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1 SUMMARY

This grant supported research on information extraction (IE) — the process of converting
unstructured natural language text into semantically-meaningful structured data, such as might be
stored in a relational database. We developed new methods for two types of IE: entity linking and
event extraction, and open information extraction.

Entity Linking (EL) is a central (IE) task — given a textual passage, identify entity mentions
(substrings corresponding to world entities) and link them to the corresponding entry in a given
Knowledge Base. We developed a simple and modular, unsupervised EL system, VINCULUM,
and compared it to the two leading sophisticated EL systems on a comprehensive set of nine
datasets. While our system does not consistently outperform the best EL system, it does come
remarkably close and serves as a competitive baseline for future research. Furthermore, we carry
out an extensive ablation analysis, whose results illustrate 1) even a near-trivial model using
CrossWikis [44] performs surprisingly well, and 2) incorporating a fine-grained set of entity types
raises that level evenhigher.

Event extraction is the process of mapping a sentence describing an action or event to a relation
between the entities involved, such as may be added to a relational database. Our work develops
a new unsupervised technique, NEWSSPIKE-RE, to both discover event relations and extract
them with high precision as well as a novel semi-supervised method. The intuition underlying
NEWSSPIKE-RE is that the text of articles from two different news sources are not independent,
since they are each conditioned on the same real-world events. By looking for rarely described
entities that suddenly “spike” in popularity on a given date, one can identify paraphrases. Such
temporal correspondence [49] allow one to cluster diverse sentences, and the resulting clusters
may be used to form training data in order to learn event extractors. Furthermore, one can also
exploit parallel news to obtain direct negative evidence. Our NEwWSSPIKE-RE system encapuslates
these intuitions in a novel graphical model. Experiments demonstrate that it has extremely high
performance. Furthermore, we introduce and evaluate a semi-supervised method for combining
labeled and unlabeled data for event extraction, showing significant performance improvements on
multiple event extractors over ACE 2005 and TAC-KBP 2015datasets.

In addition we made fundamental contributions to numerous NLP tools used in these high-level
tasks, including better coreference detection, semantic parsing and tractable inference.

2 INTRODUCTION

This grant supported research on information extraction (IE) — the process of converting
unstructured natural language text into semantically-meaningful structured data, such as might be
stored in a relational database. We developed new methods for two types of IE: entity linking and
event extraction, and open information extraction. The simplest form of IE is entity linking —
mapping a textual substring into the corresponding entity in a background knowledge base. Event
extraction is the process of mapping a sentence describing an action or event to a relation
between the entities involved, such as may be added to a relational database. In addition to our
core work on IE, we also developed new natural language processing tools (semantic parsing)
and worked on efficient algorithms for inference over extracted knowledge bases.

1
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2.1 Entity Linking

Entity Linking (EL) is a central Information Extraction (IE) task — given a textual passage, identify
entity mentions (substrings corresponding to world entities) and link them to the corresponding
entry in a given Knowledge Base (KB, e.g. Wikipedia or Freebase). Forexample,

JetBlue begins direct service between Barnstable Airport and JFK International.

Here, “JetBlue” should be linked to the entity KB - JetB lue, “Barnstable Airport” toKB:Barnstable
Municipal Airport, and “JFK International” to KB:John F. Kennedy International
Airport?!. The links not only provide semantic annotations to human readers but also a machine-
consumable representation of most basic semantic knowledge in the text. Many other NLP
applications can benefit from such links, such as distantly-supervised relation extraction [5, 41, 21,
24] that uses EL to create training data, and some coreference systems that use EL for disambiguation
[15, 52]. Unfortunately, in spite of numerous papers on the topic and several published data sets, there
is surprisingly little understanding about state-of-the-art performance.

We argue that there are three reasons for this confusion. First, there is no standard definition of
this problem. A few variants have been studied in the literature, such as Wikification [36, 40, 3]
which aims at linking noun phrases to Wikipedia entities and Named Entity Linking (aka Named
Entity Disambiguation) [32, 20] which targets only named entities. Here we use the term Entity
Linking as a unified name for both problems, and Named Entity Linking (NEL) for the subproblem
of linking only named entities. But names are just one part of the problem. For many variants
there are no annotation guidelines for scoring links. What types of entities are valid targets? When
multiple entities are plausible for annotating a mention, which one should be chosen? Are nested
mentions allowed? Without agreement on these issues, a fair comparison is elusive.

Secondly, it is almost impossible to assess approaches, because systems are rarely compared
using the same data sets. For instance, Hoffart et al. [20] developed a new data set (AIDA) based on
the CoNLL 2003 Named Entity Recognition data set but failed to evaluate their system on MSNBC
previously created by [6]; Wikifier [3] compared to the authors’ previous system [40] using the
originally selected datasets but didn’t evaluate using AIDA data.

Finally, when two end-to-end systems are compared, it is rarely clear which aspect of a system
makes one better than the other. This is especially problematic when authors introduce complex
mechanisms or nondeterministic methods that involve learning-based reranking orjoint inference.
To address these problems, we analyzed several significant inconsistencies among the data sets and
suggest resolutions, which we hope can facilitate construction of a consistent annotation guide- line
in the near future. To have a better understanding of the importance of various techniques, we
developed a simple and modular, unsupervised EL system, VINCULUM. We compared VINCULUM
to the two leading sophisticated EL systems on a comprehensive set of nine datasets. While our
system does not consistently outperform the best EL system, it does come remarkably close and
serves as a competitive baseline for future research. Furthermore, we carry out an extensive ablation
analysis, whose results illustrate 1) even a near-trivial model using CrossWikis [44] performs
surprisingly well, and 2) incorporating a fine-grained set of entity types raises that level even higher.
In summary, our work on entity linking makes the following contributions:

We use typewriter font, e.g., KB:Enti ty, to indicate an entity in a particular KB, and quotes, e.g., “Mention”, to
denote textual mentions.

2
Approved for Public Release; Distribution Unlimited



. Weanalyze and discuss the differences among several versions of the entity linking problem,
compare existing data sets, and suggest guidelines for future dataannotation.

. We present a simple yet effective, modular, unsupervised system, VINCULUM, for entity
linking. We make the implementation open source and publicly available for future research.

. Wecompare VINCULUM to 2 state-of-the-art systems on an extensive evaluation of 9 data sets.
We also investigate several key aspects of the system including mention extraction, candidate
generation, entity type prediction, entity coreference, and coherence betweenentities.

2.2 Relation & Event Extraction

Relation extraction, the process of extracting structured information from natural language text,
grows increasingly important for Web search and question answering. Event extraction is similar,
but the relations correspond to events. Traditional supervised approaches, which can achieve high
precision and recall, are limited by the cost of labeling training data and are unlikely to scale to the
thousands of relations on the Web. Another approach, distant supervision [5, 46], creates its own
training data by matching the ground instances of a Knowledge base (KB) (e.g. Freebase) to the
unlabeled text.

Unfortunately, while distant supervision can work well in some situations, the method is limited
to relatively static facts (e.g., born-in(person, location) or capital-of(location,location)) where there
isacorresponding knowledge base. But what about dynamic event relations (also known as fluents),
such as travel-to(person, location) or fire(organization, person)? Since these time-dependent facts
are ephemeral, they are rarely stored in a pre-existing KB. At the same time, knowledge of real-time

events is crucial for making informed decisions in fields like finance and politics. Indeed, news
stories report events almost exclusively, so learning to extract events is an important open problem.
Our work develops a new unsupervised technique, NEWSSPIKE-RE, to both discover event
relations and extract them with high precision as well as a novel semi-supervised method. The
intuition underlying NEwsSPIKE-RE is that the text of articles from two different news sources
are not independent, since they are each conditioned on the same real-world events. By looking
for rarely described entities that suddenly “spike” in popularity on a given date, one can identify
paraphrases. Such temporal correspondence [49] allow one to cluster diverse sentences, and the
resulting clusters may be used to form training data in order to learn event extractors. Furthermore,
one can also exploit parallel news to obtain direct negative evidence. To see this, suppose one day
the news includes the following: (a) ““Snowden travels to Hong Kong, off southeastern China.”” (b)
“Snowden cannot stay in Hong Kong as Chinese officials will not allow ...”” Since news stories are
usually coherent, it is highly unlikely that travel to and stay in (which is negated) are synonymous.
By leveraging such direct negative phrases, we can learn extractors capable of distinguishing
heavily co-occurring but semantically different phrases, thereby avoiding many extraction errors.
Our NEwsSPIKE-RE system encapuslates these intuitions in a novel graphical model making the
following contributions:

- We develop a method to discover a set of distinct, salient event relations from news streams.

. Wedescribe an algorithm to exploit parallel news streams to cluster sentences that belong to
the same event relations. In particular, we propose the temporal negation heuristic to avoid
conflating co-occurring but non-synonymous phrases.

3
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We introduce a probabilistic graphical model to generate training for a sentential event
extractor without requiring any human annotations.

We introduce a semi-supervised method for combining labeled and unlabeled data for event

extraction, showing significant performance improvements on multiple event extractors over
ACE 2005 and TAC-KBP 2015 datasets.

All posslble: entiies |2s5 conbent
== — sEnfence
Consference mocument
] = B — worid knowiedge
more comext

Cne meet kel entity

Figure 1: The process of finding the best entity for a mention. All possible entities are sifted through
as VINCULUM proceeds at each stage with a widening range of context in consideration.

2.3 Supporting Tools and Methods

In addition we made fundamental contributions to numerous NLP tools used in these high-level
tasks, including better coreference detection, semantic parsing and tractable inference.

3 METHODS, ASSUMPTIONS, AND PROCEDURES

3.1 Entity Linking

Inthis section, we present VINCULUM, asimple, unsupervised EL system that performs comparably
to the state of the art. As input, VINCULUM takes a plain-text document d and outputs a set of
segmented mentions with their associated entities Aqg :{(mi, Ii)}. VINCULUM begins with
mention extraction. For each identified mention m, candidate entities Cr = fCjy are generated
for linking. VINcuLUM assigns each candidate a linking score s(cj;m, d) baseé on the entity type
compatibility, its coreference mentions, and other entity linksaround this mention. The candidate

entity with the maximumscore, i.e. | = ar%ngaxs(c Im, d), is picked as the predicted link of m.

Figure 1 illustrates the linking pipelineethat follows mention extraction. For each mention,
VINCULUM ranks the candidates at each stage based on an ever widening context. For example,
candidate generation (Section 3.1) merely uses the mention string, entity typing (Section 3.1) uses
the sentence, while coreference (Section 3.1) and coherence (Section 3.1) use the full document and
Web respectively. Our pipeline mimics the sieve structure introduced in [26], but instead of merging
coreference clusters, we adjust the probability of candidate entities at each stage. The modularity of
VINCULUM enables us to study the relative impact of its subcomponents.

Mention Extraction The first step of EL extracts potential mentions from the document. Since
VINCULUM restricts attention to named entities, we use a Named Entity Recognition (NER)

4
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system [12]. Alternatively, an NP chunker may be used to identify the mentions.

Dictionary-based Candidate Generation

While in theory a mention could link to any entity in the KB, in practice one sacrifices little
by restricting attention to a subset (dozens) precompiled using a dictionary. A common way to
build such a dictionary D is by crawling Web pages and aggregating anchor links that point to
Wikipedia pages. We adopt the CrossWikis dictionary, which was computed from a Google crawl
of the Web [44]; the frequency with which a mention, m, links to a particular entity, c, allows one
to estimate the conditional probability p(cjm).

In addition, we employ two small but precise dictionaries for U.S. state abbreviations and
demonyms when the mention satisfies certain conditions. For U.S. state abbreviations, a comma
before the mention is required. For demonyms, we ensure that the mention is either an adjective or
a plural noun.

Incorporating Entity Types For an ambiguous mention such as “Washington”, knowing that
the mention denotes a person allows an EL system to promote KB :George Washington while
lowering the rank of the capital city in the candidate list. We incorporate this intuition by combining
it probabilistically with the CrossWikis prior.

plejm, ) = Zp[r:, tlm, s) = er}{r:|m, t,s)p(t|m, s) .

tel’ teT

where S denotes the sentence containing this mention m and T represents the set of all possible
types. We assume the candidate ¢ and the sentential context s are conditionally independent if both

the mention m and its type tare given. In other words, p(c|m, t,s) = p(c|m, t), the RHS of which
canbeestimated by renormalizingp(c|m)w.r.t. typet:

pleclm)

Z”_” ple|m) ’

plelm, t) =

where c tjindicates that t is one of ¢’s entity types.? The other part of the equation, p(t m, s), can

be estimated by any off-the-shelf Named Entity Recognition system, e.g. [12] and [29].
Coreference It is common for entities to be mentioned more than once in a document. Since some
mentions are less ambiguous than others, it makes sense to use the most representative mention
for linking. To this end, VINCULUM applies a coreference resolution system (e.g. [26]) to cluster
mentions that are coreferent. The representative mention of such a cluster is chosen for linking.
While there are more sophisticated ways to integrate EL and coreference [15], VINCuLUM’s pipeline
is simple and modular.

2\We notice that an entity often has multiple appropriate types, e.g. a school can be either an organization or a
location depending on the context. We use Freebase to provide the entity types and map them appropriately to the target
type set.

3When two mentions overlap, we choose the one without a relative clause, which is favorable for candidate
generation.

5
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Coherence When KB:Barack Obama appears in a document, it is more likely that the mention
“Washington” represents the capital KB -Washington, D.C. asthetwo entities are semantically
related, and hence the joint assignment is coherent. A number of researchers found inclusion
of some version of coherence is beneficial for EL [6, 36, 40, 20, 3]. For incorporating it in
VINCULUM, we seek a document-wise assignment of entity links that maximizes the sum of the
coherence scores between each pair of entity links coh(cm,, cm;) predicted in the document d,

ie Z Dl bn,) where ¢ is a function that measures the coherence between two

g Mg

entities and Im,; (Im;) is one of the candidates of m;(m; ). Instead of searching for the exact

solutidn In d brute-forcé manner (O( Cc M D) wherelC £ maxm Cm ), we isolate each mention
and greedily look for the best candidate by fixing the predictions of other mentions, allowing

linear time search (O(|C[ - [M])).

Specifically, for a mention m and each of its candidates, we compute a score

coh(e) = # Z dp,c), e € O,

PP\ {pm}
where Pgq is the union of all intermediate links {pm} in the document.

Since both measures take values between 0 and 1, we denote the coherence score coh(c) as
pe(c| Pg), the conditional probability of an entity given other entities in the document. The final
score of a candidate is the sum of coherence p,(c Pqg), and type compatibility p(c| m, s).

Two coherence measures have been found to be useful: Normalized Google Distance (NGD)
[36,40] and relational score [3]. NGD between two entities ciand c; is defined based on the link
structure between Wikipedia articles as follows:

. N " logl meae (| Ly | L [ —log( | L 5]
?JJV?FJI:_{"L‘_(_'J'_}___ ]___ log{ W) Iwg{rni|:||{|_1’;1|:|1':i|}:I’I

where Lj and L; are the incoming (or outgoing) links in the Wikipedia article for ¢; and ¢;
respectively and W is the total number of entities in Wikipedia. The relational score between the
two entities is a binary indicator whether a relation exists between them. We use Freebase” as the
source of the relation triples F={(sub, rel, obj)}. Relational coherence is defined as:

1 dr, (e, r.ej)or(ej,re) el

(0  otherwise.

‘;l'::'fﬂhff_-{ffi:. Iij] = {

“The mapping between Freebase and Wikipedia is provided at https://developers.google.com/
freebase. 6
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3.2 Relation & Event Extraction

The UW event extraction system is composed of three separate systems which can each operate as
independent event and argument extractors. Two of these systems were newly developed for the 2016
TAC KBP; the third, NewsSpike, is an existing UW event extractor.

Evento is a CRF-based structured event and argument extractor. It takes a pipelined approach in
which each stage of the pipeline uses a loss-augmented training function allowing it to be tuned to
improve either precision or recall.

NomEvent is a supervised extractor with a focus on extracting events triggered by nouns. It uses a
lexicon of likely nominal event triggers generated through an automated process (described below) to
generate features.

NewsSpike is trained using an unsupervised process based upon OpenlE principles, so the set
of events it extracts is not based upon the Rich ERE (RERE) ontology [48]. In order to
participate in the TAC KBP evaluation, a mapping was created from NewsSpike events to RERE.
Only a subset of NewsSpike’s events could be mapped to RERE events, so NewsSpike served as a
low recall but high precision contributor to the overall system.

Both Evento and NomEvent use a pipelined approach, in which a document is passed through
the following process: (1) Preprocessing with Stanford CoreNLP (POS, NER, dependency parsing,
and lemmatization), (2) Entity Extraction, (3) Trigger Extraction and Classification, (4) Argument
Classification, (5) RealisClassification.

The preprocessing step is identical for both systems, but they differ in the remaining steps. Both
systems use linear classifiers to perform trigger and argument classification, but differ in the features
used in their classifiers, as shown in Table 1. Evento and NomEvent were both trained on the ACE
2005 corpus, while NomEvent’s training data was also supplemented with Rich ERE data from
LDC2016E60.
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Table 1: A comparison of features used in the trigger classifiers of Evento and NomEvent

Trigger Features

Token bigram

Dependency bigram

Dependent lemma

Evento & NomEvent | Governor lemma

NER types in sentence

Entity types in sentence

POS tags

Basic WordNet Synonyms

Brown Clusters

Token Word2Vec embedding
Dependency path to senfence nouns
Document-level Event Basket hits
NomEvent only Event Basket Bag of Words

Event Basket Distance Comparison
WordNet lexname

WordNet traversal features

Evento only

3.2.1 Evento

Evento is a supervised system that uses a structured model with features primarily based on those
used by [27], which is the current state-of-the-art for models with discrete features.

3.2.2 Entity Extraction

Entity extraction in Evento uses a semi-Markov conditional random field. Given a sentence x =

(X1,...,%n) the model considers sequences of labeled spanss = ((11, by, 1), (12, b2,€2), ..., (Ik, bk, €)),
where 1; € {Entity, Non-Entity } is a label for each span and bj,e; € {0,1...n} are fenceposts for

Table 2: Features used during the entity extraction step of Evento. Word properties capture
information about the capitalization, numbers, and punctuation in a word.

Evento Entity Features
Word Features | Span Features
Word properties | Token n-gram context

Token Span length
Prefixes Dependency arcs entering/leaving span
Suffixes Phrase type of span in constituency tree

each span such that bj < ej and ej = bj+1.
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The model places distributions over these sequences given the sentence as follows:

po(s|x) ocexp (ET ZI{:;:, (€;, by, Eel}})

i=1

where f is a feature function that computes features for a span given the input sentence. The feature
function we use includes both the union of token level features fired for each token in a span as well
as features fired for the overall span. The specific features we use are outlined in Table 2.

We train this model on the gold entity annotations found in the ACE 2005 corpus?. In order to
train the model, we maximize the conditional log likelihood of the training data augmented with a
loss function via softmax-margin. We optimize using the AdaGrad algorithm with L regularization.

Evento Trigger Extractor Both the trigger and argument classification stages in Evento are
performed using linear-chain conditional random fields (CRF). Similar to entity extraction, we train
the models by maximizing the conditional log likelihood of the training data augmented with a
loss function and optimize using AdaGrad with L, regularization. During trigger extraction, each

token in a sentence is assigned a label. Each label is either an event type we are interested in or
NO-EVENT signifying that the token is not a trigger. The features we use for triggerclassification
are given in Table 1.

Evento Argument Extractor As mentioned in the previous section, we use a CRF to perform
argument classification. Foreverytrigger identified inthe previous step, the system assigns argument
roles to each entity in the sentence. The possible roles depend on what arguments a particular event
can take, as well as NO-ARGUMENT signifying that the entity did not participate in the event. Note
that multiple triggers can occur in a sentence, so the system may have to classify an entity multiple
times for separate event triggers. The features we used are outlined in Table3.

3.2.3 NomEvent

The motivation behind NomEvent is to use existing NLP resources to develop an event extraction
system focused on identifying events triggered bynouns.

We first aim to develop a lexicon of likely nominal event triggers by starting with a seed verb
corresponding to an event and then searching WordNet and FrameNet for related nominal forms.

2https://www.ldc.upenn.edu/collaborations/past-projects/ace
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Table 3: Features used during the argument extraction step of Evento.

Evento Argument Features
Token bigrams

POS bigrams

Distance to trigger word
Dependency path to trigger word
NER Tags

Table 4: The seed verb and synsets used on the creation of the NomEvent lexicon entry for
Conflict.Attack are shown, along with some of the twenty-six words in the resulting lexicon.

NomEvent Lexicon Generation
Event Conflict. Attack
Seed verb attack
attack.n.01
Hand-selected synsets attack.v.01
attack.v.06
Occupation
Offensive
Onrush
Resulting Lexicon (sclections) | Raid
Storm
Strike
Torpedo

This lexicon isthen used to build features for asupervised classifier. A pre-trained Google Word2Vec
model trained on Google News data was used in developing the lexicon and in the classifier.

NomEvent was developed with a focus on detecting events triggered by nouns, but the process
was adapted detect events triggered by verbs as well. Both a nominal-trigger-only NomEvent
system and an all-trigger NomEvent system were used in the evaluation, as described below in the
descriptions of each run.

3.2.4 Lexicon Construction

In order to develop the lexicon of potential nominal event triggers, we start with a seed verb for each
event in the ontology. In most cases, the event subtype is used as the seed verb, such as “attack” for
Conflict.Attack or “meet” for Contact.Meet. In cases where the event subtype was not suitable as
a single verb, such as for Personnel.Start-Position, a human user selected a word to use as a seed
(in this example, “hire”). For a few events, there was not a single obvious word that completely
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characterized the event, such as Personnel.EndPosition; potential verbs for this event might include
“quit”, “fire”, or “layoff”. For the system presented here, one of these words was selected by the
user (in this example, “quit™).

Once a seed verb has been selected for each event, a human user searched WordNet for synsets in
which that word participated and selected one or more synsets with definitions that best characterized
that event. This operation took less than 5 minutes of user time per event. An alternate version was
explored where the most common synset for each seed verb was used, but this method was found to
produce less accurate results.

Once a selection of synsets is made, all lemmas for each synset were retrieved, along with
immediate hyponyms. For each lemma on the resulting list, the cosine distance between the
Word2Vec embeddings for that lemma and its corresponding seed verb was calculated, and any
lemmawith adistance greater than 0.75 was discarded. For each remaining lemma, all derivationally-
related nouns are then added to the lexicon. (For the version of the system which identifies triggers
from any part of speech, all related forms are added). Table 4 shows the seed verb and synsets used
for the Conflict. Attack event, as well as selected nouns in the resulting lexicon.

When a lemma is added to the lexicon, an additional set of features related to that lemma are
also saved for use in the trigger classifier. These features, listed on Table 1 as “WordNet traversal
features”, include the cosine distance to the seed verb, the total number of times that lemma appeared
in the WordNet traversal for that seed verb, the WordNet corpus frequency for that lemma, and the
percent of all corpus mentions for that synset which that lemmarepresented.

In addition, a FrameNet search is made for each seed verb. If a frame is found which matches
the event, any nouns participating in that frame are added to the lexicon if not already present.

Entity Extraction A CRF-based entity extractor was trained on the ACE 2005 corpus. Features
included part-of-speech, NER tag, and word shape.

NomEvent Trigger Extractor The NomEvent trigger extractor uses an L2-regularized multil-
abel logistic regression classifier to process each word in a sentence in sequence and apply a label
(either an event subtype or “None”). In addition to conventional features (summarized on Table 1),
several features are calculated based on the lexicon. We use “Event Basket” to designate the words
in the lexicon associated with each event.

The first lexicon-based feature is the number of words in the document which are present in each
Event Basket. This feature is based on the observation that many newswire documents constitute
a narrative which repeatedly references elements of an event throughout the article, so potential
triggers which appear in a surrounding context containing many words related to that event are
highly likely to relate to anevent.

The second lexicon-based feature is a simple binary vector indicating if the token lemma
matched any of the lexicon words. If one of the words was matched, the features described above
that were gathered in the traversal of WordNet are included as well.

The final lexicon-based feature is, for each event, the average cosine distance between the word
embedding for the token lemma and the embedding for each word in the event basket for that
event. This provides a score for each event which represents the distance of the token to the setof
embeddings which represent that event.

NomEvent Argument Extractor When a trigger has been identified in a sentence, all entities
in that sentence are classified to determine whether they are argument for the event. The argument
classifier is identical to the trigger classifier, but with the addition of several features: Dependency
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path to trigger, dependency path length, distance to trigger, entity type, NER type of previousand
next word, and whether the prior or next lemma were on a small hand-collected list of words such
as “the”, “to”, and “of”. In addition, the event basket Word2Vec similarity comparison was replaced
with Word2Vec comparisons with a small manually generated list of words related to event roles
such as “city”, “company”, and “attacker”.

3.2.5 Adapting NewsSpike to TAC Ontology

NewsSpike is an event extractor which uses an unsupervised method based on Open Information
Extraction principles to generate and cluster data on which it is trained [48]. The set of events on
which it is trained is thus discovered from data and does not correspond to a pre-set ontology. In
order to adapt NewsSpike to the Rich ERE ontology, a mapping was created to map each of the
150 events which NewsSpike extracts to an RERE event, or to null if no RERE event existed. This
mapping was completed manually. Of the 150 NewsSpike event, only 65 could be mapped to the
events in the ontology for this year’s EAL and Nugget evaluations. Many NewsSpike events are
fine-grained, so of these 65, many only partially corresponded to the ERE counterpart; for example,
the NewsSpike events “apologize”, “assure”, “congratulate”, “reach out”, “talk”, and “warn” were
all mapped to Contact.Correspondence. The existing NewsSpike system was trained on a wide
ranging corpus of news articles scraped from the web. A version of NewsSpike trained on a domain
better corresponding to the TAC ontology would likely provide more meaningful results.

3.3 Semi-Supervised Event Extraction

We also developed a method for self-training event extraction systems by bootstrapping additional
training data. This is done by taking advantage of the occurrence of multiple mentions of the
same event instances across newswire articles from multiple sources in much the same way as
performed in our unsupervised approach. If our system can make a high-confidence extraction of
some mentions in such a cluster, it can then acquire diverse training examples by adding the other
mentions as well. Our goal is to automatically add high quality labeled examples, which can then be
used as additional training data to improve the performance of any event extraction model. Our data
generation process has three steps. The first is to identify clusters of news articles all describing
the same event. The second step is to run a baseline system over the sentences in these clusters to
identify events found in each cluster. Finally, once we have identified an event in one article in a
cluster, our system scans through the other articles in that cluster choosing the most likely trigger in
each article for the given eventtype.

Cluster Articles In order to identify groups of articles describing the same event instance, we
use an approach inspired by the NewsSpike idea introduced in [48]. The main intuition is that rare
entities that are mentioned a lot on a single date are more indicative that two articles are covering
the same event. We assign a score, S, to each pair of articles, (aj, a;) appearing on the same day, for
whether or not they cover the same event, as follows:

Z count(e, date,, 4 )

Sla;, a;) = ,
(i, a;) count(e, corpus)

(el h:"l r ]h:"'.l
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where E; is the list of named entities for the article a, and count is the number of times the entity
appears on the given date, or in the whole corpus. This follows from the intuition above by reducing
the weight given to common entities. For example, United States appears 367k times in the corpus,
so it is not uncommon for it to appear hundreds of times on a single day, and articles mentioning it
could be covering completely different topics. Meanwhile Les Miles appears only 1.6k times in
the corpus, so when there are hundreds of mentions involving Les Miles on a single day, it is much
more likely that he participated in some event. Accumulating these counts over all shared entities
between two articles thus indicates whether the articles are covering the same event. We then group
all articles that cover the same event according to this score into clusters.

Label Clusters Then, given clusters of articles, we run a baseline extractor which was trained on
what limited amount of fully-supervised training data is available. The hope is that one or more of a
cluster’s sentences will use language similar enough to our training data that the extractor can make
an accurate prediction. Our system keeps any cluster in which the baseline system identifies at least
some threshold, Bevent, Of event mentions for a single event type, and labels those clusters with the
identified type.

Assign Triggers After labeling, the event clusters are comprised of articles in which at least one
sentence should contain event mentions of the labeled type. Because most current event extraction
systems require labeled event triggers for sentences, we identify those sentences and the event
triggers therein so that we can run the baseline systems. For each sentence we identify the most
likely trigger by checking the similarity of the word embeddings to the canonical vector for that
event. This vector is computed as the average of the embeddingsof the event triggers, vt, in the
gold training data: | >

Vevent TTowent] gy

PE Trmmrmat
where Tevent IS the set of triggers for this event in the gold training
data. If the maximum similarity is greater than some threshold, 6sim, the sentence and the

corresponding trigger are added to the training data.

Event Trigger Identification Systems Event extraction tasks such as ACE and TAC-KBP have
frequently been approached with supervised machine learning systems based on hand-crafted
features, such as the system adapted from [27] which we make use of here. Recently, state-of-the-art
results have been obtained with neural-network-based systems [37, 2, 9]. Here, we make use of two
systems whose implementations are publicly available and show that adding additional data would
improve their performance.

The first system is the joint recurrent neural net (JRNN) introduced by [37]. This model uses a
bi-directional GRU layer to encode the input sentence. It then concatenates that with the vectors of
words in a window around the current word, and passes the concatenated vectors into a feed-forward
network to predict trigger types for each token. Because we are only classifying triggers, and not
arguments, we don’t include the memory vectors/matrices, which primarily help improve argument
prediction, or the argument role prediction steps of thatmodel.

The second is a conditional random field (CRF) model with the trigger features introduced by
[27]. These include lexical features, such as tokens, part-of-speech tags, and lemmas, syntactic
features, such as dependency types and arcs associated with each token, and entity features, including
unigrams/bigrams normalized by entity types, and the nearest entity in the sentence. In particular,
we use the Evento system from [10].
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3.4 Coreference Resolution

Many errors in coreference resolution come from semantic mismatches due to inadequate world
knowledge. Errors in named-entity linking (NEL), on the other hand, are often caused by superficial
modeling of entity context. We demonstrate that these two tasks are complementary. We introduce a
new model for named entity linking and coreference resolution, which solves both problems jointly,
reducing the errors made on each. NECO extends the Stanford deterministic coreference system by
automatically linking mentions to Wikipedia and introducing new NEL-informed mention-merging
sieves. Linking improves mention-detection and enables new semantic attributes to be incorporated
from Freebase, while coreference provides better context modeling by propagating named-entity
links within mention clusters. We show consistent improvements across a number of datasets and
experimental conditions, including over 11% reduction in MUC coreference error and nearly 21%
reduction in F1 NEL error on ACE 2004 newswire data.

3.5 CCG Parsing to Build Semantic Structures

We have developed and publicly release a large variety of different core semantics models to drive
the downstream work on high quality knowledge base population. Our central avenue of work has
focus on building CCG parsers that can be used to do a wide variety of different styles of semantic
analysis. This includes approaches for using these parsers to detect and resolve time expressions
(Lee et al 2014), do information extraction (Choi, et al 2015), build SRL structures (Lewis et al,
2015), and build AMR graphs (Artzi et al, 2015). The algorithms that were developed improved
as we progressed through the work period leading to two key new parsing algorithms that I will
describe in more detail below. These algorithms remain some of the highest accuracy and fastest
semantic parsers to date.

Given the advances in neural methods in other areas around 2015, it was natural to ask how to
build the best neural CCG parser. Here, we build on recent supper tagging successes and build a
parser that relied almost exclusively on an LSTM tagging model. We demonstrated that a state-of-
the-art parser can be built using only a lexical tagging model and a deterministic CCG grammar,
with no explicit model of bi-lexical dependencies (Lewis et al, 2016). Instead, all dependencies
are implicitly encoded in an LSTM super-tagger that assigns CCG lexical categories. The parser
significantly outperforms all previously published CCG results, supports efficient and optimal A
decoding, and benefits substantially from semi-supervised tri-training. We did a detailed analysis,
demonstrating that the parser can recover long range dependencies with high accuracy and that the
semi-supervised learning enables significant accuracy gains. By running the LSTM on a GPU, we
were able to parse over 2600 sentences per second while improving state-of-the-art accuracy by 1.1
F1 in domain and up to 4.5 F1 out of domain.

Following up on this result, we also investigated how to build more global factors back into the
model, to see if we could further improve accuracy. We introduced the first global recursive neural
parsing model with optimality guarantees during decoding (Lee et al, 2016). To support global
features, we gave up dynamic programs and instead searched directly in the space of all possible
subtrees. Although this space is exponentially large in the sentence length, we showed it is possible
to learn an efficient A* parser. We augmented existing parsing models, which have informative
bounds on the outside score, with a global model that has loose bounds but only needs to
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modelnon-local phenomena. The global model is trained with a new objective that encourages the
parser to explore a tiny fraction of the search space. This approach was used to directly expand our
parser described above, further improving state-of-the-art accuracy by 0.4 F1. The final parser
finds the optimal parse for 99.9

Together, this line of work provided very strong tools for work in knowledge base completion.
We also trained CCG parsers for Chinese, which provided strong accuracy. However, as work
continued it became more clear that neural methods were even more likely to displace work in
syntactic parsing with CCG. In the last year of the program, we shifted to developing end-to-end
models for classic problems in broad coverage semantics.

3.6 End-to-end Deep Learning

Our deep learning approaches focus on semantic role labeling and coreference resolution. In each
case, we were able to show that simple methods can directly predict the desired semantic structures,
without using the typically NLP pipeline (e.g. POS tagging, parsing, etc.). These models were
trained on the OntoNotes corpus, and we also verified that they work well on Chinese and Arabic,
setting new state of the art performance levels in both cases (there results are not in the published
papers, because they were done only veryrecently).

We first studied the problem of PropBank semantic role labeling. We introduced a new deep
learning model that significantly improves the state of the art, along with detailed analyses to
reveal its strengths and limitations (He et al, 2017). We used a deep highway BiLSTM architecture
with constrained decoding, while observing a number of recent best practices for initialization and
regularization. Our 8-layer ensemble model achieves 83.2 F1 on the CoNLL 2005 test set and 83.4
F1 on CoNLL 2012, roughly a10

Building on this result, we also investigated whether we could perform a similar feat for
coreference resolution. Weintroduce the first end-to-end coreference resolution model and show that
it significantly outperforms all previous work without using a syntactic parser or hand- engineered
mention detector (Lee et al, 2017). The key idea is to directly consider all spans in a document as
potential mentions and learn distributions over possible antecedents for each. The model computes
span embeddings that combine context-dependent boundary representations with a head-finding
attention mechanism. Itis trained to maximize the marginal likelihood of gold antecedent spans from
coreference clusters and is factored to enable aggressive pruning of potential mentions. Experiments
demonstrate state-of-the-art performance, with a gain of 1.5 F1 on the OntoNotes benchmark and
by 3.1 F1 using a 5-model ensemble, despite the fact that this is the first approach to be successfully
trained with no external resources.

Although this work was primarily in the last reporting period, it sets the tone for how we expect
modeling would proceed future work for all of the related problems we developed for our full DEFT
research efforts, as long as there is sufficient labeled training data.

3.7 Semantic Training Resources

Inadditionto developing new models, we have also focused on gather new resources for training high
capacity neural models at large scale, and for incorporating external resources into already trained
models.  Here, we have looked at using external knowledge bases to provide better supervision
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for relation extraction models (Ritter et al, 2013) and to provide background knowledge for joint
models of coreference resolution and entity linking (Hajishirzi et al, 2013). We also introduced new
datasets for non-propositional language understanding tasks, including factuality predication (Lee
et al, 2015) and document-level models of entity-entity sentiment (Choi et al, 2016). However, |
will highlight the data efforts that provide rich semantic structures that can be used to do detailed
semantic analysis at the sentence and paragraph level, using different forms of questions answer
pairs as task supervision.

Our first effort focused on using question answering as a proxy for semantic role labeling. We
introduced the task of question-answer driven semantic role labeling (QA-SRL), where question-
answer pairs are used to represent predicate-argument structure (He et al, 2015). For example, the
verb ”introduce” in the previous sentence would be labeled with the questions "What is introduced?”,
and "What introduces something?”, each paired with the phrase from the sentence that gives the
correct answer. Posing the problem this way allows the questions themselves to define the set of
possible roles, without the need for predefined frame or thematic role ontologies. It also allows
for scalable data collection by annotators with very little training and no linguistic expertise. We
gathered data in two domains, newswire text and Wikipediaarticles, and introduced simple classifier-
based models for predicting which questions to ask and what their answers should be. Our results
showed that non-expert annotators can produce high quality QA-SRL data, and also establish
baseline performance levels for future work on thistask.

We also looked at the more general case of questions answering for reading comprehension. We
developed TriviaQA, a challenging reading comprehension dataset containing over 650K question
answer-evidence triples (Joshi et al, 2017). TriviaQA includes 95K question-answer pairs authored
by trivia enthusiasts and independently gathered evidence documents, six per question on average,
that provide high quality distant supervision for answering the questions. We showed that, in
comparison to other recently introduced large-scale datasets, TriviaQA (1) has relatively complex,
compositional questions, (2) has considerable syntactic and lexical variability between questions and
corresponding answer-evidence sentences, and (3) requires more cross sentence reasoning to find
answers. We also presented two baseline algorithms: a feature-based classifier and a state-of-the-art
neural network, that performs well on SQUAD reading comprehension. Neither approach comes
close to human performance (23% and 40

Finally, we combined these ideas by showing that relation extraction can be reduced to answering
simple reading comprehension questions, by associating one or more natural-language questions
with each relation slot (Levy et al 2017). This reduction has several advantages: we can (1) learn
relation-extraction models by extending recent neural reading-comprehension techniques, (2) build
very large training sets for those models by combining relation-specific crowd-sourced questions
with distant supervision, and even (3) do zero-shot learning by extracting new relation types that
are only specified at test-time, for which we have no labeled training examples. Experiments on
a Wikipedia slot-filling task demonstrated that the approach can generalize to new questions for
known relation types with high accuracy, and that zero-shot generalization to unseen relation types
is possible, at lower accuracy levels, setting the bar for future work on this task.
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3.8 Tractable Markov Logic (TML)

We have developed a framework for tractable probabilistic knowledge bases (TPKBs). TPKBs
consist of a hierarchy of classes of objects and a hierarchy of classes of object pairs such that
attributes and relations are independent conditioned on these classes. These characteristics facilitate
both tractable probabilistic reasoningand tractable maximume-likelihood parameter learning. TPKBs
feature a rich query language that allows one to express and infer complex relationships between
classes, relations, objects, and their attributes. The queries are translated to sequences of operations
in a relational database facilitating query execution times in the sub-second range.

We processed large data sets extracted from Wikipedia to learn a TPKB’s structure and parame-
ters. The resulting TPKB models a distribution over millions of objects and billions of parameters.
We applied the TPKB to entity resolution and entity linking problems. These problem domains
are important for knowledge base population and data integration, a crucial challenge for text
exploration approaches. The empirical results demonstrate that the TPKB is both efficient and
performs favorably compared to state-of-the-art, problem-specific and less versatile approaches. As
such, TPKBs allow the user to explore and query large probabilistic knowledge bases extracted
from text.

To extract knowledge bases from text, we implemented and tested a semantic parser that can
infer the meaning of a sentence tractably. This parser utilizes a new theory for semantic parsing
based on symmetry group theory which allows for tractable parsing without choosing a formal
meaning representation or having to develop high cost training corpora. Symmetry-based semantic
parsing utilizes syntactic transformations that probabilistically preserve the meaning of a sentence.
The meaning of a sentence is implicitly represented by the set of sentences, called an orbit, that
can be formed from each other via these meaning-preserving transformations. Due to properties
of symmetry group theory, the probabilistic model of a symmetry-based semantic parser can be
represented by a recursive structure of orbits over which inference can be run tractably. Structuring
meaning in this way allows the semantic parser to be integrated naturally into our framework for
information extraction and tractable probabilistic knowledge base construction. A symmetry-based
semantic parser can be learned from a corpus of pairs of sentences with the same meaning, which is
cheap and easy to create.

3.9 Symmetry-Based Paraphrase

In our work we introduced a meaning representation of text that makes use of insights from symmetry
group theory [35], and can be learned in a distantly supervised manner from paraphrase corpora.
Such representations abstract away syntactic variations, allowing downstream applications to focus
on semantic content. For instance, itis trivial to detect paraphrases given our meaning representation
since we expect sentences that are paraphrases to be mapped to the same representation. Knowledge
extraction algorithms can take advantage of this to build compact and consistent knowledge bases,
and to help align those knowledge bases with natural language queries [1, 8].

Our meaning representation is derived from semantic symmetry groups [23], which is based
on symmetry group theory [35]. A semantic symmetry group is a set of syntactic and paraphasic
transformations that preserve the meaning of a sentence. Given asingle sentence, the set of sentences
reachable from that sentence using these transformations is called the orbit of that sentence. An
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orbit of a sentence contains sentences that have the same meaning, and the meaning representation
of a sentence is the orbit it belongs to. Orbits can therefore be thought of as representing an abstract
meaning by virtue of containing all sentences that express that meaning. Orbits provide a way of
defining the meaning of a sentence without relying on complex, task-dependent constructs such as
logical forms.

We introduced the first learning algorithm for this model of semantics. A key point to our method
is taking advantage of the compositionality of natural language to efficiently represent symmetries.
In particular, we allow sentences to be decomposed into constituents, where symmetries can be
applied to each constituent independently. We can then represent orbits in a compact, recursive
format.

In more detail, our model learns how to discover the orbit a string of text belongs to. The
simplest mechanism to do so is to memorize a mapping of text to orbits, which essentially clusters
text into groups that express the same meaning. However, taking this approach for phrases longer
than one or two words is not scalable due to the exponentially increasing number of possible phrases.
Therefore, we additionally learn rules that apply to sentences whose’s constitutes belong to known
orbits, allowing our model to handle longer, compositional phrases. For example, given the phrase
“fast dog” our model might learn to map “fast” to an orbit including words like “quickly” and
”speedy”, “dog” to an orbit including “canine” and “doggy”, and finally that text that consists
of both those orbits in a sequence should be mapped to another orbit that captures the overall
meaning of “fast dog”. The resulting data structure resembles a context free grammar (CFG) where
non-terminal symbols correspond to orbits instead of syntactic categories. To handle ambiguity,
we extend this model to be probabilistic (analogously to how a probabilistic context free grammar
extends a CFG), where we assign probabilities to each of the learnedmappings.

Our learning algorithm induces how phrases (or orbit sequences) should be mapped to other
orbits, and their correct probabilities. For training data we use large paraphrase corpora, which
can be cheapiy produced by exploiting text translated into multiple languages [13] or parallel news
streams [50]. We derived a training objective by constructing a generative paraphrase model from
our meaning representation, which leverages the idea that phrases belonging from the same orbit
should be paraphrases to one another. Our generative model generates a paraphrase by selecting an
orbit with a learned a-priori probability, and then independently generating two phrases that belong
to that orbit using the learned probabilities. Thus the probability of generating a particular phrase
pair is:

P (phrase,, phrases) X P (0;) P (phrase,|o;) P (phraseas|o;)

i=l)

Where P (0i) is the a-priori probability of selecting a particular orbit 0; and P (phrase;|0i)
is the probability of generating phrase; from 0;. We compute P (phrase;|0;) using the CYK
algorithm on our orbits and mappings. Our training objective then becomes the log-likelihood of
the paraphrase corpus being used as training data. We additionally include a sparsity penalty on the
P (o) terms, which encourages the model use a small number of orbits.

To train the model we constructed a gradient-descent based learning algorithm. Each iteration
the gradient on the probability values in our model is computed and a step is taken in that direction.
We additionally perform a search for mappings, both from phrase to orbits and orbit sequences
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to orbits, that have a high-gradient, and add them to the grammar with an initial probability of
zero. We ensure that this search can be conducted efficiently by introducing several caching and
search-space pruning tactics. We delete rules if their probability gets reduced to zero during learning.
The resulting algorithm can efficiently learn the probabilities in our model and suggest discrete
changes to the meaning representation.

We trained the model on the large version of the PPDB short phrase paraphrase corpus [13].
The meaning representation takes about 24 hour to learn.

We evaluated our approach on the task of paraphrase prediction. Given two phrases, we compute
the meaning representation of each phrase. The meaning representations are then used to build a
handful of features for that phrase-pair. The features include whether the phrases belong to the same
orbit and the probability the two phrases would be generated by our generative model. We then use
the features to train a linear classifier to detect if the two phrases are paraphrases. We compare this
approach to using word-vector features or features derived from using several clustering algorithms
on the same PPDB data. We compare on two datasets, PPDB 2.0 [38] and the AnnoPpdb dataset
from [45] that was sampled to favor longer, more complex paraphrases. Our approach out-performs
the clustering methods on the first dataset, and both the clustering and word-vector method onthe
second.

We also found that the model is able to derive a meaning representation for 55% of phrases
held-out from the training data by composing learned orbit mappings. This shows the model can
successfully generalize from its training data to unseen text.

Our algorithm has ready extensions to multi-lingual scenarios, where similar paraphrase data is
available, and our model could be trained to map phrases in different languages to a shared meaning
representation. It could also be extended to learn from plain text corpra by constructing a modified
generative model that generates phrases instead of paraphrases.

4 RESULTS AND DISCUSSION

We first describe results for entity linking and then turn to event extraction.

4.1 Entity Linking

Westart by describing some of the key differences amongst evaluations reported in existing literature,
and propose a candidate benchmark for EL.

Data Sets Nine data sets are in common use for EL evaluation; we partition them into three groups.
The UIUC group (ACE and MSNBC datasets) [40], AIDA group (with dev and test sets) [20], and
TAC-KBP group (with data sets ranging from the 2009 through 2012 competitions) [32]. Their
statistics are summarized in Table 5. °

Our set of nine is not exhaustive, but most other data sets, e.g. CSAW [25] and AQUAINT [36],
annotate common concepts in addition to named entities. Indeed, it is extremely difficult to define
annotation guidelines for common concepts, and therefore they aren’t suitable for evaluation. For

5An online appendix containing details of the datasets is omitted to ensure blind revie
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Table 5: Characteristics of the nine NEL data sets. Entity types: The AIDA data sets include named
entities in four NER classes, Person (P), Organization (O), Location (L) and Misc (M). In TAC KBP
data sets, both Person (P") and Organization entities (O ) are defined differently from their NER
counterparts and geo-political entities (G), different from L, exclude places like KB:Central
California. KB (Sec. 4.1): The knowledge base used when each data was being developed.
Evaluation Metric (Sec. 4.1): Bag-of-Concept F1 is used as the evaluation metric in [40, 3]. B3+
F1 used in TAC KBP measures the accuracy in terms of entity clusters, grouped by the mentions
linked to the same entity.

Group Data Set [ # of Mentions | Entity Types J KB # of NILs | Metric
UTUC ACE 244 Wl:k!ped!u W!kipeﬂizl 0 BOC F1
MSNBC 654 Wikipedia Wikipedia a BOC Fl
ATDA AlDA-dev 5917 POLM Yago 1126 Accuracy
ATDA-1es1 3616 FO, LM Yago 1131 Accuracy
TAC09 3904 PrO".G | TAC c Wiki 2229 Accuracy
TACI0 2250 P OT.G | TAC ¢ Wiki 1230 Acc.
TACKBP  TACIOT 1500 PT,OT.G | TAC ¢ Wiki 426 Acc.
TACI1 2250 PT,OT.G | TAC ¢ Wiki 1126 B3+ Fl
TACI12 2226 P OT.G | TAC c Wiki 1049 B3+ Fl

clarity, this paper focuses on linking named entities. Similarly, we exclude datasets comprising
twitter posts and other short-length documents, since radically different techniques are needed for
these specialized corpora.

Table 6 presents a list of recent EL publications showing the data sets that they use for evaluation.
The sparsity of this table is striking — apparently no system has reported the performance data
from all three of the major evaluation groups.

Knowledge Base Existing benchmarks have also varied considerably in the knowledge base used
for link targets. Wikipedia has been most commonly used [36, 40, 3], however datasets were
annotated using different snapshots and subsets. Other KBs include Yago [20], Freebase [43],
DBpedia [33] and a subset of Wikipedia [31]. Given that almost all KBs are descendants of
Wikipedia, we use Wikipedia as the base KB in this work.®

NIL entities: In spite of Wikipedia’s size, there are many real-world entities that are absent
from the KB. When such a target is missing for a mention, it is said to link to a NIL entity [32]
(aka out-of-KB or unlinkable entity [19]). In the TAC KBP, in addition to determining if a mention
has no entity in the KB to link, all the mentions that represent the same real world entities must be
clustered together. Since our focus is not to create new entities for the KB, NIL clustering is beyond
the scope of this paper. We only evaluate whether a mention with no suitable entity in the KB is
predicted as NIL. The AIDA data sets similarly contain such NIL annotations whereas ACE and
MSNBC omit these mentionsaltogether.

8Since the knowledge bases for all the data sets were around 2011, we use a Wikipedia dump of 20110513.
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Table 6: A sample of papers on entity linking with the data sets used in each paper (ordered
chronologically). TAC-KBP proceedings comprise additional papers [32, 22, 22, 31]. Our intention
is not to exhaust related work but to illustrate how sparse evaluation impedes comparison.

Data Set | ACE MSNBC | AIDA-test| TAC09 TAC10 TACI1 TACI2|AQUAINT CSAW

[6] X
136] X
|25] X X
[40] X X X
[20] X
[16] X X
[17] X X
[18] X X X
[3] X X x X
[43] X X X
[28] X X
[4] b x b1
TAC-KBP X X X X

Evaluation Metrics While a variety of metrics have been used for evaluation, there is little
agreement on which one to use. However, this detail is quite important, since the choice of metric
strongly biases the results. We describe the most common metrics below.

Bag-of-Concept F1 (ACE, MSNBC): For each document, a gold bag of Wikipedia entities is
evaluated against a bag of system output entities requiring exact segmentation match. This metric
may have its historical reason for comparison but is in fact flawed since it will obtain 100% F1 for
an annotation in which every mention is linked to the wrong entity, but the bag of entities is the
same as the gold bag.

Micro Accuracy (TAC09, TAC10, TAC10T): For a list of given mentions, the metric simply
measures the percentage of correctly predicted links.

TAC-KBP B3+ F1 (TAC11, TAC12): The mentions that are predicted as NIL entities are
required to be clustered according to their identities (NIL clustering). The overall data set is
evaluated using a entity cluster-based B3+ F1.

NER-style F1 (AIDA): Similar to official CONLL NER F1 evaluation, a link is considered
correct only if the mention matches the gold boundary and the linked entity is also correct. A wrong
link with the correct boundary penalizes both precision andrecall.

We note that Bag-of-Concept F1 is equivalent to the measure for Concept-to-Wikipedia task
proposed in [4] and NER-style F1 is the same as strong annotation match. In the experiments, we
use the most strict measure, NER-style F1, for evaluation over all the data sets.

Our experiments address the following questions:

+ Is NER sufficient to identify mentions? (Sec. 4.1)

-+ How much does candidate generation affect final EL performance? (Sec.4.1)

+ How much does entity type prediction help EL? What type set is most appropriate? (Sec. 4.1)
+ How much does coherence improve the EL results? (Sec. 4.1)
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+ Finally, how well does VINCULUM perform compared to the state-of-the-art? (Sec. 4.1)

Table 7: Recall(%) of the correct mentions using different mention extraction strategies.

ACE MSNBC | AIDA-dev AIDA-test
NER |[89.7 777 89.0 87.1
+NP [[96.0  90.1 4.7 92,2
+DP  [[96.8 907 95.8 938
+NP+DP | 98.0 91.9 bx.9 94.1

Table 8: Performance (F1%) after incorporating entity types, comparing two sets of entity
types (NER and FIGER). Using a set of fine-grained entity types (FIGER) generally achieves
better results.

Approach TACO9 TACIO TACIOT TACI1 TACI2 | AIDA-dev AIDA-test | ACE MSNBEC
CrossWikis only | 80.4 83.6 86.9 785 624 62.6 60.4 B7.6  8l6
+NER 79.2 83.3 85.1 76.6 611 66.4 66.2 768 719
+FIGER 810  86.1 86.9 788 635 66.7 64.6 87.8 83.6
+NER(GOLD) | 85.7 87.4 88.0 801 6.7 72.6 72.0 892 BT
+FIGER(GOLD)| 84.1 88.8 59.0 816 66.1 76.2 76.5 91.7 89.5
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Mention Extraction We start by using Stanford NER for mention extraction and measure its efficacy by the
recall of correct mentions shown in Table 7. TAC data sets are not included because the mention strings are
given in that competition. The results indicate that at least 10% of the gold-standard mentions are left out
when NER, alone, is used to detect mentions. Some of the missing mentions are noun phrases without
capitalization, a well-known limitation of automated extractors. To recover them, we experiment with an NP

chunker (NP) 7 and a deterministic noun phrase extractor based on parse trees (DP). Although we expect themto
introduce spurious mentions, the purpose is to estimate an upper bound for mention recall. The results confirm
the intuition: both methods improve recall, but the effect on precision is prohibitive. Therefore, we only use
NER in subsequent experiments.

Candidate Generation In this section, we inspect the performance of candidate generation. We
compare CrossWikis with Freebase Search API 8. Each candidate generation component takes a
mention string as input and returns an ordered list of candidate entities representing the mention.
We compute candidates for the union of all the non-NIL mentions from all 9 data sets and measure
their efficacy by recall@k. From Figure 2, it is clear that CrossWikis consistently outperforms
Freebase Search API for all k.

Using CrossWikis for candidate generation, we plot the recall@k curves per data set (Figure 3).
Toour surprise, in most data sets, CrossWikis alone can achieve more than 70% recall@1.

"OpenNLP NP Chunker: opennlp.apache.org
8https://www.googleapis.com/freebase/vi1/search, restricted to no more than 220 candidates per
query.
1

== 7t " °
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©
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Figure 2: Recall@k on an aggregate of nine data sets, comparing two candidate generation
methods.
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Figure 3: Recall@k using CrossWikis for candidate generation, split by data set. 30 is chosen to be
the cut-off value in consideration of both efficiency and accuracy.
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http://www.googleapis.com/freebase/v1/search

The only exceptions are TAC11 and TAC12 because the organizers intentionally selected the
mentions that are highly ambiguous such as “ABC” and/or incomplete such as “Brown”. For
efficiency, we set a cut-off threshold at 30 (> 80% precision for all but one data set).

Incorporating Entity Types Here we investigate the impact of the entity types on the linking per-
formance. The most obvious choice is the traditional NER types (Tner = ER, ORG, LOC, MISC }
To predict the types of the mentions, we run Stanford NER [12] and set the predicted type t,, of
each mention m to have probability 1 (i.e. p(tm M, S) = 1). As to the types of the entities, we map
their Freebase types to the four NER types®.

A more appropriate choice is 112 fine-grained entity types introduced by [29] in FIGER, a
publicly available package °. These fine-grained types are not disjoint, i.e. each mention is allowed
to have more than one type. For each mention, FIGER returns a set of types, each of which is
accompanied by a score, triger(M) = {(tj,9j) : ti  Trcer}. A softmax function is used to
probabilistically interpret the results as follows:

| .

7 YXPLY; if "Il"s'r' et GERVTILY,
plt;|m, s) z ©XP(9;) (4 in‘:l rcer (1)

0 otherwise

We evaluate the utility of entity types in Table 8, which shows that using NER typically worsens the
performance. This drop may be attributed to the rigid binary values for type incorporation; it is hard to output
the probabilities of the entity types for a mention given the chain model adopted in Stanford NER. We also
notice that FIGER types consistently improve the results across the data sets, indicating that a finer-grained
type set may be more suitable for the entity linking task.

To further confirm this assertion, we simulate the scenario where the gold types are provided for each
mention (the oracle types of its gold entity). The performance is significantly boosted with the assistance from
the gold types, which suggests that a better performing NER/FIGER system can further improve performance.
Similarly, we notice that the results using FIGER types almost consistently outperform the ones using NER
types. This observation endorses our previous recommendation of using fine-grained types for EL tasks.

9The Freebase types “/person/*” are mapped to PER, “/location/*” to LOC, “/organization/*” plus a few others like
“/sports/sports team” to ORG, and the rest to MISC.

10 github.com/xiaoling/fige
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Table 9: Performance (F1%) after re-ranking candidates using coherence scores, comparing two co-
herence measures (NGD and REL). “no COH”: no coherence based re-ranking is used. “+BOTH”:
an average of two scores is used for re-ranking. Coherence in general helps: a combination of both
measures often achieves the best effect and NGD has a slight advantage over REL.

Approach | TACD9 TACIO TACIOT TACI1 TACI2 | ATDA-dev AIDA-test | ACE MSNBC
no COH | 809  86.2 87.0 786 599 68.9 66.3 878 86.2
+NGD | B1.8 857 86.8 9.7 632 69.5 67.7 BR.0 867
+REL 812 863 87.0 793 631 69.1 fib.4 884 Ho.6
+BOTH | 81.4 868 87.0 799 637 o9.4 6l.5 884 867

Table 10: End-to-end performance: We compare VINCULUM in different stages with two state-of-
the-art systems, AIDA and WIKIFIER, in F1(%). The column “Overall” lists the average performance
of nine data sets for each approach. CrossWikis appears to be a strong baseline. VINCULUM is 0.4%
shy from WIKIFIER, each winning in four data sets; AIDA tops both ViINcuLUM and WIKIFIER on

AIDA-test.
Approach | TAC09 TAC10 TACI0T TACI1 TACI2|AIDA-dev AIDA-test| ACE MSNBC | Overall
CrossWikis | 804 856 869 785 624 | 626 624 |87.6 826 | 763
+FIGER | 810 861 869 788 635 | 667 645 |87.8 836 | 777
+Coref | 809 862 870 786 599 | 689 663 |878 862 | 780
+Coherence | g, 868 870 799 637 | 694 675 |884 867 | 79.0
=VINCULUM
AIDA 732 78.6 715 684 520 | 719 748 |78 754 | 122
WIKIFIER | 79.7 862 863 824 647 | 721 698 |853 882 | 794

Coherence Two coherence measures suggested in Section 3.1 are tested in isolation to better
understand their effects in terms of the linking performance (Table 9). In general, the link-based
NGD works slightly better than the relational facts in 6 out of 9 data sets (comparing row “+NGD”
with row “+REL”). We hypothesize that the inferior results of REL may be due to the incompleteness
of Freebase triples, which makes it less robust than NGD. We also combine the two by taking the
average score, which in most data set performs the best (“+BOTH?”), indicating that two measures
provide complementary source of information.
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Overall Performance Analysis To answer the last question of how well does VINCULUM per-
form overall, we conduct an end-to-end comparison against two publicly available systems with
leading performance:!!

AIDA [20]: We use the recommended GRAPH variant of the AIDA package and are able to
replicate their results when gold-standard mentions are given.

WIKIFIER [3]: We are able to reproduce the reported results on ACE and MSNBC and obtain
a close enough B3+ F1 number on TAC11 (82.4% vs 83.7%). Since WIKIFIER overgenerates
mentions and produce links for common concepts, we restrict its output on the AIDA data to the
mentions that Stanford NER predicts.

Table 10 shows the performance of VINCcuLUM after each stage of candidate generation (Cross-
Wikis), entity type prediction (+FIGER), coreference (+Coref) and coherence (+Coherence). The
column “Overall” displays the average of the F1 numbers for nine data sets for each approach.
WIKIFIER achieves the highest in the overall performance. VINCcuLUM performs quite comparably,
only 0.4% shy from WIKIFIER, despite its simplicity and unsupervised nature. Looking at the
performance per data set, VINCULUM and WIKIFIER each is superior in 4 out of 9 data sets while
AIDA tops the performance only on AIDA-test.

We notice that even using CrossWikis alone works pretty well, indicating a strong baseline
for future comparisons. The entity type prediction provides the highest boost on performance, an
absolute 1.4% increase, among other subcomponents. The coherence stage also gives a reasonable
lift. Last but not the least, VINCULUM runs reasonably fast. For a document with 20-40 entity
mentions on average, VINCULUM takes only a few seconds to finish the linking process on one
single thread.

4.2 Event Extraction

UW submitted five runs for the English EAL task. In this task, teams were presented with a corpus
of 30,002 documents, evenly divided between newswire and discussion forum text, with the goal of
extracting arguments participating in a set of 18 event subtypes, identifying both event subtype and
role. Both Evento and NomEvent were trained on the ACE 2005 corpus, with NomEvent’s training
corpus supplemented with Rich ERE data from LDC2016E60.

Run Washingtonl aimed for maximum recall by combining the Evento and NewsSpike systems
with the NomEvent system trained to classify all parts of speech. The union of the events returned by
the three systems was used, with the Evento result chosen when overlapping argument extractions
disagreed on the extent or role of theargument.

Run Washington2 was identical to Washington1 but substituted the NomEvent system trained to
only extract nominal events.

Run Washington3 consisted solely of the Evento system.

Run Washington4 consisted solely of the NomEvent system, classifying all potential triggers.

The final run, Washington5, aimed for a high-precision result by considering the results returned
by the Evento, NewsSpike, and NomEvent (all-part-of-speech) systems and keeping only results
returned by at least two of the three systems.

H\Wwe are also aware of other systems such as TagMe-2 [11], DBpedia Spotlight [33] and WikipediaMiner [36]. A
trial test on the AIDA data set shows that both Wikifier and AIDA tops the performance of other systems reported in [4]
and therefore it is sufficient to compare with these two systems in the evaluation.
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Table 11: Scores for the Event Argument Extraction and Linking evaluation.

I TAC KBP 2016 EAL Evaluation Results I
System | TP | FP FN | ArgP | ArgR | ArgF1 | ArgScore | LinkScore
Washl | 440 | 1223 | 6065 | 26.5 | 6.8 10.8 32 2.0
Wash2 | 343 | 948 | 6162 | 266 | 5.3 8.8 2.6 1.3
Wash3 | 247 | 717 | 6258 | 256 | 3.8 6.6 2.0 0.7
Wash4 | 327 | 691 | 6178 | 32.1 | 5.0 8.7 33 1.5
WashS | 120 | 144 | 6385 | 455 | 1.8 3.5 1.6 0.3

Table 12: Results for the 2016 Event Nugget Detection evaluation.

| TAC KBP 2016 Event Nugget Evaluation Results [

Micro Macro

System Altributes Prec | Rec F1 Prec | Rec F1
plain 50.19 | 35.02 | 41.25 | 47.34 | 33.11 | 38.97
Washington] mention_type 42,15 | 2941 | 34.65 | 38.95 | 27.50 | 32.24
realis_status 36.20 | 25.25 | 29,75 | 34.18 | 23.58 | 27.91
mention_type+realis_status | 30.71 | 21.42 | 25.24 | 28.35 | 19.75 | 23.28
plain 4976 | 33.01 | 39.69 | 47.14 | 31.09 | 37.47
. mention_type A1.83 | 27.75 | 33.36 | 38.68 | 25.79 | 30,95
Washington2 realliﬁ_slatisb 36.38 | 24.13 | 29.02 | 34.61 | 22.66 | 27.39
mention_type+realis_status | 30.97 | 20.55 | 24.70 | 28.78 | 19.04 | 22.92
plain 62.15 | 26.64 | 37.20 | 57.12 | 24.54 | 3433
Washington3 mention_type 55.96 | 23.99 | 33.58 | 50.89 | 21.97 | 30.69
T | realis_status 45,22 | 1938 | 27.14 | 40,75 | 17.66 | 24.64
mention_type+realis_status | 41.10 | 17.62 | 24.66 | 36.61 | 15.92 | 22.19

The 2016 English Event Nugget task provided a corpus of 169 documents, split between
newswire and discussion forum text and required teams to extract event triggers corresponding
to the same ontology of 18 events used in EAL. UW submitted three runs for this task.

The first run, Washingtonl, consisted of the union of an Evento run tuned for F1, a NomEvent
run trained on all parts of speech, and a NewsSpike run. Run Washington2 consisted of the union
of an Evento run tuned for F1, a NomEvent run trained on nominal events, and a NewsSpike run.
Washington3 was identical to Washington1 but was tuned for high precision.

Table 11 shows detailed results of the EAL evaluation, in which UW scored above the
median for both the Argument and Linking scores. The median Argument score over the top
performing system from each team was 3.0; Washington4 topped this with a 3.3, as did
Washingtonl with a
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3.2. For the linking score, Washingtonl posted a 2.0, above the median of 1.6. As anticipated,
Washingtonl posted the highest recall of the UW systems, while Washington5 posted the highest
precision.

Table 12 shows detailed results of the event nugget evaluation. Washington1 posted higher recall
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Figure 4. Comparison of event distribution in ACE 2005 dataset as compared to the TAC KBP
Event Nugget 2015 task.

and F1 scores than the other UW systems, while Washington3 turned in the highest precision, as
expected. An examination of the event breakdown revealed that Washingtonl earned its highest
F1 scores on the Life.Injure (0.64), Life.Die (0.54), and Justice.ArrestJail (0.60) events, while it
struggled on Contact.Contact (0.01), Contact.Broadcast (0.01), and Transaction.Transaction
(0.0),

Manufacture.Artifact (0.0) and Movement.TransportArtifact (0.0).

Failure Analysis The poor performance on some events is likely due to the distribution of events
in the test data as compared to the ACE 2005 corpus which provided the bulk of the training data
for the Evento and NomEvent systems, as shown in Figure 1. These five events made up almost
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20% of events in this year’s Event Nugget evaluation, so training on more representative data
would likely have significantly boosted the performance of oursystems.

Evento places a lot of weight on the large number of lexical features it uses. Because of this, it
generalizes poorly to triggers that do not appear in the training set, especially when they appear
with new contexts that also were not seen in training.  This results in low recall for events with
adiverse set of triggers, such as start-org, transfer-ownership, and transfer-money.

A failure analysis of NomEvent discovered that 58% of false positives corresponded to a
misclassification of closely related events, such as classifying a Contact.Broadcast event as Con-
tact.Correspondence. The vast majority of missed triggers (88%) were words which were not in the
generated lexicon.

We tested our semi-supervised method using two labeled datasets: ACE-2005 and TAC-KBP
2015. For the ACE data, we use the same train/development/test split as has been previously
used in [27], consisting of 529 training documents, 30 development documents, and a test set
consisting of 40 newswire articles containing 672 sentences. For the TAC-KBP 2015 dataset, we
use the official train/test split as previously used in [39] consisting of 158 training documents and
202 test documents. ACE contains 33 event types, and TAC-KBP contains 38 eventtypes.

For our approach, we use a collection of news articles scraped from the web. These articles
were scraped following the approach described in [51]. The process involves collecting article titles
from RSS news seeds, and then querying the Bing news search with these titles to collect additional
articles. This process was repeated on a daily basis between January 2013 and February 2015,
resulting in approximately 70 million sentences from 8 million articles. Although the seed titles
were collected during that two year period, the search results include articles from prior years with
similar titles, so the articles range from 1970 to 2015.

Evaluation We report the micro-averaged F1 scores over all events. A trigger is considered
correctly labeled if both its offsets and event type match those of a reference trigger.

For creating the automatically-generated data, we set thresholds Ggyent and Bsim to 2 and 0.4
respectively, which were selected according to validation data. We use CoreNLP [30] for named
entity recognition, and we use a pre-trained Word2Vec model [34] for the vector representations.

For the JRNN model, we follow the parameter settings of [37] and use a context window of 2 for
context words, and a feed-forward neural network with one hidden layer for trigger prediction with
hidden layer size of 300. Finally, for training, We apply the stochastic gradient descent algorithm
with mini-batches of size 50 and the AdaDelta update rule [47] with L regularization. For the CRF
model, we maximize the conditional log likelihood of the training data with a loss function via
softmax-margin [14]. We optimize using AdaGrad [7] with L, regularization.

Varying Amounts of Additional Data In this section we show that the addition of automatically-
generated training examples improves the performance of both systems we tested it on. We sample
examples from the automatically-generated data, limiting the total number of positive examples to a
specific number. In order to avoid biasing the system in favor of a specific event type, we ensure
that the additional data has a uniform distribution of event types. We run 10 trials at each point, and
report average results.

Table 13 reports the results of adding varying amounts of our generated data to both CRF and
JRNN systems. We observe that that adding any amount of heuristically-generated data improves
performance. Optimal performance, however, is achieved fairly early in both datasets. This is likely
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due to the domain mismatch between the gold and additional data. For reference purposes, we also
include the result of using the HNN model from [9] and the SSED system from [42], which are the
best reported results on the ACE-2005 and TAC-KBP 2015 corpora respectively.

Table 13: Results after adding varying amounts of automatically-generated news data. Percentages
indicate the amount of additional data relative to the size of the gold training data. Using a modest
amount of semi-supervised data improves extractor performance on both ACE & TAC-KBP events. *
indicates that the difference in F1 relative to training with just the gold data is statistically significant

(p <0.05).

ACE TAC-KBP

P R Fl | P R Fl
0% | 629 700 663 |535 523 529
crp | 10% | 645 698 67.0 | 599 493 54.1°
20% | 65.1 70.2 67.6* | 59.3 492 53.8
30% | 65.1 699 67.4 | 58.1 494 53.4
0% | 65.7 729 69.1 | 68.8 492 57.3
RNN | 10% | 674 727 69.9 | 654 521 58,0
20% | 67.6 73.5 70.4* | 653 52.8 58.4*
30% | 67.5 733 703 | 647 529 582

HNN 84.6 649 734 | - - -
SSED i i ~ 1699 488 575

These systems could also benefit from our additional data since our approach is system
independent.

Varying Amounts of Supervised Data In this section we evaluate how the benefit of adding
semi-supervised data varies given different amounts of gold (supervised) data to start. WWe conjecture
that semi-supervision will be more beneficial when gold data is very limited, but the conclusion
isn’t obvious, since semi-supervision is more likely to add noisy examples in this case.
Specifically, we limit the number of positive gold examples for each event by randomly sampling
the overall set. We then add in the same amount of automatically-generated data to each trial. We
again run 10 trials for each size, and report the average.

The results for this experiment using the CRF model can be seen in figure 5: training with
large amounts of semi-supervised data improves performance considerably when limited gold
training data is available, but those gains diminish with more high-quality supervised data. We
observe the same trend for the JRNN system as well.
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Discussion We randomly selected 100 examples from the automatically-generated data and
manually annotated them. For each example that did not contain a correctly labeled event
mention,

we further annotated where in the pipeline an error occurred to cause the incorrect labeling. This
breakdown can be seen in table 14. As observed in the table, the errors are mainly due to the
incorrect event identification or trigger assignment.

Incorrect clustering refers to cases in which a sentence does not cover the same topic as other
sentences in its cluster. This was primarily caused by entities participating in multiple events
around the same time period. For example, this occurred in sentences from the 2012 US
presidential election coverage involving Barack Obama and Mitt Romney.

Incorrect event identification refers to clusters that were incorrectly labeled by the supervised
system. The primary reason for these errors is due to domain mismatch between the news articles
and the gold data. For example, our system identifies the token shot in Bubba Watson shot a 67 on
Friday as an attack event trigger. Because the gold data does not contain examples involving
sports, the baseline system mistakenly identifies a paraphrase of the above sentence as an attack
event, and our system is not able to fix that mistake. However, this problem can be solved by
training the baseline extractor on the same domain as the additional data.

Incorrect trigger assignment refers to errors in which a sentence is correctly identified as
containing an event mention, but the wrong token is selected as a trigger. The most common
source of this error is tokens that are strongly associated with multiple events. For example,
shooting is strongly associated with both attack and die events, but only actually indicates an
attack event.

Looking through the correct examples, the data collection process is able to identify
uncommon triggers that do not show up in the baseline training data. For example, it correctly
identifies “offload” as a trigger for Transfer-Ownership in Barclays is to offload part of its Spanish
business to Caixabank. Despite the trigger identification step having no context awareness, the
process is also

able to correctly identify triggers that rely on context, such as “contributions” triggering
Transfer- Money in Chatwal made $188,000 of illegal campaign contributions to three U.S.

candidates via straw donors.
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Figure 5: Adding a reasonable amount (200 examples per event) of semi-supervised data on top
of limited amounts of gold training data improves performance across the board, but the gain is
dramatic when the number of supervised examples is extremely small.
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Table 14: The results of manually labeling mples that were automatically-generated using JRNN
as the supervised system.

Correct 72
clustering 5
Incorrect | event identification | 13
trigger assignment | 10

5 CONCLUSIONS

We have made significant progress on several information extraction technologies.

We present a simple yet effective, modular, unsupervised system, VINCULUM, for entity
linking. We make the implementation open source and publicly available for future research. We
compare VINCULUM to 2 state-of-the-art systems on an extensive evaluation of 9 data sets. We
also investigate several key aspects of the system including mention extraction, candidate
generation, entity type prediction, entity coreference, and coherence betweenentities.

We also developed new algorithms for event extraction that exploit parallel news streams.
These methods cluster sentences that belong to the same event relations using the temporal
negation heuristic and a novel probabilistic graphical model to generate training for a sentential
event extractor without requiring any human annotations. We also introduce a semi-supervised
method for combining labeled and unlabeled data for event extraction, showing significant
performance improvements on multiple event extractors over ACE 2005 and TAC-KBP 2015
datasets.

In addition to our core work on IE, we developed new natural language processing tools
(semantic parsing) and worked on efficient algorithms for inference over extracted knowledge
bases.
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