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1.0SUMMARY

Johns Hopkins University, partnering with the University of Rochester, pursued research and de-
velopment of analytics in support of a larger framework for knowledge-driven hypothesis test-
ing. Performers in the program were charged with collaborating on a data processing framework
that began with raw unstructured content (text, images, video with audio), converted these into
knowledge statements under a shared ontology, merged the results across information sources
into a single knowledge graph, then performed inference on this graph to propose additional in-
formation that could be derived from what was directly observed. We, the JHU team, were fo-
cused on the first step of this process. We proposed a framework that would handle all required
input modalities, but were selected to focus on multilingual text and speech (no computer vi-
sion). We participated as a stand-alone team in the initial phase of the program, providing ana-
lytic outputs as part of the program-wide evaluation run by NIST. In the second phase we pro-
vided fewer components, focusing exclusively on text. These components were shared with
BBN during program evaluation. In the third phase our main focus was on data annotation under
a newly proposed “claim frame” task, which exercised our background in crowd-sourcing rich
linguistic annotations.

We proposed a focus on decompositional semantics: a fine-grain multi-valued handling of mean-
ing. Owing to the program’s ambitious shared goals and concentration on a single program-wide
ontology, we focused between new state of the art language analytic technologies that targeted
the shared tasks, and the development of new decompositional resources targeting aspects out-
side the program ontology. Notable examples of results from our team include: the construction
of RAMs, the first publicly available multi-sentence event extraction dataset; the development of
state of the art multilingual coreference models, including an online variant that handled long
documents with a fixed amount of memory, as well as a new multilingual dataset that focused on
multi-person dialogues; a new supervised approaches to cross-lingual alignment, supporting the
automatic creation of training data through projecting from English to less-resourced languages;
a framework for sentence-level paraphrasing and data augmentation; collaborations on the
emerging science of “probing” neural language models; and the development of new decomposi-
tional resources and analysis across a number of new linguistic dimensions.

Approved for Public Release; Distribution Unlimited.
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2.0INTRODUCTION

The state of the art in language analytics has advanced rapidly in the last ten years. DARPA Al-
DA occurred as neural models for text analysis were rapidly breaking new ground in accuracy.
This began with improvements to the statistical NLP pipelines that came before, and then analytics
began to be trained “end-to-end”: models that no longer required part of speech tagging, syn-tactic
parsing, and so on, to power a holistic language understanding process. Rather, models were
trained directly on the target outputs with the presumption that sufficient linguistic features were
captured inside the parameters of pretrained language models. AIDA ended just as the community
began considering another advance in approach, through in-context learning (prompt-hacking) of
very large-scale language models (LMs) like GPT3, and a general focus on generative LMs.

JHU with its partner the University of Rochester made contributions to the state of the art in neu-
ral models for information extraction, as well as in the new science of probing large language
models. We leveraged our expertise in dataset creation for decompositional semantics, to develop
new datasets specifically geared towards the extraction problems of the AIDA program (specifi-
cally in event extraction and coreference resolution). We developed new resources in decom-
positional semantics, and in the final phase of the program we were dedicated to the new initiative
on understanding how to annotate claims of fact in text (so-called “claim frames”).

With regards to program evaluations, we diligently applied ourselves to the ever changing and
ambitious requirements of NIST and their partners. We found that we regularly were competitive
or superior to other performers in the components that we focused on, especially in multilingual
coreference resolution. As the pipeline requirements and knowledge-driven workflow were being
developed on the fly during the program, it was observed by everyone to be nontrivial to coordinate
across performers, especially in time-sensitive contexts around an evaluation. This unfortunately
led to JHU’s contributions to the pipeline often being limited: strong analytic com-ponents that
were not always fully exercised in the larger prototype framework. Separately from the formal
evaluations we built a stand-alone analytic framework that we open-sourced and re-leased to the
community. This “LOME” package (Large Ontology Multilingual Extraction) saw adoption in
AIDA-related applications outside the program and targeting the mission needs envisioned by the
program. Our efforts in AIDA helped lead in part to participation in additional related programs,
including DARPA KAIROS and IARPA BETTER, all with a primary focus on the development
of enhanced language technologies.

In the following we focus on the key methods and results that emerged from our participation in
AIDA. References are provided where available to scientific articles that provide further detail.
As stated in our summary, notable examples of our results include: the construction of RAMS, the
first publicly available multi-sentence event extraction dataset; the development of state of the art
multilingual coreference models, including an online variant that handled long documents with a
fixed amount of memory, as well as a new multilingual dataset that focused on multi-person dia-
logues; a new supervised approaches to cross-lingual alignment, supporting the automatic creation
of training data through projecting from English to less-resourced languages; a framework for
sentence-level paraphrasing and data augmentation; collaborations on the emerging science of
“probing” neural language models; and the development of new decompositional resources and
analysis across a number of new linguistic dimensions.

Approved for Public Release; Distribution Unlimited.
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3.0METHODS, ASSUMPTIONS, AND PROCEDURES

3.1 INFORMATION EXTRACTION
We made contributions in Coreference Resolution, Entity Typing, and Event Extraction.
3.1.1 Coreference Resolution

Coreference resolution is the task of recognizing that different spans of text in a document are used
by the author to refer to the same entity. E.g., “Ben wrote his report”. Recognizing coreference
is a critical component in knowledge graph construction. E.g., in “Ben wrote his report. He works
at JHU” we might wish to extract the fact that Ben worksFor JHU. Coreference resolution accu-
racy increased during the time of AIDA powered largely by new feature extraction technology
such as BERT. LMs such as BERT take input text and convert the tokens into contextualized
embeddings that lend themselves to performing information extraction tasks. We authored a sur-
vey article on encoders such as BERT, organizing the next steps to improving these models [1].

While encoders such as BERT are powerful when used for sentence-level tasks, such as recogniz-
ing an event or relation, e.g., “He [works for] JHU”, there is a length limit to how much input
these models can take at once: long documents are not able to be contextually encoder in one go.
Further, the Transformers that underly BERT are quadratic in the sequence they process. This
makes them computationally expensive for processing large numbers of long inputs. Prior ap-
proaches to neural coreference resolution would break long documents into smaller contiguous
regions that could fit into an encoder such as BERT and encode them in isolation. Then when
performing coreference, they would consider all entity mentions in a document jointly, which leads
to another quadratic cost, now in the number of entity mentions in an arbitrary document. We
developed a new approach that encoded text incrementally from the start to the end of a document,
like a human would write and read the information, and as we considered each new portion of a
document we would incrementally update clusters of entity mentions; each cluster representing a
discovered entity [2]. This incremental approach had minimal impact on performance compared
to previous global solutions, while being linear rather than quadratic in the length of the document.
This has significant impact to downstream analytic processing frameworks responsible for large
scale processing of collections.

We investigated how well coreference models generalized to new domains [3,4], leading us to
develop methods for rapidly adapt coreference through active learning [5]. Finally, we performed
an investigation on using a sequence to sequence approach to finding entity mentions, inventing a
new procedure we called CopyNext [6]. This mechanism supplemented a standard sequence gen-
eration model with an operation that explicitly copied a token of input to the output, and then
another operation for continuing the operation to copy the next token. In this way, a sequence to
sequence model is provided inductive bias to recognize and copy spans of input to the output, a
central property of information extraction.

Finally, we developed new models and a large new dataset for multilingual coreference resolution,
with a novel focus on multiparty conversations [7].

3.1.2 Entity typing

Entity typing is the task of assigning an entity mention a label according to an ontology. E.g., “Ben
(PERSON) wrote his report (ARTIFACT).” The AIDA program ontology for entities and events
was organized using a hierarchical structure.

Approved for Public Release; Distribution Unlimited.
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Figure 1: Example of a subset of the AIDA Phase 1 Entity Ontology.

Under a hierarchical ontology entities are assigned labels under a tree structure, including coarse
conceptual classes at the higher levels, and finer grain distinctions in lower levels. E.g., “Ben
(ANIMAL/PERSON/PROFESSOR) wrote ...”. Prior work in predicting labels under a hierar-
chical ontology had largely focused on either predicting labels at each level independently with
post hoc constraints ensuring a valid total label, or in treating each full path in a hierarchy as a
distinct label. This independence assumption is problematic when there is limited training data:
examples that are close in an ontology, e.g., different kinds of PERSON, may appear in similar
distributional contexts. When treated as independent then a model must learn a representation for
each label based only on the examples for that given label. We developed an approach to neural
representation learning of the nodes in a hierarchy such that training examples that were labeled
with similar paths would share more information under the model than those examples which were
more ontologically distinct. This approach was motivated by the fact that under Phase 1 of AIDA
there were very few training examples made available to performers for the new ontology. An-
other contribution of our approach included inference time recognition of the hierarchy, that pre-
dictions began at the root of the ontology and incrementally selected labels one level at a time,
conditioned on the current position in the hierarchy. This effort led to state of the art performance
on various hierarchical typing datasets [7].

3.1.3 Event extraction

Recognizing events and their arguments is traditionally considered a sentence-level information
extraction task. E.g., “/Ben] wrote his [report] ”. We developed a number of new approaches to
this task under the course of AIDA.

A regular motivating concern in AIDA was the lack of training data even while new additions
were being made to a novel ontology that required analytic support. We recognized that even while
there were few or zero examples annotated for some parts of the ontology, there were definitions
provided for each of these concept classes, meant for consumption by humans. We explored an

Approved for Public Release; Distribution Unlimited.
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approach that could leverage this kind of information directly to a model, through the use of what
we called bleached examples.

Annotation guidelines
5.5.1 ATTACK

An ATTACK Event is defined as
ATTACK Events include any su
subtypes, including Events why¢
type includes less specific vig" -
nd ‘fighting’. 'Gunfire’, whi
wld always be tagged

acy. A ‘cous’
Bleached definitions Labeled examples
some person attacked
ATTACKER
some other person with
i ———— 2]
TARG Attack! :
1 e~ Target ———— e I3

yme weapon or vehicle in
Some wear S 2e murder of a Japanese taxi driver,
INSTRUMENT
une location at some tim
LLACE TIMS

Our proposed system ~

Figure 2: Comparison of data sources for human annotators, traditional information ex-
traction sys-tems, and our approach.

In a bleached example, we might define the ATTACK event as:

[some person]:ATTACKER attacked [some other person]:TARGET with [some weapon or vehi-
cle]:INSTRUMENT at [some time]:TIME at [some location]:LOCATION.

Our intuition was that an encoder such as BERT would have significant understanding of a sen-
tence such as: “Some person attached some other person with some weapon or vehicle ... ”, where
contextually the spans corresponding to each ontological argument slot for the given event would
be “understood” by the model. Even if we have limited training examples for an event, we might
still be able to glean information about how to represent each slot, through the contextual encoding
of just a single bleached example per event. We constructed a model under this assumption [8],
where argument prediction was performed by incrementally replacing the bleached arguments,
e.g., “someone”, with text spans drawn from an input text. In this way we could construct a
knowledge statement in English that could deterministically be mapped into the desired knowledge
graph format.
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Figure 3: An example of our approach on a sentence for a LIFE:DIE event.

AIDA — in comparison to most previous efforts on document understanding — required performers
to extract the arguments for events across multiple sentences. For example, in, “Ben wrote. The
report was eventually complete.”, this describes a WRITING event with arguments, “Ben” and
“The report.” Limited prior work and data existed for this version of event extraction. This moti-
vated us to create a dataset following the AIDA Phase 1 ontology through crowdsourcing, which
we called RAMS (Roles Across Multiple Sentences) [10].

When Russian aircraft bombed a remote garrison in
southeastern Syria last month, alarm bells sounded at the
Pentagon and the Ministry of Defense in London.

2

Conflict/Attack/
¥ AirstrikeMissileStrike

rebel outpost, accordin U.S. officials.

Figure 4: A passage annotated for an event's trigger, type, and arguments.

In RAMS we carefully enumerated examples of lexical triggers for each event type under the
AIDA ontology, then selected five contiguous sentences from documents pulled from online ma-
terials that matched these terms. Annotators were asked to verify that matching text did refer to
an event, that the event was being described as having happened, and that the type of event it was
referring to matched the definition under AIDA. Based on locating valid event references, we then
asked annotators to highlight spans of text corresponding to arguments that were within two sen-
tences before and after the event mention. This dataset was the first large scale resource of its kind
released to the public and has subsequently had significant influence in the information extraction
community. In our own work for RAMS we developed a model for performing multisentence
argument event linking that drew on our modeling experiences for coreference. In this approach,
for each event trigger detected in a text, we implicitly introduced a bleached argument for the event
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of each type into the discourse context. These arguments were then used as entity mentions that
needed to be “coreferenced” to other mentions in the local context [10].

In subsequent work we developed an improved model that relied on a three step process: (1) event
and entity mentions were first located independently; (2) for each event span, all entity mentions
were concatenated to that event span, with their respective span-level embeddings derived from
an underlying encoder such as BERT; then (3) these span-level representations were re-encoded
under a new Transformer model developed just for this task. In this way, the representations of
each entity mention were modified based on a given event-mention query. Argument prediction
could then be performed atop these modified representations [11].

' It showed footage of ambulances arriving at the Kilis State hospital :
: .

rand medical personnel unloading children on stretchers and a girl | BERT

estination

\wrapped in a blanket , as well as a handful of aduts. | | meckcal personne
" They it the school  they it the school ,* waled 2 Syran woman | | lavg|- Transformer — |[Passenger]
{who was unloaded from an ambulance onto a wheschalr. !
The Observatory and i - Halaby also reported an air id on the. | | o (( aGBsanatan =
village of Kaljibrin near Azaz . i

Figure 5: An example of performing joint argument linking in RAMS.

Our models developed for information extraction under AIDA were combined into a single pub-
licly available system we called LOME: Large Ontology Multilingual Extraction [12].

‘ Multilingual coreference
‘ Multilingual ‘ resolution
Raw Text . g. FrameNet Parser —
‘ Tokenization ‘ ‘
The rabbit ate a carrot. Therabbit ate a carrot. Fine-grained hierarchical entity
EFBTK =T : typing
Translation: The rabbit water
Entities Events
- - Temporal relation prediction
T\:e rapbnt [alr;lmall) l Before Ingestion:
entions: “The rabbit
Ingestor: & F
u, H% % » -
e e s - Ingestion:
| carrot.” Ingestor: The rabbit Third-party systems (e.g.
| Mentions: “ 7k Ingestible: a carrot relation extraction)

Figure 6: Illustration of the LOME system.
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We describe our work in decompositional event understanding in Section 3.5.

3.2 METHODS FOR DATA AUGMENTATION

AIDA analytics needed to support an ontology that grew regularly over the program, without a
large amount of annotated examples that would drive performance. This drove us to develop new
methods for (semi-)automatic generation of additional training examples.

3.2.1 Supervised Alignment and Projection

The majority of annotated IE training data is in English. When building IE systems for non-Eng-
lish languages we would prefer to not have to annotate again for each such language. As Machine
Translation quality improves it is a reasonable question to ask whether we can translate training
data and use that for training IE systems. In such a process two components are needed: (1) a
translation model; and (2) a method for projecting the annotations from the source language (usu-
ally English) to the translated target side language. The majority of prior work in bitext alignment
was unsupervised and meant for aligning all parts of an input to all parts of an output. In IE,
usually only certain spans of are interest, e.g., those referring to entities or events. We explored a
solution to alignment that was developed for IE data projection, and that assumed access to some
amount of time from a bilingual professional that could provide example annotations for alignment
[13]. We observed that even modest amounts of supervision provided to our new alignment model
could go a long way in driving accurate projections. We employed this supervised alignment
model in creating supplemental training data during AIDA, and our work led to interest in the
community to continue developing on this idea.

President Zemin Jiang will leave Beijing
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Figure 7: Projecting named entity annotations from English to Chinese.

3.2.2 Paraphrastic Augmentation

The ParaBank line of research explored ways to generate lexically and syntactically diverse para-
phrases, with constraints. When combined with our work in annotation projection through align-
ment this allowed for rapid construction supplemental IE training data.

In our initial work we developed the resource ParaBank, a large-scale English paraphrase dataset
that surpassed prior work in both quantity and quality [14]. We trained a Czech-English neural
machine translation system to generate novel paraphrases of English reference sentences. By add-
ing lexical constraints to the decoding procedure we were able to produce multiple high-quality
sentential paraphrases per source sentence, yielding an English paraphrase resource with more than
4 billion generated tokens and exhibiting significant lexical diversity. Using human judgements
we demonstrated that ParaBank's paraphrases improve on prior work on both semantic similarity
and fluency. This resource allowed us to train a monolingual sentence rewriter that supported lex-
ically constrained decoding.
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