass et al. (2020).
However, this only simulates simple single-hop
questions. In this work, we construct complex
pre-training examples that require the model to
conduct multi-hop reasoning. Here we draw inspi-
ration from how people constructed multi-hop QA
datasets. Take HotpotQA (Yang et al., 2018) as
an example. It first collected candidate evidence
pairs that contain two paragraphs (4, B), with a
hyperlink from A to B so that the topic entity of B
is a bridging entity that connects A and B. Crowd
workers then wrote questions based on each evi-
dence pair. Inspired by this process, we combine
multiple pieces of evidence in each pre-training
example and predict multiple masked entities si-
multaneously. The detailed process is described
below. Figure 1 shows two examples. For more
examples, please check Appendix A.1.

We start by sampling up to two entity pairs
from the query sentence and one piece of evidence
(sentence or table) for each entity pair. We then
mask one entity in each pair as the “answer” to
predict. The resulting pre-training examples fall
into three categories: (1) Two disjoint entity pairs

{(a,b), (c,d)} are sampled from the query, and
one entity from each pair, e.g., {a, ¢}, is masked.
This is similar to a combination of two single-
hop questions. (2) The two sampled entity pairs
{(a,b), (b,c)} share a common entity b, and b is
masked. The model needs to find two sets of enti-
ties that respectively satisfy the relationship with
a and ¢, and take an intersection (Type II in Hot-
potQA; see Ex. 1 in Figure 1). (3) The two sampled
entity pairs {(a, b), (b, c)} share a common entity
b, and {b, c} are masked. Here b is the bridging
entity that connects a and c. The model needs to
first identify b and then recover ¢ based on its rela-
tionship with b (Type I and Type III in HotpotQA;
see Ex. 2 in Figure 1). We also mask an entity
from the query that is not shown in the evidence to
simulate unanswerable cases. All sampling is done
randomly during pre-training.

3.4 Data Statistics and Analysis

We prepare pre-training data for two settings: (1)
one with only textual evidence (text-only) and (2)
the other including at least one piece of tabular
evidence in each sample (hybrid). Some statistics
of the collected data are summarized in Table 1.
For the text-only setting, we extract approximately
7.6M query sentences, each containing 2 entity
pairs that are matched with 3 different pieces of tex-
tual evidence on average. For the hybrid setting, we
select approximately 3.2M query sentences, each
containing 3.5 entity pairs, matched with 5.8 differ-
ent pieces of evidence on average.

We also conduct an analysis of the pre-training
data quality using 50 randomly sampled examples
from each setting. We compare the query sentence
and the evidence to see if they are expressing the
same relation between the selected entities. Results
are summarized in Table 2. We can see that in
both settings, almost 70% of the examples have
the desired characteristic that the evidence contains
useful relational knowledge for recovering missing
entities in the query sentence.

4 Pre-training

4.1 Encoder

For the text-only setting, we use the standard trans-
former encoder in BERT (Devlin et al., 2019).
For settings where the input contains tables, we
adopt the transformer variant recently introduced
in TAPAS (Herzig et al., 2020), which uses extra
token-type embeddings (indicating the row/column



position of a token) to model the table structure.

4.2 Span Reasoning Objective

Now we describe our span reasoning objective,
which can advance the reasoning capabilities of a
pre-trained model.

Given a sample collected for pre-training as de-
scribed in Section 3.3, we replace the masked enti-
ties A = {a1, ..., an} (n<3) in the query sentence
q with special [QUESTION] tokens. The task then
becomes recovering these masked entities from the
given evidence F (concatenation of the sampled ev-
idence). Specifically, we first concatenate ¢, E' and
add special tokens to form the input sequence as
[[CLS],q, [SEP], E], and get the contextualized
representation x with the encoder. Since we have
multiple entities in ¢ masked with [QUESTION],
for each a;, we use its associated [QUESTION]
representation as a dynamic query vector X, to
extract its start and end position s, e of a; in F (i.e.,

question-aware answer extraction).
exp (x;r Sxai)

> exp (X,ISX%)

exp (x;r Exaz)
- DL exp (xZExal)

Here S, E are trainable parameters. x,, is the
representation of special token [QUESTION] cor-
responding to a;; Xy, is the representation of the
k-th token in E. If no answer can be found in
the provided evidence, we set s, e to point to the
[CLS] token.

The span reasoning loss is then calculated as
follows:

Lsrp=— Y (logP (sa;|g, E) +1ogP (ea;|g, E)) (2)
a; €A

P(slg, E) =
(€Y
P(elq, E)

We name this objective as span reasoning, as
it differs from the span prediction/selection objec-
tives in existing pre-training work such as SpanBert
(Joshi et al., 2020), Splinter (Ram et al., 2021), and
SSPT (Glass et al., 2020) in the following ways:
(1) Unlike SpanBert and Splinter that use single
contiguous paragraph as context, where the models
may focus on local cues, we encourage the model
to do long-range contextualization by including
both query and evidence as input, which can come
from different passages, and recovering the masked
entities by grounding them on the evidence E. (2)
Unlike SSPT, we improve the model’s ability to
reason across multiple pieces of evidence by in-
cluding two disjoint pieces of evidence in a single
sample and scattering the answer entities among

MRQA HotpotQA NQTables HybridQA
# train 86136.5 88881 17112 62686
# dev - 1566 1901 3466
# test 9704 7405 1118 3463
# evidence 1 10 8.7 34.7
# tokens™ 374.9 89.1 289.6 156.3
has text/table vIX vIX X V4

Table 3: Dataset statistics. The statistics for MRQA are
averaged over all 6 datasets. # tokens* is the average
number of tokens per evidence.

them to mimic different types of reasoning chains.
(3) We mimic the scenario where a span cannot be
inferred based on the given contexts, by masking
entities in ¢ that do not appear in F, in which case
the model is trained to select the special [CLS]
token.

4.3 Final Objective

We also include the masked language modeling
(MLM) objective in pre-training to leverage other
tokens in the input that are not entities. In particular,
we randomly mask tokens that are not an entity
or token in the header row for tables, and use an
MLM objective to recover them. Following the
default parameters from BERT, we use a masking
probability of 15%.

The final loss is the sum of span reasoning loss
and masked language modeling loss. Following
previous work (Glass et al., 2020; Herzig et al.,
2020), we initialize with a pre-trained encoder, and
extend the pre-training with our objectives. For
the text part, we pre-train two models with BERT-
Base (denoted as ReasonBERTB) and RoBERTa-
Base (denoted as ReasonBERTR); for the table part,
we use TAPAS-Base (denoted as ReasonBERTT).
More implementation details of pre-training are
included in Appendix A.2.

5 Experiments

5.1 Datasets

We conduct experiments with a wide range of ex-
tractive QA datasets. Statistics are summarized in
Table 3.

MRQA (Fisch et al., 2019). A single-hop extrac-
tive QA benchmark that unifies various existing
QA datasets into the same format. Here we use the
in-domain subset that contains 6 datasets: SQuUAD
(Rajpurkar et al., 2016), NewsQA (Trischler et al.,
2017), TriviaQA (Joshi et al., 2017), SearchQA
(Dunn et al., 2017), HotpotQA (Yang et al., 2018)
and Natural Questions (Kwiatkowski et al., 2019).
Similar to Ram et al. (2021), we adapt these



Train. Size Model SQuAD  TriviaQA NQ NewsQA SearchQA  HotpotQA Average
BERT 9.9+0.6 15.4+1.3  20.5+1.5  6.5+1.2 16.8+1.2 9.6+1.6 13.1
RoBERTa 10.3+1.1 21.0431  22.5421  6.7+2.0 23.4+35 11.2+1.0 15.9
SpanBERT 157436  27.4+41 243+21  8.1+14 24.1+3.2 16.3+2.0 19.3
16 SSPT 10.8412  21.2+38 23.7+41  6.541.9 25.8+2.6 9.1+15 16.2
Splinter 16.7+59 239438 25.1+28 11.6+1.0  23.6+45 15.1+3.5 19.3
Splinter* 54.6 18.9 27.4 20.8 26.3 24.0 28.7
ReasonBERTs  33.2+40 37.2426 33.1+27 11.8+2.3 46.1+5.2 224428 30.6
ReasonBERTR  41.3+55 45.5458 33.6+39 16.24+32  45.8+45 34.1+2.9 36.1
BERT 215414  239+08 31.7x08 11.3+1.3 32.6+2.3 14.0+0.8 22.5
RoBERTa 48.8+42  36.0429 36.4+20 22.8+24  41.3+20 35.2+1.4 36.7
SpanBERT 61.2+47 48.846.6 38.8+2.6 31.0+53  50.0+3.7 44.0+2.3 45.7
128 SSPT 41.5450 30.3437 35.0424 14.0+3.6 42.8+3.5 23.743.4 31.2
Splinter 55.0+10.3 45.7+41 41.1+27 339428  48.8+37 46.9+7.1 45.2
Splinter* 72.7 44.7 46.3 43.5 47.2 54.7 515
ReasonBERTB 58.5+22  56.2+06 46.7+26 27.8+06  60.8+1.7 45.2+2.3 49.2
ReasonBERTrR  66.7+2.9  62.1+09 49.8+16 35.7+15  62.3+1.7 57.2+0.6 55.6
BERT 64.1+0.9 41.6+26 50.1+06 43.0+0.3 53.1+1.0 46.5+1.9 49.7
RoBERTa 779+05 622+13 60.3+06 55.0+0.5 67.5+0.8 63.4+0.8 64.4
SpanBERT 81.1+0.7  67.0+1.0 63.2+09 56.4+0.4 70.0+0.8 67.6+1.1 67.5
1024 SSPT 77.6+1.4  60.1+20 58.7+0.7 52.8+1.1 65.940.8 63.3+1.6 63.1
Splinter 79.8+35 67315 63.8+t05 54.6+14  68.9+03 68.4+1.2 67.1
Splinter* 82.8 64.8 65.5 57.3 67.3 70.3 68.0
ReasonBERTs  76.9+05 67.4405 63.6+06 52.2+05  70.6+0.6 67.8+0.5 66.4
ReasonBERTr  79.7+0.3  70.1+02 65.040.9 54.7+0.6 72.8+0.4 69.7+0.6 68.7
BERT 88.8 73.6 78.7 67.5 82.0 76.2 77.8
RoBERTa 92.0 78.1 80.6 71.9 85.2 79.1 81.2
SpanBERT 92.5 79.9 80.7 71.1 84.8 80.7 81.6
All SSPT 91.1 77.0 80.0 69.7 83.3 79.7 80.1
Splinter 924 79.7 80.3 70.8 84.0 80.6 81.3
Splinter* 92.2 76.5 81.0 71.3 83.0 80.7 80.8
ReasonBERTs 90.3 77.5 79.9 68.7 83.7 80.5 80.1
ReasonBERTRr 91.4 78.9 80.8 71.4 85.3 80.6 81.4

Table 4: Results on MRQA datasets. Best and Second Best results are highlighted. We report the average F1 score
over five runs for each dataset, and the macro-average of the six datasets. Splinter* is the result reported in the
original paper, where the authors use a deeper model with additional transformation layers on top of the encoder.

datasets to the few-shot setting by randomly sam-
pling smaller subsets from the original training set
for training, and use the original development set
for testing.

HotpotQA (Yang et al., 2018). A multi-hop QA
dataset that requires reasoning over multiple pieces
of evidence. Here we follow the distractor set-
ting, where 10 paragraphs are provided to answer a
question while only two of them contain relevant
information. We split 10% of the original train-
hard split for development, and use the original
development set for testing.

NQTables (Kwiatkowski et al., 2019). A subset of
the Natural Questions dataset, where at least one
answer to the question is present in a table. We ex-
tract 19,013 examples from the original training set
(307,373 examples) and split them with a 9:1 ratio
for training and development. The test set is then
created from the original development split (7,830

examples) and contains 1,118 examples. Here we
only keep tables from the original Wikipedia article
as evidence. Similar subsets are also used in Herzig
et al. (2021) and Zayats et al. (2021).
HybridQA (Chen et al., 2020). A multi-hop QA
dataset with hybrid contexts. Each example con-
tains a table and several linked paragraphs.

We adopt the evaluation script from MRQA3,
which evaluates the predicted answer using exact
match (EM) and token-level F1 metrics.

5.2 Baselines

BERT (Devlin et al., 2019). A deep transformer
model pre-trained with masked languge model
(MLM) and next sentence prediction objectives.

RoBERTa (Liu et al., 2019b). An optimized ver-
sion of BERT that is pre-trained with a larger text

3https ://github.com/mrga/
MRQA-Shared-Task—-2019



corpus.
SpanBERT (Joshi et al., 2020). A pre-training
method designed to better represent and predict
spans of text. It extends BERT by masking contigu-
ous random spans, and training the span boundary
representation to predict the entire masked span.
SSPT (Glass et al., 2020). A pre-training method
designed to improve question answering by train-
ing on cloze-like training instances. Unlike
ReasonBERT, SSPT only masks a single span in
the query sentence and predicts it based on an evi-
dence paragraph provided by a separate retriever.
Splinter (Ram et al., 2021). A pre-training method
optimized for few-shot question answering, where
the model is pre-trained by masking and predicting
recurring spans in a passage.

TAPAS (Herzig et al., 2020). A pre-training
method designed to learn representations for ta-
bles. The model is pre-trained with MLM on tables
and surrounding texts extracted from Wikipedia.

For fair comparison, in each task, we use the
same model architecture with different pre-trained
encoders, which is similar to the one used for
span reasoning in pre-training. We append the

[QUESTION] token to a question and construct
the input sequence the same way as in pre-training.
We then score all the start, end locations and rank
all spans (s, e) (See Eqn. 3 and 4 in Appendix). We
use a pre-trained encoder and learn the answer ex-
traction layers (S, E in Eqn. 1) from scratch during
fine-tuning.

Unless otherwise stated, we use the pre-trained
base version so that all models have similar capac-
ity (110M parameters for ReasonBERTz, 125M pa-
rameters for ReasonBERTR, and 111M parameters
for ReasonBERTT).

5.3 Few-shot Single-hop Text QA

We first experiment with the easier, single-hop
MRQA benchmark under the few-shot setting to
show that our pre-training approach learns general
knowledge that can be transferred to downstream
QA tasks effectively. Results are shown in Table 4.
We can see that ReasonBERT outperforms pre-
trained language models such as BERT, RoBERTa
and SpanBERT by a large margin on all datasets,
particularly with an average absolute gain of 20.3%
and 14.5% over BERT and RoBERTa respectively.
Compared with pre-training methods such as SSPT
and Splinter, ReasonBERT also shows superior per-
formance and obtains the best results on average.

Recall 1% Full

Model Top2 Top3 FI EM FlI EM
HGNROBERTa-Large - - - - 82.2

HGNBERT - - - - 74.8 -
BERT 924 969 398 286 719 579
RoBERTa 93.1 975 560 43.1 763 629
SpanBERT 936 977 565 441 763 629
SSPT 939 979 547 418 754 615
Splinter 941 979 570 442 765 625

ReasonBERTs 938 97.8 576 453 772 634
ReasonBERTr 940 98.0 63.1 502 78.1 648

Table 5: Results on HotpotQA.

® BERT 4 RoBERTa SSPT ¢ ReasonBERT(BERT)
* ReasonBERT(RoBERTa) ® SpanBERT ® Splinter
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Figure 2: Few-shot learning results on HotpotQA.

Under the full-data setting, ReasonBERT performs
competitively and all methods achieve similarly
high accuracy. We still demonstrate improvements
upon BERT and RoBERTa, and ReasonBERTR sec-
ond best average score.

5.4 Multi-hop Text QA

To demonstrate that our approach is useful in con-
ducting deep reasoning over multiple contexts, we
experiment with the HotpotQA dataset. Here we
design a simplified multi-hop QA model that first
selects relevant paragraphs as evidence, and then
extracts the answer from the top selected evidence.
Please see Appendix A.3 for implementation de-
tails. In addition to comparing ReasonBERT with
other pre-training methods using the same base
model, we also show results for HGN (Fang et al.,
2020), which is one of the top ranked models on
the HotpotQA leaderboard that uses a more sophis-
ticated model design.

Results are shown in Table 5. All models per-
form very well for evidence selection, with over
96% top 3 recall, but ReasonBERT still maintains a
slim lead over baselines. ReasonBERT provides a
5.3% improvement for BERT and a 1.8% improve-
ment for ROBERTa on overall F1 score, and outper-
forms all other pre-training methods. ReasonBERT
also outperforms the HGN model with BERT, but



Dev Test

Model FI EM Fl EM
RoBERTa 589 528 63.6 58.1
ReasonBERTR  61.9 564 663 60.9
TAPAS 649 57.8 659 596
ReasonBERTTr 69.2 63.5 72.5 67.3

Table 6: Results on NQTables.

is lower than the one using RoBERTa-Large, which
is probably due to simpler design and smaller size
of the model. We further experiment under the
few-shot setting. Here we focus on the QA perfor-
mance, so we reuse the evidence selector trained
with full data for each model, and train the QA
module with different fractions of training data. We
can see that the advantage of using ReasonBERT is
more obvious with limited training data. With 1%
of training data, ReasonBERTRr obtains F1 score
of 63.1%, a 7.1% absolute gain over RoBERTa.
Results for training the QA model with different
fraction of training data is shown in Figure 2. We
can see that ReasonBERT obtains larger gain under
the few-shot setting.

5.5 Table QA

We demonstrate our approach also works with
structured data such as tables using the NQTables
dataset. We first use a text based RoOBERTa encoder
as baseline, which linearizes a table as a text se-
quence, by concatenating tokens row by row and
separating cells with the [SEP] token. We then
experiment with the structure-aware encoder from
TAPAS and compare the pre-trained TAPAS en-
coder with the one pre-trained using ReasonBERT.
Results are shown in Table 6. First, we can see that
TAPAS outperforms RoBERTa by 2.3%, demon-
strating the importance of modeling the table struc-
ture. ReasonBERTR slightly outperforms TAPAS
on test set, but ReasonBERTT further boosts F1 to
72.5%, resulting in at least 6.6% absolute gains
over existing methods. Results for training the Ta-
ble QA model with different fractions of training
data are shown in Figure 3. ReasonBERTT con-
sistently outperforms TAPAS while ReasonBERTr
gradually matches the performance of TAPAS with
the increasing of training data.

5.6 Hybrid QA

We further evaluate our approach on HybridQA, a
multi-hop question answering dataset using both
text and tables as evidence. Chen et al. (2020) pro-
poses a baseline model HYBRIDER that divides

¢ ReasonBERT(TAPAS) = TAPAS
4 ReasonBERT(RoBERTa)

RoBERTa

80 +

60 +

F1

40 4

20

1% 5% 10% 25% 50% 100%
Fraction of Training Data

Figure 3: Few-shot learning results on NQTables.

Model Cell Selection Dev Test
Topl Top2 F1 EM Fl1 EM
HYBRIDERBERT-Base - - 50.9 437 502 425

HYBRIDERBERT-Large ~ 68.5 - 50.7 44.0 50.6 43.8
TAPAS+RoBERTa 733 797 640 573 633 56.1
ReasonBERT 761 813 672 603 653 58.0

Table 7: Results on HybridQA.

the problem into four tasks: linking, ranking, hop-
ping and reading comprehension. We follow their
design but simplify the model by merging ranking
and hopping into a single cell selection task. We
use the linking results from Chen et al. (2020), and
then train a table based cell selector to select the
cell which is the answer or is linked to the passage
that contains the answer. Finally, we train a text
based QA model to extract the final answer by tak-
ing the table snippet that contains the selected cell,
and concatenating it with the hyperlinked passage
as evidence. Please see Appendix A.3 for imple-
mentation details. Results are shown in Table 7.
First, we can see that our simplified architecture
works surprisingly well, with TAPAS for cell selec-
tion and RoBERTa for QA, we already outperform
HYBRIDER. The performance is further improved
by replacing the encoders with ReasonBERTT and
ReasonBERTR, and substantially outperforms the
best model on the leaderboard (52.04 EM) at the
time of submission.

6 Ablation Study

We further conduct ablation studies on HotpotQA
to verify our design choices, summarized in Ta-
ble 8. Here we remove different components of
ReasonBERTR and test them under both the full-
data and few-shot setting (with 1024 examples).
To save computing resources, here all models are
pre-trained with 5 epochs. We can see that com-
bining multiple pieces of evidence and predicting



1024 Full
Model FI EM Fl EM
ReasonBERTR 652 52.8 79.2 658
-MLM 63.7 51.3 777 64.0
— Unanswerable Ent. 644 51.8 784 65.0
— Multiple Evidences 60.8 48.6 77.8 64.5

Table 8: Ablation study on HotpotQA.

multiple masked spans simultaneously brings the
most gain, especially under the few-shot setting.
This is probably because the setting allows us to
simulate complex reasoning chains and encourage
the model to do deep reasoning. Masking unan-
swerable entities and utilizing MLM also help to
improve performance.

7 Related Work

Language Model Pre-training. Contextualized
word representations pre-trained on large-scale un-
labeled text corpus have been widely used in NLP
lately. Most prevalent approaches are variants of
pre-trained language models such as BERT (De-
vlin et al., 2019) and RoBERTa (Liu et al., 2019b).
More recently, self-supervised pre-training has also
shown promising results on modalities other than
plain text, such as tables (Herzig et al., 2020;
Deng et al., 2020; Iida et al., 2021), knowledge
bases (Zhang et al., 2019; Peters et al., 2019) and
image-text (Su et al., 2020). Meanwhile, there has
also been work that uses pre-training to accommo-
date specific needs of downstream NLP tasks, such
as open-domain retrieval (Guu et al., 2020), repre-
senting and predicting spans of text (Joshi et al.,
2020) and semantic parsing (Yu et al., 2020; Deng
etal., 2021).

Machine Reading Comprehension. Machine
reading comprehension (MRC) or extractive QA
has become an important testbed for natural lan-
guage understanding evaluation (Fisch et al., 2019).
The conventional method to train an MRC model
usually relies on large-scale supervised training
data (Chen et al., 2017; Zhang et al., 2020). Re-
cently, more and more work has focused on de-
veloping self-supervised methods that can reduce
the need for labeled data for more efficient domain
adaptation, while achieving the same or even better
performance. One direction is question genera-
tion (Pan et al., 2021), which automatically gener-
ates questions and answers from unstructured and
structured data sources using rules or neural gener-
ators. Recent work also tries to directly simulate
questions with cloze-like query sentences. Splin-

ter (Ram et al., 2021) proposes to pre-train the
model by masking and predicting recurring spans.
However, this limits the query and context to come
from the same passage. In contrast, SSPT (Glass
et al., 2020) also pre-trains with a span selection
objective, but uses a separate document retriever to
get relevant paragraphs as context.

Our work is most related to SSPT, but uses dis-
tant supervision to collect query-evidence pairs and
thus obviate the need for a retriever. Meanwhile, to
encourage the model to learn complex reasoning,
we mimic different types of reasoning chains by
masking multiple entities, including unanswerable
ones, and simultaneously inferring them from dis-
joint pieces of evidence. Our method also works
with heterogeneous sources including both text and
tables, while most existing work considers only
text-based question answering.

8 Conclusion and Future Work

We propose ReasonBERT, a novel pre-training
method to enhance the reasoning ability of lan-
guage models. The resulting model obtains sub-
stantial improvements on multi-hop and hybrid QA
tasks that require complex reasoning, and demon-
strates superior few-shot performance. In the fu-
ture, we plan to use our query-evidence pairs col-
lected by distant supervision to improve the re-
trieval performance for open-domain QA, as well
as empower ReasonBERT to handle more types of
reasoning, like comparison and numeric reasoning,
in natural language understanding.
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A Implementation Details

A.1 Pre-training Data Details

We extract paragraphs from Wikipedia XML
dump* use JWPL? and tables use wikitextparser®.
The paragraphs are then processed with SparkNLP’
for sentence boundary detection and named entity
recognition.

Table 9 and Table 10 show some examples of the
query-evidence pairs we collected for pre-training.
The selected entities are underlined. During pre-
training, we will mask some of the entities in the
query and recover them based on the evidence. As
the pre-training data is collected via distant supervi-
sion, it contains some noise. Here we also include
some bad examples where the evidence does not
express the same relation between the selected en-
tities as the query sentence (highlighted in red).

A.2 Pre-training Details

We set the max length of query sentences to 100
tokens and the max length of single piece of evi-
dence to 200 if there are two evidence selections or
400 if there is only one. For textual evidence, we
include the neighbouring sentences from the same
paragraph as extra context for the selected evidence
sentence and clip to the max evidence length. For
tabular evidence, we take a snippet of the original
table, and truncate the cells to 20 tokens. We al-
ways keep the first row and column in the table, as
they often contain important information such as
headers and subject entities. Based on the selected
entity pair, we sample up to 5 columns and include
as many rows as possible until reaching the budget.

We initialize our encoder with BERT-Base® and
RoBERTa-Base’ for the text part, and TAPAS-
base!? for the table part. We train ReasonBERT
using AdamW (Loshchilov and Hutter, 2019) for
10 epochs with batches of 256 sequences of length
512; this is approximately 290k steps with text-
only data, and 120k steps with hybrid data. We
base our implementation on Huggingface Trans-
formers (Wolf et al., 2020), and train on a single

*nttps://dumps.wikimedia.org/
Shttps://dkpro.github.io/dkpro-jwpl/
Shttps://github.com/579/wikitextparser
"https://nlp.johnsnowlabs.com/
$https://huggingface.co/
bert-base-uncased/tree/main
‘https://huggingface.co/roberta-base/
tree/main
Yhttps://huggingface.co/google/
tapas-base/tree/no_reset

eight-core TPU on the Google Cloud Platform.

A.3 Fine-tuning Details

To extract the answer span from given evidence,
we score all the start, end locations and rank all
spans (s, e) by g(s, e|q, E) as follows:

fstart = X;r Sxq, fenda = X:Exq 3
9(s;€lq, E) = fstart(slq, E) 4
+ fend(e‘% E)
— fstart([CLS]|q, E)
— fena(ICLS]|g, E)

For all fine-tuning experiments, we set the batch
size to 20 and use a maximal learning rate of 5 -
1075, which warms up in the first 10% of the steps,
and then decays linearly. We use the development
set for model selection if it is present, otherwise
we use the last model checkpoint.

Single-hop text QA. We split the text sequence to
fit the max input length by sliding a window with a
stride of 128 tokens.

For the few-shot setting, we fine-tune the model

for either 10 epochs or 200 steps (whichever is
larger). For the fully supervised setting, we fine-
tune the model for 2 epochs.
Multi-hop text QA. We design a simplified multi-
hop QA model that first selects relevant paragraphs
as evidence, and then extracts the answer from the
selected evidence samples. Specifically, we first
generate all possible paragraphs by sliding a 200-
token window over all articles with a stride of 128
tokens. We then train an evidence selector to pick
the top 3 evidence samples. As the information for
answering a question in HotpotQA is scattered in
two articles, we list all possible combinations of
paragraphs that come from two different articles
and concatenate them together to form the final
evidence. We then use the base QA model to extract
the answer based on the question and the combined
evidence.

We fine-tune the evidence selector model for 2
epochs, and the QA model for 5 epochs with full
data. For the few-shot setting, we fine-tune the QA
model for 10 epochs with 1&, 5% and 10% of the
training data, and for 5 epochs with 25% and 50%
of the training data.

Table QA. For the text based model, We split the
text sequence to fit the max input length by sliding
a window with a stride of 128 tokens. For the table
based model, we truncate each cell to 50 tokens,



and split the table into snippets horizontally. Same
as pre-training, we include the first row and column
in each table snippet.

We fine-tune the model for 5 epochs with full

data. For the few-shot setting, we fine-tune the QA
model for 10 epochs with 1&, 5% and 10% of the
training data, and for 5 epochs with 25% and 50%
of the training data.
Hybrid QA. Chen et al. (2020) proposes a baseline
model that divides the problem into four tasks: 1)
linking: link questions to their corresponding cells
using heuristics. 2) ranking: rank the linked cells
use a neural model. 3) hopping: based on the cell
selected in the last step, decide which neighboring
cell or itself contains the final answer. 4) reading
comprehension: extract the answer from the pre-
dicted cell or its linked paragraph. We follow their
design and simplify the model by merging ranking
and hopping into a single cell selection task. We
use the linking results from Chen et al. (2020). For
each linked cell, we take a snippet out of the origi-
nal table including the headers, the entire row of the
linked cell, and concatenate the evidence sentence
to the cell if it is linked through the hyperlinked pas-
sage. To select the cell, we train the model to select
separately on the token, row and column level, and
aggregate the final scores . More specifically, we
calculate the probability of selecting on the token
and row level as follows:

exp (x;r Sxai)
> exp (x; Sxa,)

Scell = meally; ccell <X7TRX(L> (5)

P(tlq, E) =

exp (maXCSUET] Scell)

> exp (maxcenery, Sceil)

P(Ta:j|q7E):

Here S is the weight matrix of the token selection
header, we only consider the first token in each cell,
and ¢ is the first token of the selected cell. R is
the weight matrix of row selection header, and the
column selection probability is calculated similarly
with another column selection header. We first
score each cell by averaging over all tokens in that
cell. We then do a max pooling over all cells in
the row or column so the model can focus on the
strongest signal, for example the column header.
The final probability of selecting a cell is the sum
of token, row and column scores.

The input for the QA model then contains the
header of the table, the row of the selected cell, and
the hyperlinked passage.

We fine-tune the cell selection model for 2
epochs and the QA model for 3 epochs.



Query

Evidence

"I Thought I Lost You" was nominated
for Broadcast Film Critics Association
Award for Best Song and Golden Globe
Award for Best Original Song, but lost
both to Bruce Springsteen’s
"The Wrestler" from The Wrestler
(2008).

On January 11, 2009, Springsteen won the Golden Globe Award
for Best Song for "The Wrestler", from the Darren Aronofsky
film by the same name.

"I Thought I Lost You" was nominated for the Broadcast Film
Critics Association Award for Best Song at the 14th Broadcast
Film Critics Association Award, but lost to Bruce Springsteen’s
"The Wrestler" from The Wrestler (2008).

Film critic Roger Ebert compared it to
John Carpenter’s Halloween, noting:
"Blue Steel" is a sophisticated update
of Halloween, the movie that first made
Jamie Lee Curtis a star.

Historian Nicholas Rogers notes that film critics contend that
Carpenter’s direction and camera work made Halloween a "re-
sounding success." Roger Ebert remarks, ...

Since Jamie Lee Curtis, the main actress from the original and
the sequel Halloween II (1981), wanted to reunite the cast and
crew of the original film, she asked Carpenter to direct Hal-
loween H20: 20 Years Later.

A hybrid disc is an optical disc that
has multiple file system installed on it,
typically ISO 9660 and HFS+ (or HF'S
on older discs).

Hierarchical File System ( HFS ) is a proprietary file system
developed by Apple Inc. for use in computer systems running
Mac OS.

IS0 9660 is a file system for optical disc media. Being sold by
the International Organization for Standardization (ISO) the file
system is considered an international technical standard.

After 1709 , the heads of the

House of Orleans branch of

the House of Bourbon ranked as the
prince of the Blood — this meant that
the dukes could be addressed as
Monsieur le Prince (a style they did not,
however, use).

From 1709 until the French Revolution, the Orleans dukes were
next in the order of succession to the French throne after members
of the senior branch of the House of Bourbon, descended from
Louis XIV.

Restored briefly in 1814 and definitively in 1815 after the fall of
the First French Empire, the senior line of the Bourbons was
finally overthrown in the July Revolution of 1830. A cadet
Bourbon branch, the House of Orleans, then ruled for 18 years
(1830-1848), until it too was overthrown.

The Citroen C6 is an executive car
produced by the French car maker
Citroen from 2005 to 2012.

The C6 was aimed as a stylish alternative to executive cars, like
the BMW 5 Series and the Audi A6, and it has been described
as "spaceship that rides on air", "charmingly idiosyncratic" and
"refreshingly different".

In 2012, Citroen announced plans to enter the World Touring
Car Championship. The team transformed a DS3 WRC into a

laboratory vehicle to help with early development, while ...

Leaving the Market Street subway at
Ferry Portal heading south, the T Third
Street follows The Embarcadero south
of Market Street, then veers onto King
Street in front of Oracle Park until it
reaches the Caltrain station terminal.

the 4th & King Caltrain station is 1.5 blocks from the stadium,
and the Oracle Park Ferry Terminal is outside the east edge of
the ballpark beyond the center field bleachers.

the southwestern end of the Market Street subway connects to
the much-older Twin Peaks Tunnel, and the northeastern end
connects to surface tracks along the The Embarcadero.

Table 9: Pre-training data examples, text-only setting.



Query

Evidence

Rowland Barran (7 August 1858 — 6
August 1949) was an English Liberal
Party politician and Member of
Parliament.

Rowland Barran was the

youngest son of Sir John Barran, a

pioneer in clothing manufacture and Member of Parliament for

Leeds and Otley.
Year Member Party
1885 William Jackson Conservative
1902 Rowland Barran Liberal
1918 Alexander Coalition Liberal
Farquharson

"It Ain’t Over til It’s Over" is a song
recorded, written, and produced by

Retrieved on August 19,

2007. Kravitz’s biggest single yet,

"It Ain’t Over ’til It’s Over", went to number 2 on the Billboard

American musician Lenny Kravitz for ~ Hot 100.
his second studio album, Mama Said -
Act Order Song Rock Artist
(1991).
In Stereo 4 Demons Imagine Drag-
ons
Cyrus 5 It Ain’t Over Lenny Kravitz
Villanueva til It’s Over
Michaela 6 Wild Horses The Rolling
Baranov Stones
Ronnie Bremer raced the first five
races of the season with Place  Name Team
Brooks Associates Racing, before 5 Ronnie Bremer  Brooks Associates Racing
moving to Polestar Motor Racing. 6 Bryan Sellers Lynx Racing
9 Jonathan Transnet Racing
Bomarito
Donovan also appeared in the 1980 -
film Breaker Morant, but in a Title Year Role
subsidiary role, rather than as the title Cop Shop (TV series)  1978-  Detective Sgt. Vic
character. 1980
Breaker Morant 1980  Captain Simon Hunt
Smash Palace 1981 Traffic Officer

Try a Little Kindness is the sixteenth
album by American singer/guitarist
Glen Campbell, released in 1970.

At the height of his popularity, a /1970 biography by Freda
Kramer, The Glen Campbell Story, was published.

Day Album Artist Notes
1 On the Boards Taste -
26 Chicago Chicago aka Chicago II
- Try a Little Glen Campbell -
Kindness

Table 10: Pre-training data examples, hybrid setting.
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ABSTRACT

Relational tables on the Web store a vast amount of knowledge.
Owing to the wealth of such tables, there has been tremendous
progress on a variety of tasks in the area of table understanding.
However, existing work generally relies on heavily-engineered task-
specific features and model architectures. In this paper, we present
TURL, a novel framework that introduces the pre-training/fine-
tuning paradigm to relational Web tables. During pre-training, our
framework learns deep contextualized representations on relational
tables in an unsupervised manner. Its universal model design with
pre-trained representations can be applied to a wide range of tasks
with minimal task-specific fine-tuning.

Specifically, we propose a structure-aware Transformer encoder
to model the row-column structure of relational tables, and present
a new Masked Entity Recovery (MER) objective for pre-training to
capture the semantics and knowledge in large-scale unlabeled data.
We systematically evaluate TURL with a benchmark consisting of
6 different tasks for table understanding (e.g., relation extraction,
cell filling). We show that TURL generalizes well to all tasks and
substantially outperforms existing methods in almost all instances.
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1 INTRODUCTION

Relational tables are in abundance on the Web and store a large
amount of knowledge, often with key entities in one column and
attributes in the others. Over the past decade, various large-scale
collections of such tables have been aggregated [4, 6, 7, 25]. For
example, Cafarella et al. [6, 7] reported 154M relational tables out of
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National Film Award for Best Direction }~ page fitle &
topic entity

|—> section title

| List of award recipients, showing the year, film and language |—> caption

From Wikipedia, the free encyclopedia

| Winners |[edt]

|Year[b] Recipient ¢ Film 4 Language ¢ Ref
headers
Satyaijit Ray Chiriyakhana Bengali 13
. - entity
Satyajit Ray Goopy Gyne Bagha Byne|| Bengali (4]
Mrinal Sen Bhuvan Shome Hindi &
Satyajit Ray Pratidwandi Bengali [16) object
columns

subject column (year here are linked to specific events)

Figure 1: An example of a relational table from Wikipedia.

a total of 14.1 billion tables in 2008. More recently, Bhagavatula et al.
[4] extracted 1.6M high-quality relational tables from Wikipedia.
Owing to the wealth and utility of these datasets, various tasks such
as table interpretation [4, 16, 29, 35, 47, 48], table augmentation
[1, 6, 12, 42, 45, 46], etc., have made tremendous progress in the
past few years.

However, previous work such as [4, 45, 46] often rely on heavily-
engineered task-specific methods such as simple statistical/language
features or straightforward string matching. These techniques suf-
fer from several disadvantages. First, simple features only capture
shallow patterns and often fail to handle the flexible schema and
varied expressions in Web tables. Second, task-specific features and
model architectures require effort to design and do not generalize
well across tasks.

Recently, the pre-training/fine-tuning paradigm has achieved
notable success on unstructured text data. Advanced language mod-
els such as BERT [15] can be pre-trained on large-scale unsuper-
vised text and subsequently fine-tuned on downstream tasks using
task-specific supervision. In contrast, little effort has been extended
to the study of such paradigms on relational tables. Our work fills
this research gap.

Promising results in some table based tasks were achieved by the
representation learning model of [13]. This work serializes a table
into a sequence of words and entities (similar to text data) and learns
embedding vectors for words and entities using Word2Vec [28].
However, [13] cannot generate contextualized representations, ie.,
it does not consider varied use of words/entities in different contexts



and only produces a single fixed embedding vector for word/entity.
In addition, shallow neural models like Word2Vec have relatively
limited learning capabilities, which hinder the capture of complex
semantic knowledge contained in relational tables.

We propose TURL, a novel framework for learning deep contex-
tualized representations on relational tables via pre-training in an
unsupervised manner and task-specific fine-tuning.

There are two main challenges in the development of TURL:
(1) Relational table encoding. Existing neural network encoders are
designed for linearized sequence input and are a good fit with un-
structured texts. However, data in relational tables is organized
in a semi-structured format. Moreover, a relational table contains
multiple components including the table caption, headers and cell
values. The challenge is to develop a means of modeling the row-
and-column structure as well as integrating the heterogeneous
information from different components of the table. (2) Factual
knowledge modeling. Pre-trained language models like BERT [15]
and ELMo [31] focus on modeling the syntactic and semantic char-
acteristics of word use in natural sentences. However, relational
tables contain a vast amount of factual knowledge about entities,
which cannot be captured by existing language models directly. Ef-
fectively modelling such knowledge in TURL is a second challenge.

To address the first challenge, we encode information from dif-
ferent table components into separate input embeddings and fuse
them together. We then employ a structure-aware Transformer [38]
encoder with masked self-attention. The conventional Transformer
model is a bi-directional encoder, so each element (i.e., token/entity)
can attend to all other elements in the sequence. We explicitly model
the row-and-column structure by restraining each element to only
aggregate information from other structurally related elements. To
achieve this, we build a visibility matrix based on the table structure
and use it as an additional mask for the self-attention layer.

For the second challenge, we first learn embeddings for each
entity during pre-training. We then model the relation between
entities in the same row or column with the assistance of the visi-
bility matrix. Finally, we propose a Masked Entity Recovery (MER)
pre-training objective. The technique randomly masks out enti-
ties in a table with the objective of recovering the masked items
based on other entities and the table context (e.g., caption/header).
This encourages the model to learn factual knowledge from the ta-
bles and encode it into entity embeddings. In addition, we utilize
the entity mention by keeping it as additional information for a
certain percentage of masked entities. This helps our model build
connections between words and entities . We also adopt the Masked
Language Model (MLM) objective from BERT, which aims to model
the complex characteristics of word use in table metadata.

We pre-train our model on 570K relational tables from Wikipedia
to generate contextualized representations for tokens and entities
in the relational tables. We then fine-tune our model for specific
downstream tasks using task-specific labeled data. A distinguishing
feature of TURL is its universal architecture across different tasks
- only minimal modification is needed to cope with each down-
stream task. To facilitate research in this direction, we compiled a
benchmark that consists of 6 diverse tasks, including entity link-
ing, column type annotation, relation extraction, row population,
cell filling and schema augmentation. We created new datasets

Table 1: Summary of notations for our table data.

Symbol Description

A relational table T = (C, H, E, e;)

Table caption (a sequence of tokens)
Table schema H = {hy, ..., hi, ..., h;n }

A column header (a sequence of tokens)
Columns in table that contains entities
e; The topic entity of the table e; = (ef, e;")
e An entity cell e = (€€, e™)

ST O

in addition to including results for existing datasets when pub-
licly available. Experimental results show that TURL substantially
outperforms existing task-specific and shallow Word2Vec based
methods.

Our contributions are summarized as follows:

o To the best of our knowledge, TURL is the first framework
that introduces the pre-training/fine-tuning paradigm to
relational Web tables. The pre-trained representations along
with the universal model design save tremendous effort on
engineering task-specific features and architectures.

e We propose a structure-aware Transformer encoder to model
the structure information in relational tables. We also present
a novel Masked Entity Recovery (MER) pre-training objec-
tive to learn the semantics as well as the factual knowledge
about entities in relational tables.

o To facilitate research in this direction, we present a bench-
mark that consists of 6 different tasks for table interpretation
and augmentation. We show that TURL generalizes well to
various tasks and substantially outperforms existing models.
Our source code, benchmark, as well as pre-trained models
will be available online.

2 PRELIMINARY

We now present our data model and give a formal task definition:

In this work, we focus on relational Web tables and are most
interested in the factual knowledge about entities. Each table T € 7~
is associated with the following: (1) Table caption C, which is a
short text description summarizing what the table is about. When
the page title or section title of a table is available, we concatenate
these with the table caption. (2) Table headers H, which define the
table schema; (3) Topic entity e;, which describes what the table is
about and is usually extracted from the table caption or page title;
(4) Table cells E containing entities. Each entity cell e € E contains
a specific object with a unique identifier. For each cell, we define
the entity as e = (e, e™), where €€ is the specific entity linked to
the cell and e™ is the entity mention (i.e., the text string).

(C,H, e;) is also known as table metadata and E is the actual
table content. Notations used in the data model are summarized in
Table 1.

Explicitly, we study the unsupervised representation learning
on relational Web tables, which is defined as follows.

Definition 2.1. Given a relational Web table corpus, our repre-
sentation learning task aims to learn in an unsupervised manner a
task-agnostic contextualized vector representation for each token
in all table captions C’s and headers H’s and for each entity (i.e., all
entity cells E’s and topic entities e;’s).



3 RELATED WORK

Representation Learning. The pre-training/fine-tuning paradigm
has drawn tremendous attention in recent years. Extensive effort
has been devoted to the development of unsupervised representa-
tion learning methods for both unstructured text and structured
knowledge bases, which in turn can be utilized for a wide variety
of downstream tasks via fine-tuning.

Earlier work, including Word2Vec [28] and GloVe [30], pre-train
distributed representations for words on large collections of doc-
uments. The resulting representations are widely used as input
embeddings and offer significant improvements over randomly ini-
tialized parameters. However, pre-trained word embeddings suffer
from word polysemy: they cannot model varied word use across
linguistic contexts. This complexity motivated the development of
contextualized word representations [15, 31, 43] . Instead of learning
fixed embeddings per word, these works construct language mod-
els that learn the joint probabilities of sentences. Such pre-trained
language models have had huge success and yield state-of-the-art
results on various NLP tasks [39].

Similarly, unsupervised representation learning has also been
adopted in the space of structured data like knowledge bases (KB)
and databases. Entities and relations in KB have been embedded into
continuous vector spaces that still preserve the inherent structure
of the KB [37]. These entity and relation embeddings are utilized
by a variety of tasks, such as KB completion [5, 40], relation ex-
traction [34, 41], entity resolution [18], etc. Similarly, [17] learned
embeddings for heterogeneous data in databases and used it for
data integration tasks.

More recently, there has been a corpus of work incorporating
knowledge information into pre-trained language models [32, 49].
ERNIE [49] injects knowledge base information into a pre-trained
BERT model by utilizing pre-trained KB embeddings and a de-
noising entity autoencoder objective. The experimental results
demonstrate that knowledge information is extremely helpful for
tasks such as entity linking, entity typing and relation extraction.

Despite the success of representation learning on text and KB,
few works have thoroughly explored contextualized representation
learning on relational Web tables. Pre-trained language models are
directly adopted in [26] for entity matching. Two recent papers
from the NLP community [20, 44] study pre-training on Web tables
to assist in semantic parsing or question answering tasks on tables.
In this work, we introduce TURL, a new methodology for learning
deep contextualized representations for relational Web tables that
preserve both semantic and knowledge information. In addition,
we conduct comprehensive experiments on a much wider range of
table-related tasks.

Table Interpretation. The Web stores large amounts of knowl-
edge in relational tables. Table interpretation aims to uncover the
semantic attributes of the data contained in relational tables, and
transform this information into machine understandable knowl-
edge. This task is usually accomplished with help from existing
knowledge bases. In turn, the extracted knowledge can be used for
KB construction and population.

There are three main tasks for table interpretation: entity link-
ing, column type annotation and relation extraction [4, 47]. Entity
linking is the task of detecting and disambiguating specific entities

mentioned in a table. Since relational tables are centered around
entities, entity linking is a key step for table interpretation, and
a fundamental component to many table-related tasks [47]. [4]
employed a graphical model, and used a collective classification
technique to optimize a global coherence score for a set of entities
in a table. [35] presented the T2K framework, which is an iterative
matching approach that combines both schema and entity matching.
More recently, [16] introduced a hybrid method that combines both
entity lookup and entity embeddings, which resulted in superior
performance on various benchmarks.

Column type annotation and relation extraction both work with
table columns. The former aims to annotate columns with KB types
while the latter intends to use KB predicates to interpret relations
between column pairs. Prior work has generally coupled these two
tasks with entity linking [29, 35, 48]. After linking cells to entities,
the types and relations associated with the entities in KB can then
be used to annotate columns. In recent work, column annotation
without entity linking has been explored [10, 11, 21]. These works
modify text classification models to fit relational tables and have
shown promising results. Moreover, relation extraction on web
tables has also been studied for KB augmentation [8, 14, 36].

Table Augmentation. Tables are a popular data format to organize
and present relational information. Users often have to manually
compose tables when gathering information. It is desirable to offer
some intelligent assistance to the user, which motivates the study
of table augmentation [45]. Table augmentation refers to the task of
expanding a seed query table with additional data. Specifically, for
relational tables this can be divided into three sub-tasks: row pop-
ulation for retrieving entities for the subject column [12, 45], cell
filling that fills the cell values for given subject entities [1, 42, 46]
and schema augmentation that recommends headers to complete
the table schema [6, 45]. For row population tasks, [12] searches
for complement tables that are semantically related to seed entities
and the top ranked tables are used for population. [45] further in-
corporates knowledge base information with a table corpus, and
develops a generative probabilistic model to rank candidate enti-
ties with entity similarity features. For cell filling, [42] uses the
query table to search for matching tables, and extracts attribute
values from those tables. More recently, [46] proposed the CellAu-
toComplete framework that makes use of a large table corpus and
a knowledge base as data sources, and incorporates preprocessing,
candidate value finding, and value ranking components. In terms
of schema augmentation, [6] tackles this problem by utilizing an
attribute correlation statistics database (ACSDDb) collected from a
table corpus. [45] utilizes a similar approach to the row population
techniques and ranks candidate headers with sets of features.

Existing benchmarks. Several benchmarks have been proposed
for table interpretation: (1) T2Dv2 [25] proposed in 2016 contains
779 tables from various websites. It contains 546 relational ta-
bles, with 25119 entity annotations, 237 table-to-class annotations
and 618 attribute-to-property annotations. (2) Limaye et al. [27]
proposed a benchmark in 2010 which contains 296 tables from
Wikipedia. It was used in [16] for entity linking, and was also used
in [11] for column type annotation. (3) Efthymiou et al. [16] cre-
ated a benchmark (referred to as “WikiGS” in our experiments)
that includes 485,096 tables from Wikipedia. WikiGS was originally
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Figure 2: Overview of our TURL framework.
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used for entity linking with 4,453,329 entity matches. [11] further
annotated a subset of it containing 620 entity columns with 31 DB-
pedia types and used it for column type annotation. (4) The recent
SemTab 2019 [23] challenge also aims at benchmarking systems
that match tabular data to KBs, including three tasks, i.e., assigning
a semantic type to an column, matching a cell to an entity, and
assigning a property to the relationship between two columns. It
used sampled tables from T2Dv2 [25] and WikiGS [16] in the first
two rounds, and automatically generated tables in later rounds.

In contrast to table interpretation, few benchmarks have been
released for table augmentation. Zhang et al. [45] studied row
population and schema augmentation with 2000 randomly sam-
pled Wikipedia tables in total for validation and testing. [46] cu-
rated a test collection with 200 columns containing 1000 cells from
Wikipedia tables for evaluating cell filling.

Although these benchmarks have been used in various recent
studies, they still suffer from a few shortcomings: (1) They are
typically small sets of sampled tables with limited annotations. (2)
SemTab 2019 contains a large number of instances; however, most
of them are automatically generated and lack metadata/context of
the Web tables. In this work, we compile a larger benchmark cover-
ing both table interpretation and table augmentation tasks. We also
use some of these existing datasets for more comprehensive evalu-
ation. By leveraging large-scale relational tables on Wikipedia and
a curated KB, we ensure both the size and quality of our dataset.

4 METHODOLOGY

In this section, we introduce our TURL framework for unsupervised
representation learning on relational tables. TURL is first trained on
an unlabeled relational Web table corpus with pre-training objec-
tives carefully designed to learn word semantics as well as relational
knowledge between entities. The model architecture is general and
can be applied to a wide range of downstream tasks with minimal
modifications. Moreover, the pre-training process alleviates the
need for large-scale labeled data for each downstream task.

4.1 Model Architecture

Figure 2 presents an overview of TURL which consists of three
modules: (1) an embedding layer to convert different components of
an input table into input embeddings, (2) N stacked structure-aware
Transformer [38] encoders to capture the textual information and
relational knowledge, and (3) a final projection layer for pre-training
objectives. Figure 3 shows an input-output example.

4.2 Embedding Layer

Given a table T=(C, H, E, e;), we first linearize the input into a
sequence of tokens and entity cells by concatenating the table meta-
data and scanning the table content row by row. The embedding
layer then converts each token in C and H and each entity in E and
e; into an embedding representation.
Input token representation. For each token w, its vector repre-
sentation is obtained as follows:
X=w+t+ P (1)

Here w is the word embedding vector, t is called the type em-
bedding vector and aims to differentiate whether token w is in the
table caption or a header, and p is the position embedding vector
that provides relative position information for a token within the
caption or a header.
Input entity representation. For each entity cell e = (¢, e™) (
same for topic entity e;), we fuse the information from the linked
entity e® and entity mention e™ together, and use an additional type
embedding vector t¢ to differentiate three types of entity cells (i.e.,
subject/object/topic entities). Specifically, we calculate the input
entity representation x© as:

x® = LINEAR([e%;e™]) +t&; 2
e™ = MEAN(W{, W2,...,Wj,...). (3)

Here €€ is the entity embedding learned during pre-training. To
represent entity mention e™, we use its average word embedding
w;’s. LINEAR is a linear layer to fuse e and e™.

A sequence of token and entity representations (x'’s and x®’s)
are then fed into the next module of TURL, a structure-aware Trans-
former encoder, which will produce contextualized representations.

4.3 Structure-aware Transformer Encoder

We choose Transformer [38] as our base encoder block, since it
has been widely used in pre-trained language models [15, 33] and
achieves superior performance on various natural language process-
ing tasks [39]. Due to space constraints, we only briefly introduce
the conventional Transformer encoder and refer readers to [38]
for more details. Finally, we present a detailed explanation on our
proposed visibility matrix for modeling table structure.

Each Transformer block is composed of a multi-head self-attention
layer followed by a point-wise, fully connected layer [38]. Specifi-
cally, we calculate the multi-head attention as follows:

MultiHead(h) = [heady;...;head;; ...; head, JW?;
head; = Attention (hWiQ, hwk, hWiV) S

T

K
Attention(Q, K, V) = Softmax (Q

Vd
Here h € R™dmodel js the hidden state output from the previous
Transformer layer or the input embedding layer and n is the input
sequence length. \/LE is the scaling factor. WiQ € RdmOdele,WiK €

Rdmodchd,WiV € R%moderXd and WO ¢ Rk&Xdintermedinte are parameter
matrices. For each head, we have d = djy4./k, where k is the
number of attention heads. M € R™*" is the visibility matrix which
we detail next.

M.
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Figure 3: Illustration of the model input-output. The input table is first transformed into a sequence of tokens and entity cells, and processed
for structure-aware Transformer encoder as described in Section 4.4. We then get contextualized representations for the table and use them
for pre-training. Here [15th] (which means 15th National Film Awards), [Satyajit], ... are linked entity cells.
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Figure 4: Graphical illustration of visibility matrix (symmetric).

National Film Award ... Winners ... List of award recipients ... aption
header

entity

Year Recipient Film T
[15th] [Satyajit] [Chiriyakhana]
[16th] [Satyajit] [Goopy ...]
[17th] [Mrinal] [Bhuvan ...]

[National Film Award for Best Direction]

Figure 5: Graphical illustration of masked self-attention by our vis-
ibility matrix. Each token/entity in a table can only attend to its
directly connected neighbors (shown as edges here).

Visibility matrix. To interpret relational tables and extract the
knowledge embedded in them, it is important to model row-column
structure. For example, in Figure 1, [Satyajit] and [Chiriyakhana]
are related because they are in the same row, which implies that
[Satyajit] directs [Chiriyakhana]. In contrast, [Satyajit] should
not be related to [Pratidwandi]. Similarly, [Hindi] is a “language”
and its representation has little to do with the header “Film”. We
propose a visibility matrix M to model such structure information
in a relational table. Figure 4 shows an example of M.

Our visibility matrix acts as an attention mask so that each token
(or entity) can only aggregate information from other structurally
related tokens/entities during the self-attention calculation. M is a
symmetric binary matrix with M; ; = 1 if and only if element; is
visible to element;. The element here can be a token in the caption
or a header, or an entity in a table cell. Specifically, we define M as
follows:

o If element; is the topic entity or a token in table caption,
Vj, Mjj = 1. Table caption and topic entity are visible to all
components of the table.

e If element; is a token or an entity in the table and element;
is a token or an entity in the same row or the same column,
M; j = 1. Entities and text content in the same row or the same
column are visible to each other.

Example 4.1. Use Figure 5 as an example. “National Film ... re-
cipients ...” are tokens from the caption and [National Film Award
for Best Direction] is the topic entity, and hence they can aggre-
gate information from all other elements. “Year” is a token from a
column header, and it can attend to all elements except for entity
cells not belonging to that column. [Satyajit] is an entity from a
table cell, so it can only attend to the caption, topic entity, entity
cells in the same row/column as well as the header of that column.

4.4 Pre-training Objective

In order to pre-train our model on an unlabeled table corpus, we
adopt the Masked Language Model (MLM) objective from BERT to
learn representations for tokens in table metadata and propose a
Masked Entity Recovery (MER) objective to learn entity cell repre-
sentations.

Masked Language Model. We adopt the same Masked Language
Model objective as BERT, which trains the model to capture the
lexical, semantic and contextual information described by table
metadata. Given an input token sequence including table caption
and table headers, we simply mask some percentage of the tokens
at random, and then predict these masked tokens. We adopt the
same percentage settings as BERT. The pre-training data processor
selects 20% of the token positions at random (note, we use a slightly
larger ratio compared with 15% in [15] as we want to make the
pre-training more challenging). For a selected position, (1) 80% of
the time we replace it with a special [MASK] token, (2) 10% of the
time we replace it with another random token, and (3) 10% of the
time we keep it unchanged.

Example 4.2. Figure 3 shows an example of the above random
process in MLM, where (1) “film”, “award” and “recipient” are chosen
randomly, and (2) the input word embedding of “film” is further
chosen randomly to be replaced with the embedding of [MASK],



(3) the input word embedding of “recipient” to be replaced with
the embedding of a random word “milk”, and (4) the input word
embedding of “award” to remain the same.

Given a token position selected for MLM, which has a contexu-
talized representation h' output by our encoder, the probability of
predicting its original token w € ‘W is then calculated as:

exp (LINEAR(hY) - w)
Y e ew exp (LINEAR(hY) - wy,)

Masked Entity Recovery. In addition to MLM, we propose a novel
Masked Entity Recovery (MER) objective to help the model capture
the factual knowledge embedded in the table content as well as the
associations between table metadata and table content. Essentially,
we mask a certain percentage of input entity cells and then recover
the linked entity based on surrounding entity cells and table meta-
data. This requires the model to be able to infer the relation between
entities from table metadata and encode the knowledge in entity
embeddings.

In addition, our proposed masking mechanism takes advantage
of entity mentions. Specifically, as shown in Eqn. 2, the input entity
representation has two parts: the entity embedding e® and the entity
mention representation e™. For some percentage of masked entity
cells, we only mask €, and as such the model receives additional
entity mention information to help form predictions. This assists
the model in building a connection between entity embeddings and
entity mentions, and helps downstream tasks where only cell texts
are available.

Specifically, we propose the following masking mechanism for
MER: The pre-training data processor chooses 60% of entity cells at
random. Here we adopt a higher masking ratio for MER compared
with MLM, because oftentimes in downstream tasks, none or few
entities are given. For one chosen entity cell, (1) 10% of the time
we keep both e™ and e® unchanged (2) 63% (i.e., 70% of the left
90%) of the time we mask both e™ and €€ (3) 27% (i.e., 30% of the
left 90%) of the time we keep €™ unchanged, and mask e® (among
which we replace e with embedding of a random entity to inject
noise in 10% of the time). Similar to BERT, in both MLM and MER
we keep a certain portion of the selected positions unchanged so
that the model can generate good representations for non-masked
tokens/entity cells. Trained with random tokens/entities replacing
the original ones, the model is robust and utilizes contextual infor-
mation to make predictions rather than simply copying the input
representation.

P(w) = ©)

Example 4.3. Take Figure 3 as an example. [15th], [Satyajit],
[17th] and [Mrinal] are first chosen for MER. Then, (1) the input
mention representation and entity embedding of [Satyajit] remain
the same. (2) The input mention representation and entity embed-
ding of [15th] are both replaced with the embedding of [MASK] (3)
The input entity embedding of [Mrinal] is replaced with embedding
of [MASK], while the input entity embedding of [17th] is replaced
with the embedding of a random entity [10th]. In both cases, the
input mention representation are unchanged.

Given an entity cell selected for MER with a contexutalized rep-
resentation h® output by our encoder, the probability of predicting

Table 2: Dataset statistics (per table) in pre-training.

split | min | mean | median | max
train 1 13 8 4670
# row dev 5 20 12 667
test 5 21 12 3143
train 1 2 2 20
# ent. columns | dev 3 3 15
test 3 4 3 15
train 3 19 9 3911
# ent. dev 8 57 34 2132
test 8 60 34 9215

entity e € & is then calculated as follows.
exp (LINEAR(hS®) - €°)

ey e €XP (LINEAR(he) : e;)

In reality, considering the entity vocabulary & is quite large, we only
use the above equation to rank entities from a given candidate set.
For efficient training, we construct the candidate set with (1) entities
in the current table, (2) entities that have co-occurred with those in
the current table, and (3) randomly sampled negative entities.

We use a cross-entropy loss function for both MLM and MER
objectives and the final pre-training loss is given as follows:

loss = Z log (P(w)) + Z log (P(e)), @)
where the sums are over all tokens and entity cells selected in MLM
and MER respectively.

P(e) = (6)

Pre-training details. In this work, we denote the number of Trans-
former blocks as N, the hidden dimension of input embeddings and
all Transformer block outputs as dyode], the hidden dimension of
the fully connected layer in a Transformer block as djntermediate-
and the number of self-attention heads as k. We take advantage of
a pre-trained TinyBERT [22] model, which is a knowledge distilled
version of BERT with a smaller size, and set the hyperparameters
as follows: N =4, dodel = 312, dintermediate = 1200, k = 12. We ini-
tialize our structure-aware Transformer encoder parameters, word
embeddings and position embeddings with TinyBERT [22]. Entity
embeddings are initialized using averaged word embeddings in
entity names, and type embeddings are randomly initialized. We
use the Adam [24] optimizer with a linearly decreasing learning
rate. The initial learning rate is 1e-4 chosen from [1e-3, 5e-4, le-4,
1le-5] based on our validation set. We pre-trained the model for 80
epochs.

5 DATASET CONSTRUCTION FOR
PRE-TRAINING

We construct a dataset for unsupervised representation learning
based on the WikiTable corpus [4], which originally contains around
1.65M tables extracted from Wikipedia pages. The corpus contains a
large amount of factual knowledge on various topics ranging from
sport events (e.g., Olympics) to artistic works (e.g., TV series). The
following sections introduce our data construction process as well
as characteristics of the dataset.



5.1 Data Pre-processing and Partitioning

Pre-processing. The corresponding Wikipedia page of a table of-
ten provides much contextual information, such as page title and
section title that can aid in the understanding of a table topic. We
concatenate page title, section title and table caption to obtain a
comprehensive description.

In addition, each table in the corpus contains one or more header
rows and several rows of table content. For tables with more than
one header row, we concatenate headers in the same column to
obtain one header for each column. For each cell, we obtain hyper-
links to Wikipedia pages in it and use them to normalize different
entity mentions corresponding to the same entity. We treat each
Wikipedia page as an individual entity and do not use additional
tools to perform entity linking with an external KB. For cells con-
taining multiple hyperlinks, we only keep the first link. We also
discard rows that have merged columns in a table.

Identify relational tables. We first locate all columns that contain
at least one linked cell after pre-processing. We further filter out
noisy columns with empty or illegal headers (e.g., note, comment,
reference, digit numbers, etc.). The columns left are entity-centric
and are referred to as entity columns. We then identify relational
tables by finding tables that have a subject column. A simple heuris-
tic is employed for subject column detection: the subject column
must be located in the first two columns of the table and contain
unique entities which we treat as subject entities. We further filter
out tables containing less than three entities or more than twenty
columns. With this process, we obtain 670,171 relational tables.
Data partitioning. From the above 670,171 tables, we select a high
quality subset for evaluation: From tables that have (1) more than
four linked entities in the subject column, (2) at least three entity
columns including the subject column, and (3) more than half of
the cells in entity columns are linked, we randomly select 10000
to form a held-out set. We further randomly partition this set into
validation/test sets via a rough 1:1 ratio for model evaluation. All
relational tables not in the evaluation set are used for pre-training.
In sum, we have 570171/5036 /4964 tables respectively for pre-
training/validation/test sets.

5.2 Dataset Statistics in Pre-training

Fine-grained statistics of our datasets are summarized in Table 2. We
can see that most tables in our pre-training dataset have moderate
size, with median of 8 rows, 2 entity columns and 9 entities per
table. We build a token vocabulary using the BERT-based tokenizer
[15] (with 30,522 tokens in total). For the entity vocabulary, we
construct it based on the training table corpus and obtain 926,135
entities after removing those that appear only once.

6 EXPERIMENTS

To systematically evaluate our pre-trained framework as well as
facilitate research, we compile a table understanding benchmark
consisting of 6 widely studied tasks covering table interpretation
(e.g., entity linking, column type annotation, relation extraction)
and table augmentation (e.g., row population, cell filling, schema
augmentation). We include existing datasets for entity linking. How-
ever, due to the lack of large-scale open-sourced datasets, we create

Table 3: An overview of our benchmark tasks and strategies to fine-
tune TURL.
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new datasets for other tasks based on our held-out set of relational
tables and an existing KB.

Next we introduce the definition, baselines, dataset and results
for each task. Our pre-trained framework is general and can be
fine-tuned for all the independent tasks.

6.1 General Setup across All Tasks

We use the pre-training tables to create the training set for each
task, and always build data for evaluation using the held-out vali-
dation/test tables. This way we ensure that there is no overlapping
tables in training and validation/test. For fine-tuning, we initial-
ize the parameters with a pre-trained model, and further train all
parameters with a task-specific objective. To demonstrate the effi-
ciency of pre-training, we only fine-tune our model for 10 epochs
unless otherwise stated.

6.2 Entity Linking
Entity linking is a fundamental task in table interpretation, which
is defined as:

Definition 6.1. Given a table T and a knowledge base KB, entity
linking aims to link each potential mention in cells of T to its
referent entity e € KB.

Entity linking is usually addressed in two steps: a candidate
generation module first proposes a set of potential entities, and an
entity disambiguation module then ranks and selects the entity that
best matches the surface form and is most consistent with the table
context. Following existing work [4, 16, 35], we focus on entity
disambiguation and use an existing Wikidata Lookup service for
candidate generation.



Baselines. We compare against the most recent methods for table
entity linking T2K [35], Hybrid II [16], as well as the off-the-shelf
Wikidata Lookup service. T2K uses an iterative matching approach
that combines both schema and entity matching. Hybrid II [16]
combines a lookup method with an entity embedding method. For
Wikidata Lookup, we simply use the top-1 returned result as the
prediction.

Fine-tuning TURL. Entity disambiguation is essentially matching
a table cell with candidate entities. We treat each cell as a poten-
tial entity, and input its cell text (entity mention e™ in Eqn. 2) as
well as table metadata to our Transformer encoder and obtain a
contextualized representation h® for each cell. To represent each
candidate entity, we utilize the name and description as well as type
information from a KB. The intuition is that when the candidate
generation module proposes multiple entity candidates with similar
names, we will utilize the description and type information to find
the candidate that is most consistent with the table context. Specif-
ically, for a KB entity e, given its name N and description D (both
are a sequence of words) and types T, we get its representation ekb
as follows:

e = [MEAN, e (W), MEANep (W), MEAN;eT (D] (8)

Here, w is the embedding for word w, which is shared with the
embedding layer of pre-trained model. t is the embedding for entity
type ¢ to be learned during this fine-tuning phase. We then calculate
a matching score between kb and he similarly as Eqn. 6. We do not
use the entity embeddings pre-trained by our model here, as the goal
is to link mentions to entities in a target KB, not necessarily those
appear in our pre-training table corpus. The model is fine-tuned
with a cross-entropy loss.

Task-specific Datasets. We use three datasets to compare differ-
ent entity linking models: (1) We adopt the Wikipedia gold stan-
dards (WikiGS) dataset from [16], which contains 4,453,329 entity
mentions extracted from 485,096 Wikipedia tables and links them to
DBpedia [3]. (2) Since tables in WikiGS also come from Wikipedia,
some of the tables may have already been seen during pre-training,
despite their entity linking information is mainly used to pre-train
entity embeddings (which are not used here). For a better com-
parison, we also create our own test set from the held-out test
tables mentioned in Section 5.1, which contains 297,018 entity men-
tions from 4,964 tables. (3) To test our model on Web tables (i.e.,
those from websites other than Wikipedia), we also include the
T2D dataset [25] which contains 26,124 entity mentions from 233
Web tables.! We use names and descriptions returned by Wikidata
Lookup, and entity types from DBpedia.

The training set for fine-tuning TURL is based on our pre-training
corpus, but with tables in the above WikiGS removed. We also re-
move duplicate entity mentions and mentions where Wikidata
Lookup fails to return the ground truth entity in candidates, and fi-
nally obtain 1,264,217 entity mentions in 192,728 tables to fine-tune
our model for the entity linking task.

Results. We set the maximum candidate size for Wikidata Lookup
at 50 and also include the result of a Wikidata Lookup (Oracle),
which considers an entity linking instance as correct if the ground-
truth entity is in the candidate set. Due to lack of open-sourced

1We use the data released by [16] (https://doi.org/10.6084/m9.figshare.5229847).

Table 4: Model evaluation on entity linking task. All three datasets
are evaluated with the same TURL + fine-tuning model.

WikiGS Our Test Set T2D
Method F1 P R|FIL P R |Fl P R
T2K [35] 34 70 22| - - - |82 90 76
Hybrid II [16] 64 69 60| - - - |83 85 81
Wikidata Lookup 57 67 49|62 62 60 |80 8 75

TURL + fine-tuning 67 79 58| 68 71 66 78 83 73
w/o entity desc. 60 70 52| 60 63 58 - - -
w/o entity type 66 78 57|67 70 65 - - -
+ reweighting R 82 88 77

WikiLookup (Oracle) | 74 83 64|79 82 76 | 90 96 84

implementations, we directly use the results of T2K and Hybrid IT in
[16]. We use F1, precision (P) and recall (R) measures for evaluation.
False positive is the number of mentions where the model links to
wrong entities, not including the cases where the model makes no
prediction (e.g., Wikidata Lookup returns empty candidate set).

As shown in Table 4, our model gets the best F1 score and sub-
stantially improves precision on WikiGS and our own test set. The
disambiguation accuracy on WikiGS is 89.62% (predict the correct
entity if it is in the candidate set). A more advanced candidate
generation module can help achieve better results in the future.
We also conduct an ablation study on our model by removing the
description or type information of a candidate entity from Eqn. 8.
From Table 4, we can see that entity description is very important
for disambiguation, while entity type information only results in
a minor improvement. This is perhaps due to the incompleteness
of DBpedia, where a lot of entities have no types assigned or have
missing types.

On the T2D dataset, all models perform much better than on
the two Wikipedia datasets, mainly because of its smaller size and
limited types of entities. The Wikidata Lookup baseline achieved
high performance, and re-ranking using our model does not fur-
ther improve. However, we adopt simple reweighting? to take into
account the original result returned by Wikidata Lookup, which
brings the F1 score to 0.82. This demonstrates the potential of us-
ing features such as entity popularity (used in Wikidata Lookup)
and ensembling strong base models. Additionally, we conduct an
error analysis on T2D comparing our model (TURL + fine-tuning
+ reweighting) with Wikidata Lookup. From Table 5, we can see
that while in many cases, our model can infer the correct entity
type based on the context and re-rank the candidate list accord-
ingly, it makes mistakes when there are entities in the KB that look
very similar to the mentions. To summarize, Table 4 and 5 show
that there is room for further improvement of our model on entity
linking, which we leave as future work.

6.3 Column Type Annotation

We define the task of column type annotation as follow:

Definition 6.2. Given a table T and a set of semantic types .L,
column type annotation refers to the task of annotating a column
in T with [ € L so that all entities in the column have type I. Note
that a column can have multiple types.

2We simply reweight the score of the top-1 prediction by our model with a factor of
0.8 and compare it with the top-1 prediction returned by Wikidata Lookup. The higher
one is chosen as final prediction.



Table 5: Further analysis for entity linking on T2D corpus.

Mention Page title Header Wikidata Lookup result TURL + fine-tuning + reweighting result | Improve
philip List of saints Saint Philip, male given name Philip the Apostle, Christian saint Yes
and apostle
All 214 Wainwright fells from . L . .
haycock the pictorial guides - Wainwright Walks Fell Name Haycock, family name Haycock, mountain in United Kingdom Yes
Don’t You (F t About M
don’t you forget Empty Ochestra Band Don’t You Forget About Me, onttou ( orget Abou e
about me - Karaoke Name episode of Supernatural (S11 E12) original song written and composed Yes
by Keith Forsey and Steve Schiff
bank of nov. i The Global 2000 Compan Scotiabank, Bank of Nova Scotia, N
anc of nova scohid - Forbes.com ompany Canadian bank based in Toronto bank building in Calgary ©
L. . . . . Purple Finch,
purple finch The Sea Ranch Association List of Birds | Common Name | Haemorhous purpureus, species of bird print in the National Gallery of Art No

Column type annotation is a crucial task for table understanding
and is a fundamental step for many downstream tasks like data
integration and knowledge discovery. Earlier work [29, 35, 48] on
column type annotation often coupled the task with entity linking.
First entities in a column are linked to a KB and then majority
voting is employed on the types of the linked entities. More recently,
[10, 11, 21] have studied column type annotation based on cell
texts only. Here we adopt a similar setting, i.e., use the available
information in a given table directly for column type annotation
without performing entity linking first.

Baselines. We compare our results with the state-of-the-art model
Sherlock [21] for column type annotation. Sherlock uses 1588
features describing statistical properties, character distributions,
word embeddings, and paragraph vectors of the cell values in a
column. It was originally designed to predict a single type for a
given column. We change its final layer to | £| Sigmoid activation
functions, each with a binary cross-entropy loss, to fit our multi-
label setting. We also evaluate our model using two datasets in [11],
and include the HNN + P2Vec model as baseline. HNN + P2Vec
employs a hybrid neural network to extract cell, row and column
features, and combines it with property features retrieved from KB.

Fine-tuning TURL. To predict the type(s) for a column, we first
extract the contextualized representation of the column h, as fol-
lows:

he = [MEAN (hﬁ,...);MEAN (hj.,...)]. )

Here hE’s are representations of tokens in the column header, h;’s
are representations of entity cells in the column. The probability of
predicting type [ is then given as,

P(I) = Sigmoid (hc¢W; + by) . (10)
Same as with the baselines, we optimize the binary cross-entropy
loss, y is the ground truth label for type [

loss = ) ylog (P()) + (1 - y) log (1 - P(1)) (11)

Task-specific Datasets. We refer to Freebase [19] to obtain se-
mantic types £ because of its richness, diversity, and scale. We
only keep those columns in our relational table corpus that have
at least three linked entities to Freebase, and for each column, we
use the common types of its entities as annotations. We further
filter out types with less than 100 training instances and keep only
the most representative types. In the end, we get a total number of
255 types, 628,254 columns from 397,098 tables for training, 13,025
(13,391) columns from 4,764 (4,844) tables for test (validation). We
also test our model on two existing small-scale datasets, T2D-Te
and Efthymiou (a subset of WikiGS annotated with types) from [11]

Table 6: Model evaluation on column type annotation task.
Method F1 P R

Sherlock (only entity mention) [21] 78.47 | 88.40 | 70.55
TURL + fine-tuning (only entity mention) | 88.86 | 90.54 | 87.23

TURL + fine-tuning 94.75 | 94.95 | 94.56
w/o table metadata 93.77 | 94.80 | 92.76
w/o learned embedding 92.69 | 92.75 | 92.63
only table metadata 90.24 | 89.91 | 90.58
only learned embedding 93.33 | 94.72 | 91.97

Table 7: Accuracy on T2D-Te and Efthymiou, where scores for
HNN + P2Vec are copied from [11] (trained with 70% of T2D and
Efthymiou respectively and tested on the rest). We directly apply
our models by type mapping without retraining.

Method T2D-Te | Efthymiou
HNN + P2Vec (entity mention + KB) [11] 0.966 0.865
TURL + fine-tuning (only entity mention) 0.888 0.745

+ table metadata 0.860 0.904

Table 8: Accuracy on T2D-Te and Efthymiou. Here all models use
T2D-Tr (70% of T2D) as training set, following the setting in [11].

Method T2D-Te | Efthymiou
HNN + P2Vec (entity mention + KB) [11] 0.966 0.650
TURL + fine-tuning (only entity mention) 0.940 0.516

+ table metadata 0.962 0.746

and conduct two auxiliary experiments: (1) We first directly test
our trained models and see how they generalize to existing datasets.
We manually map 24 out of the 37 types used in [11] to our types,
which results in 107 (of the original 133) columns in T2D-Te and
416 (of the original 614) columns in Efthymiou. (2) We follow the
setting in [11] and use 70% of T2D as training data, which contains
250 columns.?

Results. For the main results on our test set, we use the validation
set for early stopping in training the Sherlock model, which takes
over 100 epochs. We evaluate model performance using micro F1,
Precision (P) and Recall (R) measures. Results are shown in Table
6. Our model substantially outperforms the baseline, even when
using the same input information (only entity mention vs Sherlock).
Adding table metadata information and entity embedding learned
during pre-training further boost the performance to 94.75 under
F1. In addition, our model achieves such performance using only
10 epochs for fine-tuning, which demonstrates the efficiency of the
pre-training/fine-tuning paradigm. More detailed results for several
types are shown in Table 9, where we observe that all methods work
well for coarse-grained types like person. However, fine-grained

3We use the data released by [11] (https://github.com/alan-turing-institute/SemAIDA).
The number of instances is slightly different from the original paper.



Table 9: Further analysis on column type annotation: Model performance for 5 selected types. Results are F1 on validation set.

Method person pro_athlete actor location citytown

Sherlock 96.85 74.39 29.07 91.22 55.72

TURL + fine-tuning 99.71 91.14 74.85 99.32 79.72
only entity mention 98.44 87.11 58.86 96.59 60.13
w/o table metadata 99.63 90.38 74.46 99.01 77.37
w/o learned embedding 99.38 90.56 71.39 98.91 75.55
only table metadata 98.26 83.80 70.86 98.11 72.54
only learned embedding 98.72 91.06 73.62 97.78 75.16

Table 10: Model evaluation on relation extraction task.

Method F1 P R
BERT-based 90.94 91.18 90.69
TURL + fine-tuning (only table metadata) | 92.13 | 91.17 | 93.12
TURL + fine-tuning 94.91 | 94.57 | 95.25
w/o table metadata 93.85 | 93.78 | 93.91
w/o learned embedding 93.35 | 92.90 | 93.80

types like actor and pro_athlete are much more difficult to
predict. Specifically, it is hard for a model to predict such types for
a column only based on entity mentions in cells. On the other hand,
using table metadata works much better than using entity mentions
(e.g., 70.86 vs 58.86 for actor). This indicates the importance of
table context information for predicting fine-grained column types.

Results of the auxiliary experiments are summarized in Table
7 and 8. The scores shown are accuracy, i.e., the ratio of correctly
labeled columns, given each column is annotated with one ground
truth label. For HNN + P2Vec, the scores are directly copied from
the original paper [11]. Note that in Table 7, the numbers from
our models are not directly comparable with HNN + P2Vec, due to
mapping the types in the original datasets to ours as mentioned
earlier. However, taking HNN + P2Vec trained on in-domain data as
reference, we can see that without retraining, our models still obtain
high accuracy on both Web table corpus (T2D-Te) and Wikipedia
table corpus (Efthymiou). We also notice that adding table metadata
slightly decreases the performance on T2D while increasing that on
Efthymiou, which is possibly due to the distributional differences
between Wikipedia tables and general web tables. From Table 8 we
can see that when trained on the same T2D-Tr split, our model with
both entity mention and table metadata still outperforms or is on
par with the baseline. However, when using only entity mention,
our model does not perform as well as the baseline, especially when
generalizing to Efthymiou. This is because: (1) Our model is pre-
trained with both table metadata and entity embedding. Removing
both creates a big mismatch between pretraining and fine-tuning.
(2) With only 250 training instances, it is easy for deep models to
overfit. The better performance of models leveraging table meta-
data under both settings demonstrates the usefulness of context for
table understanding.

6.4 Relation Extraction

Relation extraction is the task of mapping column pairs in a table
to relations in a KB. A formal definition is given as follows.

Definition 6.3. Given a table T and a set of relations R in KB. For
a subject-object column pair in T, we aim to annotate it with r € R
so that r holds between all entity pairs in the columns.

Table 11: Relation extraction results of an entity linking based sys-
tem, under different agreement ratio thresholds.

Min Ag. Ratio | F1 P R
0 68.73 | 60.33 | 79.85
0.4 82.10 | 94.65 | 72.50
0.5 77.68 | 98.33 | 64.20
0.7 63.10 | 99.37 | 46.23

Most existing work [29, 35, 48] assumes that all relations be-
tween entities are known in KB and relations between columns
can be easily inferred based on entity linking results. However,
such methods rely on entity linking performance and suffer from
KB incompleteness. Here we aim to conduct relation extraction
without explicitly linking table cells to entities. This is important as
it allows the extraction of new knowledge from Web tables for tasks
like knowledge base population.

Baselines. We compare our model with a state-of-the-art text based
relation extraction model [49] which utilizes a pretrained BERT
model to encode the table information. For text based relation
extraction, the task is to predict the relation between two entity
mentions in a sentence. Here we adapt the setting by treating the
concatenated table metadata as a sentence, and the headers of the
two columns as entity mentions. Although our setting is different
from the entity linking based relation extraction systems in [29, 35,
48], here we implement a similar system using our entity linking
model described in Section 6.2, and obtain relation annotations
based on majority voting of linked entity pairs, i.e., predict a relation
if it holds between a minimum portion of linked entity pairs in KB
(i.e., the minimum agreement ratio is larger than a threshold).

Fine-tuning TURL. We use similar model architecture as column
type annotation as follows.
P(r) = Sigmoid ([he; he JWr + by) . (12)

Here h¢, h, are aggregated representation for the two columns
obtained same as Eqn. 9. We use binary cross-entropy loss for
optimization.
Task-specific Datasets. We prepare datasets for relation extrac-
tion in a similar way as the previous column type annotation task,
based on our pre-training table partitions. Specifically, we obtain
relations R from Freebase. For each table in our corpus, we pair its
subject column with each of its object columns, and annotate the
column pair with relations shared by more than half of the entity
pairs in the columns. We only keep relations that have more than
100 training instances. Finally, we obtain a total number of 121 rela-
tions, 62,954 column pairs from 52,943 tables for training, and 2072
(2,175) column pairs from 1467 (1,560) tables for test (validation).
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Figure 6: Comparison of fine-tuning our model and BERT for rela-
tion extraction: Our model converges much faster.

Results. We fine-tune the BERT-based model for 25 epochs. We
use micro F1, Precision (P) and Recall (R) measures for evaluation.
Results are summarized in Table 10.

From Table 10 we can see that: (1) Both the BERT-based baseline
and our model achieve good performance, with F1 scores larger
than 0.9. (2) Our model outperforms the BERT-based baseline under
all settings, even when using the same information (i.e., only table
metadata vs BERT-based). Moreover, we plot the mean average pre-
cision (MAP) curve on our validation set during training in Figure
6. As one can see, our model converges much faster in comparison
to the BERT-based baseline, demonstrating that our model learns a
better initialization through pre-training.

As mentioned earlier, we also experiment with an entity linking
based system. Results are summarized in Table 11. We can see that
it can achieve high precision, but suffers from low recall: The upper-
bound of recall is only 79.85%, achieved at an agreement ratio of 0
(i.e., taking all relations that exist between the linked entity pairs as
positive). As seen from Table 10 and 11, our model also substantially
outperforms the system based on a strong entity linker.

6.5 Row Population

Row population is the task of augmenting a given table with more
rows or row elements. For relational tables, existing work has tack-
led this problem by retrieving entities to fill the subject column
[45, 47]. A formal definition of the task is given below.

Definition 6.4. Given a partial table T, and an optional set of seed
subject entities, row population aims to retrieve more entities to
fill the subject column.

Baselines. We adopt models from [45] and [13] as baselines. [45]
uses a generative probabilistic model which ranks candidate entities
considering both table metadata and entity co-occurrence statistics.
[13] further improves upon [45] by utilizing entity embeddings
trained on the table corpus to estimate entity similarity. We use the
same candidate generation module from [45] for all methods, which
formulates a search query using either the table caption or seed
entities and then retrieves tables via the BM25 retrieval algorithm.
Subject entities in those retrieved tables will be candidates for row
population.

Fine-tuning TURL. We adopt the same candidate generation mod-
ule used by baselines. We then append the [MASK] token to the
input, and use the hidden representation h® of [MASK] to rank
these candidates as shown in Table 3. We fine-tune our model with

Table 12: Model evaluation on row population task. Recall is the
same for all methods because they share the same candidate gener-
ation module.

# seed 0 1

Method MAP | Recall | MAP | Recall
EntiTables [45] 17.90 | 63.30 | 42.31 78.13
Table2Vec [13] - 63.30 | 20.86 | 78.13
TURL + fine-tuning | 40.92 | 63.30 | 48.31 | 78.13

Table 13: Model evaluation on cell filling task.

Method | P@1 | P@3 | P@5 | P@ 10
Exact 5136 | 70.10 | 76.80 | 84.93
H2H 51.90 | 70.95 | 77.33 | 85.44
H2v 52.23 | 70.82 | 7735 | 85.58
TURL | 54.80 | 76.58 | 83.66 | 90.98

Table 14: Model evaluation on schema augmentation task.

Method #sged column lablels
kNN 80.16 82.01
TURL + fine-tuning 81.94 77.55

multi-label soft margin loss as shown below:
P(e) = Sigmoid (LINEAR(S) - €°),

loss = Z ylog (P(e)) + (1 —y)log (1 - P(e)).  (13)
ecEc
Here & is the candidate entity set, and y is the ground truth label
of whether e is a subject entity of the table.

Task-specific Datasets. Tables in our pre-training set with more
than 3 subject entities are used for fine-tuning TURL and developing
baseline models, while tables in our held-out set with more than 5
subject entities are used for evaluation. In total, we obtain 432,660
tables for fine-tuning with 10 subject entities on average, and 4,132
(4,205) tables for test (validation) with 16 (15) subject entities on
average.

Results. The experiments are conducted under two settings: with-
out any seed entity and with one seed entity. For experiments
without the seed entity, we only use table caption for candidate
generation. For entity ranking in EntiTables [45], we use the combi-
nation of caption and label likelihood when there is no seed entity,
and only use entity similarity when seed entities are available. This
strategy works best on our validation set. As shown in Table 12,
our method outperforms all baselines. In particular, previous meth-
ods rely on entity similarity and are not applicable or have poor
results when there is no seed entity available. Our method achieves
a decent performance even without any seed entity, which demon-
strates the effectiveness of TURL for generating contextualized
representations based on both table metadata and content.

6.6 Cell Filling

We examine the utility of our model in filling other table cells,
assuming the subject column is given. This is similar to the setting
in [42, 46], which we formally define as follows.

Definition 6.5. Given a partial table T with the subject column
filled and an object column header, cell filling aims to predict the
object entity for each subject entity.



Table 15: Case study on schema augmentation. Here we show average precision (AP) for each example. Support Caption is the caption of the
source table that kNN found to be most similar to the query table. Our model performs worse when there exist source tables that are very
similar to the query table (e.g., comparing support caption vs query caption).

Method Query Caption Seed Target AP Predicted Support Caption
moving to, name, player,
kNN name, 1.0 & R play 2007 santos fc season out
2010 santos fc season out | pos. . moving from, to
moving to -
Ours 0.58 moving to, fee/notes, )
' destination club, fee, loaned to

. country, runner-up, first ladies of chile

kNN | first ladies and gentlemen name, 0.20 Hty, P . .
. no. . champion, player, team team list of first ladies
of panama list president ar TUnner-uh Shouse
Ours 0.14 yean P, SP ’ -
name, father
R R . . format, covered location, company, list of radio stations in
kNN list of radio stations in format, 1.0 . pany . R
A . name . call sign, owner metro manila fm stations
metro manila am stations covered location -
format, owner, covered location,
Ours 0.83 . . . -
city of license, call sign

Baselines. We adopt [46] as our base model. It has two main com-
ponents, candidate value finding and value ranking. The same can-
didate value finding module is used for all methods: Given a subject
entity e and object header h for the to-be-filled cells, we find all
entities that appear in the same row with e in our pre-training table
corpus , and only keep entities whose source header h’ is related to
h. Here we use the formula from [46] to measure the relevance of
two headers P(h’|h),
’

M. (14)
Zprn(h”, h)
Here n(h’, h) is the number of table pairs in the table corpus that
contain the same entity for a given subject entity in columns A’ and
h. The intuition is that if two tables contain the same object entity
for a given subject entity e in columns with headings h,; and hy,
then h, and hy, might refer to the same attribute. For value ranking,
the key is to match the given header h with the source header h’,
we can then get the probability of the candidate entity e belongs to
the cell P(e|h) as follows:

P(e|h) = MAX (sim(h’, b)) . (15)
Here h”’s are the source headers associated with the candidate
entity in the pre-training table corpus. sim(h’, h) is the similarity
between h’ and h. We develop three baseline methods for sim(h’, h):
(1) Exact: predict the entity with exact matched header, (2) H2H:
use the P(h’|h) described above. (3) H2V: similar to [13], we train
header embeddings with Word2Vec on the table corpus. We then
measure the similarity between headers using cosine similarity.

P(h'|h) =

Fine-tuning TURL. Since cell filling is very similar to the MER
pre-training task, we do not fine-tune the model, and directly use
[MASK] to select from candidate entities same as MER (Eqn. 6).

Task-specific Datasets. To evaluate different methods on this task,
we use the held-out test tables in our pre-training phase and extract
from them those subject-object column pairs that have at least
three valid entity pairs. Finally we obtain 9,075 column pairs for
evaluation.

Results. For candidate value finding, using all entities appearing in
the same row with a given subject entity e achieves a recall of 62.51%
with 165 candidates on average. After filtering with P(h’|h) > 0,
the recall drops slightly to 61.45% and the average number of candi-
dates reduces to 86. For value ranking, we only consider those test

instances with the target object entity in the candidate set and eval-
uate them under Precision@K (or, P@K). Results are summarized
in Table 13, from which we show: (1) Simple Exact match achieves
decent performance, and using H2H or H2V only sightly improves
the results. (2) Even though our model directly ranks the candidate
entities without explicitly using their source table information, it
outperforms other methods. This indicates that our model already
encodes the factual knowledge in tables into entity embeddings
through pre-training.

6.7 Schema Augmentation

Aside from completing the table content, another direction of table
augmentation focuses on augmenting the table schema, i.e., discov-
ering new column headers to extend a table with more columns
[6, 13, 42, 45]. Following [13, 42, 45], we formally define the task
below.

Definition 6.6. Given a partial table T, which has a caption and
zero or a few seed headers, and a header vocabulary H, schema
augmentation aims to recommend a ranked list of headers h € H
toaddto T.

Baselines. We adopt the method in [45] which searches our pre-
training table corpus for related tables, and use headers in those
related tables for augmentation. More specifically, we encode the
given table caption as a tf-idf vector and then use the K-nearest
neighbors algorithm (kNN) [2] with cosine similarity to find the
top-10 most related tables. We rank headers from those tables by
aggregating the cosine similarities for tables they belong to. When
seed headers are available, we re-weight the tables by the overlap
of their schemas with seed headers same as [45].

Fine-tuning TURL. We concatenate the table caption, seed head-
ers and a [MASK] token as input to our model. The output for
[MASK] is then used to predict the headers in a given header vo-
cabulary H. We fine-tune our model use binary cross-entropy loss.

Task-specific Datasets. We collect H from the pre-training table
corpus. We normalize the headers using simple rules, only keep
those that appear in at least 10 different tables, and finally obtain
5652 unique headers, with 316,858 training tables and 4,646 (4,708)
test (validation) tables.
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Figure 7: Ablation study results.

Results. We fine-tune our model for 50 epochs for this task, based
on the performance on the validation set. We use mean average
precision (MAP) for evaluation.

From Table 14, we observe that both kNN baseline and our model
achieve good performance. Our model works better when no seed
header is available, but does not perform as well when there is one
seed header. We then conduct a further analysis in Table 15 using a
few examples: One major reason why kNN works well is that there
exist tables in the pre-training table corpus that are very similar
to the query table and have almost the same table schema. On the
other hand, our model oftentimes suggests plausible, semantically
related headers, but misses the ground-truth headers.

6.8 Ablation Study

In this section, we examine the effects of two important designs

in TURL: the visibility matrix and MER with different mask ratios.

During the pre-training phase, at each training step, we evaluate
TURL on the validation set for object entity prediction. We choose
this task because it is similar to the cell filling downstream task and
it is convenient to conduct during pre-training (e.g., ground-truth
is readily available and no need to modify the model architecture,
etc.).

Given a table in our validation set, we predict each object entity
by first masking the entity cell (both e® and e™) and obtaining a
contextualized representation of the [MASK] (which attends to the
table caption, corresponding header, as well as other entities in
the same row/column before the current cell position) and then
applying Eqn. 6. We compare the top-1 predicted entity with the
ground truth and show the accuracy (ACC) on average. Results are
summarized in Figure 7.

Figure 7a clearly demonstrates the advantage of our visibility
matrix design. Without the visibility matrix (an element can attend
to every other element during pre-training), it is hard for the model
to capture the most relevant information (e.g., relations between
entities) in the table for prediction. From Figure 7b, we observe that
at a mask ratio of 0.8, the objective entity prediction performance
drops in comparison with other lower ratios. This is because this
task requires the model to not only understand the table metadata,
but also learn the relation between entities. A high mask ratio forces
the model to put more emphasis on the table metadata, while a
lower mask ratio encourages the model to leverage the relation
between entities. Meanwhile, a very low mask ratio such as 0.2 also
hurts the pre-training performance, because only a small portion
of entity cells are actually used for training in each iteration. A low
mask ratio also creates a mismatch between pre-training and fine-
tuning, since for many downstream tasks, only few seed entities
are given. Considering both aspects as well as that the results are
not sensitive w.r.t. this parameter, we set the MER mask ratio at 0.6
in pre-training.

7 CONCLUSION

This paper presents a novel pre-training/fine-tuning framework
(TURL) for relational table understanding. It consists of a structure-
aware Transformer encoder to model the row-column structure
as well as a new Masked Entity Recovery objective to capture
the semantics and knowledge in relational Web tables during pre-
training. On our compiled benchmark, we show that TURL can
be applied to a wide range of tasks with minimal fine-tuning and
achieves superior performance in most scenarios. Interesting future
work includes: (1) Focusing on other types of knowledge such as
numerical attributes in relational Web tables, in addition to entity
relations. (2) Incorporating the rich information contained in an
external KB into pre-training.
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