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Abstract. Event detection suffers from data sparseness and label imbalance prob-
lem due to the expensive cost of manual annotations of events. To address this
problem, we propose a novel approach that allows for information sharing among
related event types. Specifically, we employ a fully connected three-layer artifi-
cial neural network as our basic model and propose a type-group regularization
term to achieve the goal of information sharing. We conduct experiments with
different configurations of type groups, and the experimental results show that in-
formation sharing among related event types remarkably improves the detecting
performance. Compared with state-of-the-art methods, our proposed approach
achieves a better F; score on the widely used ACE 2005 event evaluation dataset.

1 Introduction

In the ACE (Automatic Context Extraction) event extraction program, an event is rep-
resented as a structure consisting of an event trigger and a set of arguments. This pa-
per tackles with the task of event detection (ED), which is a crucial component in the
overall task of event extraction. The goal of ED is to identify event triggers and their
corresponding event types from the given documents.

The dominative approaches to ED follow the supervised learning paradigm which
exploits a set of labeled instances to train diverse models. However, the available an-
notated data is insufficient and highly imbalanced due to the expensive cost of manual
annotations of events. ACE event evaluation program defines 33 event types (under
eight coarse types), whereas the widely used dataset ACE 2005 corpus only contains
599 annotated documents, which is insufficient to train satisfying models. Even worse,
ACE 2005 is highly imbalanced due to the significant occurrence difference between
common and uncommon events. Table 1 shows the statistical information about the
most frequent and infrequent labeled events in ACE 2005 corpus. From the table, we
observed that the frequency of the most frequent events is 73 times (3009/41) more than
that of the infrequent events. For common events, which typically occurs frequently in
the real world, such as Attack and Transport, there are hundreds of labeled instances.
By contrast, there are only few instances for uncommon events, where types Extradite,



Frequent Events Infrequent Events
Type Frequency Type Frequency
Attack 1367 Merge-Org 14
Transport 659 Nominate 12
Die 540 Extradite 7
Meet 262 Acquit 6
End-Position 181 Release-Parole 2
Total 3009 Total 41

Table 1. The most frequent and infrequent event types and their frequencies of labeled samples
in ACE 2005 corpus.

Acquit and Release-Parole contain even less than 10 labeled samples. Apparently, it is
difficult to yield a satisfying performance using such a small scale of training data.

In the ED task, events are associated with each other. For example, Injure and Die
events are more likely to co-occur with Affack events than others, whereas Marry and
Born events are unlikely to co-occur with Attack events. This information is very useful
for the ED task. For example, in the sentence "He left the company, and planned to
go home directly.”, the trigger word left may trigger a Transport (a person left a place)
event or an End-Position (a person retired from a company) event. However, if we take
the following event triggered by go into consideration, we are confident to judge it
as a Transport event rather than an End-Position event. Several existing approaches
have been proposed to exploit the aforementioned information for the ED task. [21]
proposed a two-pass cross-event method to employ event-event association information.
[20] proposed a sentence-level joint model to capture the combinational features of
triggers and arguments. [23] proposed a two staged approach based on the probabilistic
soft logic model (PSL)[18,2] to utilize the association information among events. In
these methods, the aforementioned information is encoded as features and learnt from
the training data.

The main weakness of these methods is that they could not tackle with the data
sparseness and label imbalance problem. The reasons are twofold. On the one hand, all
these methods encode the event association information as features and learn them from
the training data, however it is difficult to learn useful information for sparse events. On
the other hand, from the perspective of the model (ignoring the features they used), all
these methods treat events of various types independently and ignore the event-event
association. On the contrast, in this paper we propose an approach to exploit the event-
event association information from the perspective of the model, which allows related
events to share information in the procedure of training. Specifically, we first divide
all the event types into several groups. Then, we employ a three-layer Artificial Neural
Networks (ANNs) [13] based event detection model to automatically learn features and
propose a type-group regularization term to encourage events in the same group to
share information in training process. In this way, events of sparse types are expected
to benefit from that of dense types in the same group. Our idea is inspired by multi-task
learning approaches [6,10], where multiple related prediction tasks are learned jointly,
sharing information across the tasks.



Recently, [22] addressed this problem by leveraging FrameNet [3,11]. Contrast with
their approach, our solution does not need any external resources. Moreover, our ap-
proach can be applied to theirs (see section 2.2 for details). In summary, the contribu-
tions of this paper are as follows.

— To our knowledge, this is the first work to address the data sparseness and imbalance
problem without using external resource for the ED task.

— We propose two event-type grouping strategies and apply them in our proposed de-
tecting model. We also conduct a set of experiments to illustrate their performances.

— We conduct experiments using the widely used ACE 2005 dataset and its expanded
version published by [22]. The experimental results on both datasets demonstrate
that the proposed appraoch is effective for the ED task. Our approach outperforms
state-of-the-art methods.

2 Background

2.1 Task Description

The ED task is a subtask of the ACE event evaluations. We first introduce the ACE
event extraction task. In ACE evaluations, an event is defined as a specific occurrence
involving one or more participants. Event extraction task requires that certain specified
types of events, which are mentioned in the source language data, be detected. We
introduce some ACE terminologies to facilitate the understanding of this task:

Entity: an object or a set of objects in one of the semantic categories of interests.

Entity mention: a reference to an entity (typically, a noun phrase).

Event trigger: the main word that most clearly expresses an event occurrence.

Event arguments: the mentions that are involved in an event (participants).

Event mention: a phrase or sentence within which an event is described, including
the trigger and arguments.

The 2005 ACE evaluation included 8 supertypes of events, with 33 types. Consider
the following sentence:

He died in the hospital.

An event extractor should detect a Die event mention, along with the trigger word
“died”, the victim “He” and the place “hospital”.

Unlike the standard ACE event extraction task, event detection task concentrates
only on trigger identification and event type classification, which implies that in the
previous example, our task is to identify that the token “died” is an event trigger and
that its type is Die.

2.2 Related Work

Event extraction is an increasingly hot and challenging research topic in NLP. Many
approaches have been proposed to this task. Nearly all of the reported ACE event ex-
traction approaches use supervised paradigm. We further divide supervised approaches
to feature-based methods, structure-based methods and representation-based methods.



In feature-based methods, a diverse set of strategies have been exploited to convert
classification clues (such as sequences and parse trees) into feature vectors. [1] uses the
lexical features(e.g., full word, pos tag), syntactic features (e.g., dependency features)
and external-knowledge features(WordNet) to extract events. Inspired by the hypothe-
sis of One Sense Per Discourse[28], [16] combined global evidence from related doc-
uments with local decisions for the event extraction. To capture more clues from the
texts, [12], [21] and [15] proposed the cross-event and cross-entity inference for the
ACE event task. [23] proposed a global inference approach to employ both latent and
global information for event detection. Although these approaches achieve high perfor-
mance, feature-based methods suffer from the problem of selecting a suitable feature
set when converting the classification clues into feature vectors.

In structure-based methods, researchers treat event extraction as the task of predict-
ing the structure of the event in a sentence. [24] cast the problem of biomedical event
extraction as a dependency parsing problem. [20] presented a joint framework for ACE
event extraction based on structured perceptron with beam search. To use more infor-
mation from the sentence, [19] proposed to extract entity mentions, relations and events
in ACE task based on the unified structure.

In representation-based methods, candidate event mentions are represented by em-
bedding, which typically are fed into neural networks. Several related approaches have
been proposed to event detection[8,27,26]. [27] employed Convolutional Neural Net-
works (CNNs) to automatically extract sentence-level features for event detection. [8]
proposed dynamic multi-pooling operation on CNNs to better capture sentence-level
features. These methods yield relatively high performance. However, they all ignored
the data sparseness and label imbalance problem.

Recently, [22] leveraged FrameNet to alleviate the data sparseness problem for
event detection. They added the events automatically detected from FrameNet to the
ACE corpus to achieve the goal of alleviating the data sparseness problem. They used
FrameNet because of the highly similar structures and definitions of frames and events.
The idea is simple but effective. Contrast with them, we try to solve the data sparse-
ness problem by exploiting event-type consistency rather than using external resources.
Moreover, our approach could be applied to theirs (via applying the proposed approach
on the expanded ACE 2005 corpus generated by their method).

3 Methodology

[7] proved that performing trigger identification and classification in a unified manner is
superior to handling them separately. Similar to previous work, we model these activi-
ties as a word classification task. Each word of a sentence is a trigger candidate, and our
objective is to classify each of these candidates into one of the target classes (including
a NEGATIVE class).

3.1 Basic Event Detection Model

We employ a fully connected three-layer (a input layer, a hidden layer and a soft-
max output layer) Artificial Neural Networks (ANNs) [13] as the basic event detection
model, which has been demonstrated very effective for the event detection task by [22].



Embedding Learning Word embeddings learned from large amount of unlabeled data
have been shown to be able to capture the meaningful semantic regularities of words
[5,9]. This paper uses unsupervised pre-trained word embedding as the source of base
features. In this work, we use the Skip-gram model [25] to pre-train the word embed-
ding. This model is the state-of-the-art model in many NLP tasks [4,8]. The Skip-gram
model trains the embeddings of words wy, ws, ..., w,, by maximizing the average log
probability,
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where c is the size of the training window, m is the size of the unlabeled text. In this
paper, we use the NYT corpus' to train word embeddings.

Model Training Given a sentence, we concatenate the embedding vector of the candi-
date trigger and the average embedding vector of the words in the sentence as the input
to the basic event detection model. Finally, for a given input sample x, the ANNs with
parameter 6 outputs a vector O, where the i-th value o; in O is the confident score of
classifying x to the i-th event type. To obtain the conditional probability p(i|x, ), we
apply a softmax operation over all event types:
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Given all of our (suppose T) training instances (x!; ("), we can then define the neg-
ative log-likelihood loss function
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We train the model using a simple optimization technique called stochastic gradient
descent (SGD) over shuffled mini-batches with the Adadelta rule [29]. Regularization
is implemented by a dropout [17,14].

3.2 Type Group Regularization

As mentioned in Introduction, we want to encourage related types (which are indi-
cated by the given type groups, and the grouping strategy will be introduced in the
next subsection) to share information when training the model. To achieve this goal, a
regularization term is proposed to the loss function,
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where G is type groups; g is one group in G; n(9°¥) is the instance amount of the k-th
event type in g; W, is the weight matrix in the output layer (soft-max layer); [ is the

average weight vector of all types in g (see equation 5) and W((jg’j) is the weight vector

of the j-th event type in g.

The hypothesis behind this intuition is that similar event types should have similar
weight vectors in W,,. The quadratic term in equation 4 encourages weight vectors of
types in the same group to be similar. And the coefficient of it states that types with more
labeled instances are less penalized by this term, which means that types with sufficient
labeled instances should keep their own weight vectors. By contrast, for types which
have less labeled instances, they should learn more from the group. In this way, sparse
types are expected to benefit from tense types, which enables our model to alleviate the
data sparseness and label imbalance problems for event detection.

Our final loss function J' () is defined as follows:

J () = J(8) + aR(0) (6)

where « is a hyper-parameter for trade-off between J and R. Akin to the basic event
detection model, we minimize the loss function J (0) using SGD over shuffled mini-
batches with the Adadelta update rule.

3.3 Grouping Event Types

In this paper, we focus on alleviating the data sparseness and label imbalance problem,
which means that our main goal is to improve the performance of sparse types. We can
not learn type groups from the labeled corpus because it contains only a few instances
of our target event types. A good choice is to manually group all the event types based
on prior knowledge about events and their types. We propose two grouping strategies
as follows.

G1: Positive vs. Negative Our first grouping strategy is based on the hypothesis that
all the positive events share some common characteristics to a certain extent compared
with negative events (labeled with NEGATIVE). Thus, we divide all the event types
into two groups. One of them contains all the positive event types, and the other only
contains the NEGATIVE type.

G2: ACE Event Taxonomy It is obvious that the first grouping strategy is too coarse,
because not all the positive events share common characteristics to the same extent. For
example, Start-Org events should share more common characteristics with End-Org
events than with Marry events. Based on the above observation, we propose our second
grouping strategy. We use the event taxonomy defined by ACE to group the event types.

All 33 positive event types in the ACE 2005 event evaluation program are grouped
into eight supertypes (see Table 2). We obtained our event groups via slightly modi-
fying these groups by moving the event types Die and Injure from supertype Life to
Conflict because events of these two types often co-occur with events of type Artack
and Demonstrate, which are in the supertype Conflict.



Supertype Type

Personal Start-Position, End-Position, Nominate, Elect

Life Be-Born, Marry, Divorce, Injure, Die

Movement Transport

Contact Meet, Phone-Write

Conflict Attack, Demonstrate

Business Start-Org, End-Org, Merge-Org, Declare-Bankruptcy
Transaction Transfer-Money, Transfer-Ownership

Tustice Arrest-Jail, Execute, Pardon, Release-Parole, Fine, Convict,

Acquit, Appeal, Trial-Hearing, Charge-Indict, Sentence, Sue, Extradite

Table 2. Event taxonomy in ACE 2005 corpus.

4 Experiments

4.1 Data Set and Experimental Setup

ACE 2005 Corpus We performed experiments on the ACE 2005 corpus. For the pur-
pose of comparison, we followed the evaluation of [20,8,23]: randomly selected 30 ar-
ticles from different genres as the development set, and subsequently conducted a blind
test on a separate set of 40 ACE 2005 newswire documents. We used the remaining 529
articles as our training data set.

ExtACE 2005 Corpus [22] used the events automatically detected from FrameNet as
extra training data to alleviate the datasparseness problem for event detection. For sim-
plicity sake, we denoted the ACE2005 corpus extended with FrameNet as ExtACE 2005
corpus. To investigate the effects of applying our approach to theirs, we also perform
experiments on ExtACE2005 corpus. [22] published the events automatically detected
from FrameNet, which can be easily obtained?. Note that, the development and test
datasets hold the same as introduced in ACE 2005 corpus.

Evaluation Metrics Following previous work [20,27,8], we use the following criteria
to evaluate the results:

(1). A trigger is correctly identified if its offset matches a reference trigger.

(2). A trigger is correctly classified if both its event type and offset match a reference
trigger. Finally, we use Precision (P), Recall (R) and F meansure (F} ) as the evaluation
metrics.

Hyper-parameter Setting Hyper-parameters are tuned by grid search on the develop-
ment data set. We observed an interesting phenomenon when tuning parameters. For
CNNs, updating word embeddings in the training procedure usually improves perfor-
mances [8,27]. However, it is false for ANNs. Figure 1 shows the training curves on
development data set. We observe that UWE (Updating Word Embedding) outperforms

2 https://github.com/subacl/acl16
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Fig. 1. Training curves on development data. UWE is short for “updating word embedding”
whereas NUWE is short for “not updating word embedding”.

NUWE (Not Updating Word Embedding) in the first five iterations. However, the situa-
tion is opposite in the remaining iterations. We believe the reason is that updating word
embedding causes ANNs overly fit the training data and thus hurts the performances
on development data. We apply regularization strategies to try to address this issue, but
still fail to make UWE achieve good performances. In this work, word embeddings are
not updated in training process.

In our experiments, we set the size of the hidden layer to 300, the size of word em-
beddings to 200, the batch size to 100 and the dropout rate to 0.5. The hyper-parameter
o in Equation 6 is various for different grouping strategies, we will give its setting in
the next section.

4.2 Systems

In this section, we introduce the systems implemented in this work.

ANN is the basic event detection model, in which the hyper-parameter « is set to 0.
In this system, event types do not share information.

ANN-GI uses the first type grouping strategy G1 introduced in Subsection 3.3. We
use the development data set to tune the hyper-parameter o, and the final assignment is
2.56e-4.

ANN-G2 uses the second type grouping strategy G2 and the hyper-parameter « is
set to 5.12e-5.

4.3 Experiments on ACE 2005 Corpus

We select the following state-of-the-art methods for comparison.
1). Li’s joint model is the method proposed by [20], which extracts events based on
structure prediction. It is the best-reported structured-based system.



2). Ngyuen’s CNN is the method proposed by [27], which employs CNNs to detect
events.

3). Chen’s DMCNN is the method proposed by [8], which employs dynamic multi-
pooling operations on CNNs to extract events.

4). Liu’s PSL is the method proposed by [23], which employ both latent local and
global information for event detection. It is the best-reported feature-based system.

Identification (%) |Classification (%)
P|R| i |P|R| F
Li’s joint model (2013) (76.9|65.0| 70.4 |73.762.3| 67.5
Nguyen’s CNN (2015) N/A 71.8(66.4| 69.0
Chen’s DMCNN (2015)[80.4[67.7] 73.5 |75.6]63.6] 69.1
Liu’s PSL (2016) N/A 75.3|64.4| 69.4
ANN (Ours) 83.1]63.5| 72.0 |79.7|160.9| 69.0

ANN-GI (Ours)  |81.7|67.1] 73.7 |76.7|63.0] 69.2
ANN-G2 (Ours) _ |82.0[64.7] 72.3 |78.9|62.2] 69.6

Methods

Table 3. Experimental results on ACE 2005 corpus

Table 3 presents the experimental results on ACE 2005 corpus. The first group illus-
trates the performances of state-of-the-art approaches, and the second group illustrates
the performances of our systems. Based on these results, we make the following obser-
vations:

1). Information sharing among event types makes both ANN-GI and ANN-G?2 out-
perform the basic event detection model ANN, which demonstrates the effectiveness of
our proposed approach.

2). It is evident that the first grouping strategy G1 enables the event detection model
to achieve more improvements for identification (whether it triggers an event or not)
than for classification (what event type it triggers)(1.7% vs. 0.2%), and the second
grouping strategy G2 is versa (0.3% vs. 0.6%). This phenomenon is easy to under-
stand. Since G1 only differentiate positive events from negative events, it is reasonable
to bring more improvements for identification than for classification. Whereas, G2 con-
tains detail information for specific event types, thus it is more helpful for classification.

3). Compared with state-of-the-art approaches, ANN-G2 outperforms all of them
with remarkable improvements. We also perform a t-test (p < 0.05), which indicates
that our method significantly outperforms all of the compared methods.

4.4 Experiments on ExtACE 2005 Corpus

Recently, [22] used the events automatically detected from FrameNet as extra training
data to alleviate the data sparseness problem for event detection. To investigate the
effects of applying our method to theirs, we also perform experiments on ExtACE 2005
corpus, which is obtained by adding the events automatically detected from FrameNet
to the ACE 2005 training data. Table 4 presents the experimental results. Consistent
with the results reported in the above section, G1 makes ANN-GI achieve remarkable



improvements for identification compared with ANN (74.0% vs. 72.9%). However, G2
fails to bring as much improvements as it performs on ACE 2005 corpus. The reason
may be that the data sparseness problem in ExtACE 2005 corpus is less serious than
that in ACE 2005. Nevertheless, the results demonstrate that information sharing among
event types is also helpful for the ExtACE 2005 corpus.

Identification (%) |Classification (%)
P | R Fi P | R Fy
ANN |79.2|67.5| 72.9 |76.8/65.5| 70.7

ANN-G1|77.4|70.9| 74.0 |73.7(67.5| 70.5

ANN-G2|78.5|69.1| 73.5 |75.6/66.6| 70.8

Methods

Table 4. Experimental results on ExtACE 2005 corpus

4.5 Performances on Sparse Event Types

Our proposed approach allows for information sharing among related event types, which
is expected to help the sparse types to benefit from dense types. To demonstrate the ef-
fectiveness of this intuition, we evaluate the proposed approach on the top 15 sparse
event types3.

Identification (%) |Classification (%)
P|R| F P | R 13
ANN [93.5/49.2| 64.4 (90.3]47.5| 62.2
ACE 2005 |ANN-G1(92.4|52.2| 66.7 |87.1/49.2| 62.9
ANN-G2(93.0|50.9| 65.8 |90.949.7| 64.3

ANN [91.8]50.6| 65.2 |88.8|48.9| 63.1
ExtACE 2005|ANN-G1{91.4|53.3| 67.3 (86.6/50.5| 63.8
ANN-G2(92.0(52.6| 66.9 (89.0|50.8| 64.7

Dataset Methods

Table 5. Performances of ANN/ANN-GI/ANN-G2 on the top 15 sparse event types.

Table 5 shows the experimental results, from which we could observe the follow-
ing two results. (1) all systems achieve poor recall scores on sparse events. This is not
difficult to understand: few training labeled data prevents the model to predict test sam-
ples to sparse types, which consequently causes poor recall scores. (2) Compared with
ANN, ANN-G1 and ANN-G?2 respectively improve the performances of identification
and classification with remarkable gains on both datasets, which demonstrates that our
approach is effective for sparse types.

5 Conclusions

We propose a novel approach for event detection that allows for information sharing
among related event types. The proposed method uses given event type groups to decide

3 Appeal, Start-Org, Fine, Divorce, Execute, Merge-Org, Nominate, Extradite, Acquit, Declare-
Bankruptcy, Pardon, End-Org, Be-Born, Sue and Release-Parole



which events should share information. In this paper, we explore two strategies, which
are respectively denoted by G1 and G2, to group event types. To demonstrate the ef-
fectiveness of the proposed method, we conduct experiments on ACE 2005 corpus and
its expanded version named ExtACE 2005. The results on both datasets demonstrate
that the proposed approach is effective for the event detection task, and our approach
outperforms all compared methods.
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