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1 Summary

This report documents the results of the project Knowledge Graph Construction for Situ-
ated Multimodal Dialogue. The project has achieved a number of results, including:

e benchmark dataset and task definitions for the problem of extracting knowledge
graphs from complex conversational data;

e open-source software for extracting such knowledge graphs and obtaining benchmark
data;

e baselines for the aforementioned tasks;
e usage of this the software by AFRL collaborators; and
e definition of follow-on research agenda.

Software can be found at https://github.com/INDElab/conversationkg.

2 Introduction

This report describes the results of the project Knowledge Graph Construction for Situated
Multimodal Dialogue. The project aimed to provide a foundation for understanding com-
putationally mediated dialogue in its overall context. Such dialogue is a fundamental part
of team performance in terms of coordination, planning and action [12, I]. In such a set-
ting, (e.g. shared chat or email) it is important not only to understand the back and forth
of the dialogue itself but also how that dialogue is situated in a larger context whether that
be common documents or shared background information. This project hypothesized that
knowledge graphs provide a powerful way to capture not only the structure of such dialogue
but the information that provides the situation in which that dialogue resides. Knowledge
graphs — graph structured knowledge bases that capture information about the entities,
their attributes and relations between entities [8, [15] are a frequently used approach to inte-
grate information, fuel downstream analysis and support other Al tasks [L1], 9] Specifically,
then, the project investigated the establishment of a research foundation for addressing
the problem of knowledge graph construction for such situated dialogue. This problem can
be summarized in the research question: Can we learn to detect individuals, their types,
and how they have interacted and what they have interacted about from dialogue-based
situated multilingual conversation. To build this foundation the project aimed at three
objectives:

1. the definition of benchmark tasks for this problem;

2. the identification and construction of benchmark corpus or corpora;
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3. the development of a baseline system.

In addition to these objectives, the project aimed to establish a collaborative relation-
ship with AFRL’s System Analytics Research Area. This report builds on our midterm
report as a majority of the results were completed in that period.

3 Accomplishments

Here we outline the key accoplishments of the project divided into the methods and then
the specific outcomes.

3.1 Methods, Assumptions and Procedures

We discuss the benchmark datasets and tasks and system we developed.

3.1.1 Benchmark dataset

We surveyed a number of existing datasets to use a basis for benchmark development. This
included:

e Ubuntu Dialogue corpus of IRC chat data [7, 5]

Reddit forum data [3]

Spotify Podcasts Dataset[!]
e The Enron Email Corpus [4]
World Wide Web Consortium (W3C) emails about standards developmenlﬂ [16]

We were guided by a number of principles in our survey of datasets. First, we wanted to
have data that was representative of more complex dialogues or conversations that occurred
over time. Second, it was imperative that these conversations reference external multimodal
information that situated the conversations. Third, the data should be potentially easily
distributable to the community. Finally, the data should provide a reasonable analogue to
data of interest to AFRL.

Based on these factors, we decided that the W3C emails were a good starting point.
The World Wide Web Consortium (W3C) is a core standardization body of the internet,
developing and deciding standards such as HTML and providing support for such stan-
dards. In their mailing lists, members of the W3C as well as other organisations, private

"https://engineering.atspotify.com/2020/04/16 /introducing-the-spotify-podcast-dataset-and-trec-
challenge-2020/
%https://tides.umiacs.umd.edu/webtrec/trecent/parsed_w3c_corpus.html
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persons and automated mail agents interact, inquire and announce around concepts, stan-
dards and events pertaining to the internet. These mailinglists exist since 1997 and are
publicly available on the W3C’s mailinglist archivesﬂ

W3C emails are public and describe complex back-and-forths about deeper techni-
cal subjects over quite a lot of time scales. Many actors and organizations are covered.
Additionally, because they reference standards specifications - which contain complex mul-
timodal information (e.g. diagrams, cited works, code) - these dialogues are situated in
rich background material. The Enron Email corpus was also used as a comparison point.

For our first developments, we used the corpus scrapped by Wu in 2004. This contained
170,000 emails. However, during our usage, we found a number of issues in terms of textual
processing (e.g. tokenization, whitespace, unicode) that made it difficult for downstream
use. Additionally, we wanted to create a much larger corpus. Thus, we built a new scraper
and re-scraped the entirety of the W3C corpus up-to 2020 (See Results).

3.1.2 Benchmark Tasks

The overall problem is to construct a complete knowledge graph that represents the totality
of information useful to end-users. This is obviously a complex task but importantly we
miss the the ground truth for such a task. Annotating such data by hand, in particular
for complex domains where domain experts are not available, is beyond the scope of this
project and indeed makes it difficult to do this in practice. Given this we looked for
“natural” tasks where we could source ground truth from the dataset itself. Here, two
tasks were investigated.

1. Entity Resolution as Author Attribution. Entity resolution - determining
which entity descriptions refer to the same real world entity [2] is a key task in knowledge
graph construction. In the context of emails, we are able to extract ground truth data.
Specifically, we formulate the task as follows: We consider entities (persons, organisations,
topics, etc.) to be represented by the texts they produce. In this context, then, an entity
is represented by the set of e-mails sent in its name, therefore, entity resolution becomes
equivalent to authorship attribution.

Our basic assumption is that if entity labels X and Y for emails e; and ey are the
same, then e; and eg really are from the same author (i.e. entity). Such data are positive
samples. Importantly, if we randomly sample two emails e; and es, then with overwhelming
probability, they are not from the same author (regardless of the entity labels of e; and
62)

Thus, the specific task is: given emails e; and es with labels X and Y, decide whether
e1 and ey are from the same author (i.e. the labels X and Y identify the same entity). This
can be phrased as P(author(e;) = author(eg)).

In order perform entity resolution, sample email pairs are formed from all / some labels
X and Y and merge the labels if the emails pair has high probability of being from the

3https://lists.w3.org/Archives/Public
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same author (labels becomes aliases) . The advantage here is if X and Y each have multiple
emails associated with them, then we can rely voting strategies to increase confidence and
reliability.

2. Reconstruction of Email Metadata Knowledge Graph. A crucial ingredient
in using knowledge graphs, and the large majority of machine learning, is of course ground
truth, a set of verified data to measure performance against. To overcome the difficulty of
sourcing ground truth for conversational knowledge graphs, we realized that the email cor-
pus includes metadata of email servers’ transactions and that this information is arguably
verified. This argument allows us to extract knowledge graphs on different levels of the
conversations and hence different levels of verification of the information in them. In brief:

e EmailKG represents the ground truth of email conversations; it contains the emails’
meta-information, such as sender and receiver information, and additionally any in-
formation that can be extracted with high certainty, such as mentioned links or
addresses.

o TextKG contains only information that can be obtained from the conversations’ con-
tent itself, i.e. without reference to the metadata; any information that can be
extracted from the emails’ bodies, e.g. by ML, may be added to the TextKG

Both the EmailKG and TextKG contain the scaffolding of the the email corpus: there
are temporally ordered conversations which consist of exchanges of temporally ordered
emails.

We can then use this information to create a mode classification task. Specifically,
we use heuristics on the EmailKG to label nodes with particular classes of interest. An
example is a “major organization” is based on the number of people that belong to them
(this is a parameter to the heuristic); for anyone, who isn’t part of a major organization
we introduce a label. We then cross connect the EmailKG to the TextKG so that we can
transfer these labels to the TextKG. Standard approaches to the generation of test, training
and validation data splits can then be employed.

3.1.3 Collaboration

We actively collaborated with the Machine Learning Technologies Section of the 711th
Human Performance Wing. They have provided testing and integrating our software with
datasets of interest. This included monthly meetings and conversations through a shared
Slack channel. The feedback has helped us improve the usability and efficacy of the ap-
proach. Unfortunately, due to COVID we were not able to physically meet.

3.2 Results and Discussion

Beyond the specification of the methods and procedures above, the project has resulted in
the following outcomes.
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3.3 System Implementation

The most important outcome is an implementation of the ideas above in a reusable system.
The system conversationkg that constructs the two types of knowledge graphs above. In
addition it, performs named entity recognition, topic modeling and baseline entity reso-
lution on input email corpus. It provides convenient python data structures that can be
easily extended with different algorithms. In addition, we support the export of the knowl-
edge graphs to various formats (e.g. JSON, CSV, Neodj) for further analytics. Included
in the system repository are baseline examples of the tasks above as well as sample data.
As part of the package, a completely redone web scrapper for the W3C email lists is also
provided.

The code and documentation are available at:

https://github.com/INDElab/conversationkg

We have archived it using Zenodo [13]

3.3.1 W3C Email Dataset

Using the aforementioned mailing list scrapper, we have scraped the entire W3C email
corpus dating back to 1997 and have the data in an easily accessible json form. This
includes:

e 1192 mailing lists

e 37,536 time periods

e 705,201 conversations
e 1,876,156 emails.

This can be easily used by conversationkg to generate the knowledge graphs above.

3.3.2 Entity Resolution as Author Attribution

We spent significant time investigating the idea of entity resolution through author attri-
bution. We investigated baseline scenarios as well as neural language model (e.g. BERT)
based methods for tackling the task. Concretely, we developed the following baselines.

e Jaccard Similarity: arguably a most naive baseline; no learning involved, i.e. no
parameters. Given emails e; and es, simply compute the multiset Jaccard similarity
between them.

e Averaged BERT: given a tokenised text, the pre-trained BERT model returns em-
beddings for each token in the text. This baseline computes the average embedding
of the tokens in e; and es, respectively, and then the cosine similarity of the averages
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model threshold | F1 accuracy | balanced accuracy | precision | recall
Jaccard 0.15 0.69 | 0.82 0.77 0.72 0.66
Jaccard 0.18 0.67 | 0.83 0.76 0.81 0.57
avg BERT 0.90 0.63 | 0.71 0.75 0.51 0.83
avg BERT 0.93 0.63 | 0.76 0.74 0.59 0.69
BERT+LSTM | 0.76 0.43 | 0.67 0.60 0.44 0.42
BERT+LSTM | 0.90 0.31 | 0.70 0.56 0.49 0.23

Table 1: Performance scores for baseline methods on the task of Entity Resolution for
Author Attribution on Emails

however: [I0] demonstrate that averaged BERT embeddings do not perform better
than averaged GloVe embeddings and [14] explain why BERT does not directly allow
for language model interpretations. Moreover, initial visualisations of the embedding
space suggest that true positives are not likely detected by this model (embeddings
of emails from the same author labels are uniformly spread across the embedding
space).

e (Classifier BERT: instead of averaging, train an LSTM to aggregate the embeddings
from BERT into a single vector. The LSTM is explicitly trained s.t. emails from the
same label are embedded into vectors with high cosine similarity.

Table (1| shows the results using 100,000 email pairs from the W3C email list. 30% of
that data are positive examples.

In general, the results show that Jaccard similarity is a very strong baseline and could
actually provide a useful model. The results show that the task is feasible in principle
and additional heuristics could further improve performance. The more advanced neural
language models (e.g. BERT) did not show improved performance. Indeed, BERT embed-
dings might perhaps obfuscate more than help in detecting the relevant signal in the data.
The notion of author attribution is interesting but given that each author has relatively
little source information it might be hard to extract the relevant signal about the source.
Indeed, this challenging task could be a useful contribution to extending the state of the
art in NLP.

3.3.3 Knowledge Graph Extraction

We are able to extract knowledge graphs useful for analytics. Figure[l|shows a visualization
of such an extraction within Neo4J. We are also able to extract the TextKG and EmailKG
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variants discussed above. We have developed initial node classification models based on
Relational Graph Convolutional Networks but have yet to comprehensively test them.

it View Window Help Developer

Figure 1: Portion of a knowledge graph extracted from W3C emails in Neo4]j

3.3.4 Goals not met

While we were able to transition our technology to AFRL teams including contributing
to an invention disclosure (see below), the project did not produce published work. The
project instead focused on documenting its results in terms of software and working with
our collaborators. The researcher working on the project with the PI transitioned to
another job after the completion of this project and was not able to work on finalizing
a publication. Additionally, the PI spent time working on the research roadmap going
forward.

4 Impacts

Our work has primarily made impact in the principle disciplines in the project specifically
in colloboration and forming a basis for subsequent research work in terms of new results
and defining a research roadmap.

4.1 Collaboration

Our collaboration with the Machine Learning Technologies Section has produced several
results. First, they have been able to use conversationkg to extract a knowledge graph
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from their own email data. The subsequent knowledge graph was then imported into their
specialized analytic environment used for analysts. The knowledge graph view provides a
different perspective than co-ocurrence based methods. This is shown in Figure Ad-
ditionally, we contributed to an IP disclosure on forensic pattern discovery made by the
section.

4.2 Future Work

The work performed in this project led to subsequent research work within INDE lab, in
particular, we have been investigating the challenges of natural language processing tasks.
Here, we are also looking at email corpora including the W3C corpora developed in this
project. One of the first works based on this investigation was looking at the difficulties
of co-reference resolution in the domain of complex conversations, which has been recently
published at the 2021 K-Cap conference [0].

As part of the project, we have defined a future research roadmap based on using
causality to help preform systematic multimodal systematic data fusion. The idea is to
investigate the use of causal theory to provide a strong theoretically grounded approach to
integrate different data sources (audio, yet, video); different qualities of data under different
assumptions. The project outcomes along with the future roadmap were presented in a
meeting with the AFRL stakeholders on January 19, 2021. This research roadmap was
articulated in-depth in a follow-on proposal entitled “CausalFusion: Causal Knowledge
Extraction and Fusion from Multiple Modalities” (FA8655-22-1-7155). The learnings in
this project provided a basis for this roadmap. The datasets and methods explored in this

DISTRIBUTION A: Distribution approved for public release. Distribution unlimited



project will provide a critical foundation for this further investigation.

5 Conclusions

Overall, we made strong steps towards development of a foundation for the extraction
of situated dialogues in the form of knowledge graphs. We have explored a number of
important tasks and obtained initial results in this challenging domain. We released an
open source software package based on these tools. Additionally, we outlined a research
roadmap for developing new theory to systematically address key challenges for data fusion
of situated multimodal dialogue.
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