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Abstract: Event extraction (EE) is a complex natural language processing (NLP) task that aims at identifying
and classifying triggers and arguments in raw text. The polysemy of triggers and arguments stands out as one of
the key challenges affecting the precise extraction of events. Existing approaches commonly consider the semantic
distribution of triggers and arguments to be balanced. However, the sample quantities of different semantics in
The bias
introduces two challenges: (1) low-frequency semantics is difficult to identify; (2) high-frequency semantics is often

the same trigger or argument vary in real-world scenarios, leading to a biased semantic distribution.

mistakenly identified. To tackle these challenges, we propose an adaptive learning method with the reward—penalty
mechanism for balancing the semantic distribution in polysemous triggers and arguments. The reward—penalty
mechanism balances the semantic distribution by enlarging the gap between the target and nontarget semantics
by rewarding correct classifications and penalizing incorrect classifications. Additionally, we propose a sentence-
level event situation awareness (SA) mechanism to guide the encoder to accurately learn the knowledge of events
mentioned in the sentence, thereby enhancing target event semantics in the distribution of polysemous triggers and
arguments. Finally, for various semantics in different tasks, we propose task-specific semantic decoders to precisely
identify the boundaries of the predicted triggers and arguments for the semantics. Our experimental results on
ACE2005 and its variants, along with the rich Entities, Relations, and Events (ERE), demonstrate the superiority

of our approach over single-task and multi-task EE baselines.

Key words: Event extraction; Polysemous triggers; Polysemous arguments; Semantic imbalance; Reward—penalty
mechanism
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1 Introduction

Events, serving as carriers of information, pos-
sess significant research value due to their ele-
vated information content and rich semantic details.
The accelerated evolution of the Internet and the
emergence of numerous Internet applications have
brought a large number of unstructured and frag-
mented text resources. How to quickly and accu-
rately obtain structured target event information
from these resources has always been a key and chal-
lenging problem for scholars engaged in the field of
event extraction (EE). EE (Ahn, 2006; Chen et al.,
2015; Lu D et al., 2023) is the task of identifying and
classifying triggers and arguments from unstructured
text based on the predefined event schema, as shown
in Fig. 1. EE enables users to obtain information in
a timely and intuitive manner on who (doer), when
(time), where (place), how (artifact), whom (recip-
ient), and what (event) occurred. The extracted
event can be widely used in downstream applica-
tions, such as event graph construction (Shu et al.,
2021; Xu TY et al., 2022), recommendation systems
(Cui ZJ et al., 2023; Xia et al., 2023), and decision
aids (Anelli et al., 2022; You MS et al., 2023).

Many efforts have been devoted to EE. Earlier
EE methodologies relied mainly on manually crafted
multi-granularity features (Ji and Grishman, 2008;
Hong et al., 2011; McClosky et al., 2011), which
were labor-intensive. The emergence of deep learning
techniques (Chen et al., 2015; Nguyen et al., 2016;
Sha et al., 2018), capable of automatically learn-
ing features of tasks from extensive annotated data,
has overcome the limitations of manual feature de-
sign. Recently, pre-trained language models (PLMs)
(Yang S et al., 2019; Lin et al., 2020; Lu YJ et al.,
2021; Liu X et al., 2022) with rich general language
representations, such as BERT and RoBERTa, have
become the backbone of EE systems, reducing the
need for extensive annotated data. To address the
challenges introduced by low-resource scenarios, in-
cluding zero-shot and few-shot, prompts (Hsu et al.,
2022; Wang SJ et al., 2023; Yao et al., 2023; Zhang
KH et al., 2023) with task-specific knowledge aid
PLMs in comprehending the content and format of
tasks which require significant training. Large lan-
guage models (LLMs) (Ettinger et al., 2023; Li et al.,
2023; Pang et al., 2023) with exceptional text un-
derstanding and generation abilities do not require

training and are extensively applied in various natu-
ral language processing (NLP) tasks.

The polysemy of triggers and arguments poses
significant challenges for EE (Feng et al., 2018; Ding
et al., 2019). We take into consideration a trigger
or argument of polysemy when it is associated with
two or more meanings. We take polysemous triggers
as an example to analyze the challenges, as shown in
Fig. 1. The polysemous trigger “death” triggers three
distinct events “life: die,” “justice: execute,” and
‘justice: sentence,” while “punishable” triggers only
The semantics of event types
is finite, discrete, and predefined, which defines the
output space for EE tasks. The output space of pol-
ysemous triggers and arguments is a complex space

“Justice: sentence.”

composed of multiple semantic subspaces. Mapping
“death” to “justice: execute” among its three relevant
meanings is more challenging than mapping “punish-
able” to “justice: sentence.”

Polysemy increases the complexity of EE tasks,
making it difficult for models to determine the exact
meaning represented by polysemous triggers and ar-
guments. Specifically, the challenges introduced by
polysemy to EE tasks manifest in two main aspects:
(1) Semantic ambiguity. Polysemy makes it difficult
for EE models to distinguish the semantics of trig-
gers and arguments, manifested mainly in their pos-
sible various different semantics. It requires complex
semantic disambiguation for EE models to map trig-
gers and arguments to predefined types. (2) Context
dependency. Polysemy affects the semantics of trig-
gers and arguments by the context, allowing the same
word to represent different semantics in different sen-
tences. Consequently, the semantics of triggers and
arguments may become ambiguous across different
contexts, increasing the complexity of understand-
ing and modeling their semantics for models.

To tackle the aforementioned challenges, exist-
ing EE studies have employed various methods to
enhance the semantics of polysemous triggers and ar-
guments, including context knowledge (Chen et al.,
2015; Lu D et al., 2023), knowledge enhancement
(Du and Ji, 2022), multi-task learning (Ping et al.,
2023), and prompt-based approaches (Yao et al.,
2023; Zhang KH et al., 2023), which treat the multi-
ple semantics in polysemous triggers and arguments
as balanced semantics. However, the semantic dis-
tribution is unbalanced. This imbalance poses some
challenges for the semantic modeling of polysemous
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triggers and arguments, as well as the identification
of their boundaries, mainly in the following three
aspects: (1) Biased semantic distribution. By ana-
lyzing the samples of polysemous triggers and argu-
ments in the dataset, we find significant differences
in the distribution of sample numbers for different
semantics. We observe in Fig. 2a that the number
of samples with the semantics “life: die” is much
higher than those of “justice: execute” and “justice:
sentence.” This imbalanced semantic distribution
results in the model paying more attention to the
high-frequency semantics in polysemous triggers and

of high-frequency semantics. (2) Misidentification of
relevant and irrelevant semantics. The probability
of relevant and irrelevant semantics being detected
is greater than that of the target semantics, result-
ing in a false positive (FP) that the nontarget se-
mantics is identified and a false negative (FN) that
the target semantic is misidentified, as illustrated in
Fig. 2b. (3) Difficulty in boundary identification.
For multi-token triggers and arguments, the poly-
semy of subtokens presents a substantial challenge
in accurately identifying the boundaries of triggers
and arguments.

arguments during the learning process, while neglect-
ing the acquisition of low-frequency semantics. Con-
sequently, this further leads to the omission of low-

To tackle these challenges, we introduce an
adaptive semantics learning method for handling the
imbalanced semantics in polysemous triggers and

frequency semantics and the erroneous identification ) .
arguments using the reward—penalty mechanism,

Event schema Trigger/Argument Event schema Trigger/Argument
Event type | Justice: sentence Punishable Event type | Justice: execute Death
Defendant Person
Role type Adjudicator Role type Agent Pakistan
Place Place

____.-J
Blasphemy is punishable by death under the Pakistan Penal Code. Justice: execute

It's a life and death situation. Life: die

He should get the death penalty, just like Saddam, 60 times over. Justice: sentence

Fig. 1 Event extraction (EE) results of the sentence “Blasphemy is punishable by death under the Pakistan
Penal Code.” and examples of the semantics for the triggers ‘“death” and “punishable.” Words in bold are
triggers, while those italicized are arguments. Event “justice: sentence” is triggered by the trigger “punishable”
without arguments playing any roles. Trigger “death” triggers the “justice: execute” event, where “Pakistan”
plays the “agent” role in the event schema of “justice: execute”

Misidentified semantic

mm Relevant semantics

) Misidentified semantic
Irrelevant semantics

Target semantic

1 -
Justice: execute Life: die Justice: sentence Justice: execute Life: die

(a) (b)

Fig. 2 Original semantic distribution of “death” (a) vs. semantic distribution of “death” after balancing (b).
(a) shows the original imbalanced semantic distribution in which the number of samples with the semantics
“life: die” is significantly higher than the numbers of samples with the semantics “justice: execute” and “justice:
sentence.” (b) shows the semantic distribution after balancing, in which the probabilities of both relevant and
irrelevant semantics being detected are higher than that of the target semantic, leading to two false positives
(FPs) and one false negative (FIN)

Justice: sentence
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denoted as RPEE. First, we leverage the reward-
penalty mechanism to balance the biased distribu-
tion of semantics by weakening the high-frequency
semantics and amplifying the low-frequency seman-
tics, and improve the classification accuracy by en-
larging the gap between target semantics and non-
target semantics. This approach dynamically adapts
the different semantics of polysemous triggers and
arguments, based on the semantic probability distri-
bution and the model classification outcomes, which
differs from the traditional methods that adjust cat-
egory weights (Yang S et al., 2019; Nam et al., 2022).
Additionally, we use the sentence event semantics to
enhance the semantics of triggers and arguments, in-
tending to reduce FPs for irrelevant semantics and
nontarget relevant semantics. To ensure the accu-
racy of the sentence event semantics for avoiding
the error propagation, the proposed sentence-level
event situation awareness (SA) mechanism uses a
sentence event classification task for precisely mod-
eling the sentence event semantics. Finally, we de-
velop task-specific decoders to identify all candi-
date spans for triggers and arguments in the sen-
tence, classifying their types for different semantics
using task-specific thresholds. Experimental results
demonstrate that our method effectively mitigates
the imbalanced semantic distribution of polysemous
triggers and arguments.

Our contributions are fourfold:

1. To solve the imbalanced semantic distri-
bution of polysemous triggers and arguments, we
introduce a semantics-adjustment method to mini-
mize the gap between relevant semantics by using
the reward—penalty mechanism.

2. We devise a reward—penalty mechanism to
mitigate the biased distribution of semantics by dy-
namically adjusting different semantics in polyse-
mous triggers and arguments.

3. The proposed sentence event situation aware-
ness (SESA) mechanism provides correct event con-
straints for triggers and arguments in the sentence.
Additionally, the task-specific decoder accurately
identifies the boundaries of triggers and arguments
composed of an uncertain number of tokens.

4. Extensive experiments demonstrate that
RPEE outperforms state-of-the-art EE methods,
demonstrating strong robustness, generalization
ability, and superior performance in handling poly-
semous triggers and arguments, even in complex sce-

narios where triggers and arguments comprise mul-
tiple tokens.

2 Related works

This section reviews EE approaches and sum-
marizes models that accurately identify the bound-
aries of triggers and arguments.

2.1 Event extraction (EE)

EE is a fundamental, crucial, and complex task
in information extraction (IE) and NLP, focused on
identifying triggers, event participants, and event
types in text. Many efforts have been made from
various perspectives to enhance EE performance.
Researchers have used various neural networks like
convolutional neural networks (CNNs) (Chen et al.,
2015; Zeng et al., 2016), recurrent neural network
(RNN) (Nguyen et al., 2016; Sha et al., 2018), long
short-term memory (LSTM) (Feng et al., 2018; Lou
et al., 2021), and graph neural network (GNN) (Liu
X et al., 2018; Cui SY et al., 2020) to capture event
features. From the perspective of leveraging knowl-
edge of tasks and datasets, Du and Cardie (2020),
Liu J et al. (2021), Yang P et al. (2021), Du and
Ji (2022), Wang S et al. (2022), and Lu D et al.
(2023) formalized EE as machine reading compre-
hension (MRC) or question answering (QA) tasks.
Some researchers (Hsu et al., 2022; Ma et al., 2023,;
Ping et al., 2023; Yao et al., 2023; Zhang KH et al.,
2023) employed well-designed prompts to guide lan-
guage models in extracting events. Some others (Et-
tinger et al., 2023; Hsu et al., 2023; Yang YQ et al.,
2023) used NLP tools to make use of syntactic, syn-
tax, and semantic knowledge in the data. From the
perspective of leveraging external resources, Liu X
et al. (2022), Wang B et al. (2023), and Yao et al.
(2023) tackled the challenge of data scarcity by gen-
erating instances.
have made significant progress in EE. However, they
tend to overlook the uneven distribution aspect of

The methods mentioned above

semantics in triggers and arguments, leading to nu-
merous FPs that impact the overall performance of
EE.

2.2 Boundary identification for EE

Identifying the boundaries of triggers and ar-
guments is crucial for accurately extracting events,
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especially for those consisting of multiple tokens.
In this subsection, we review the literature on EE,
specifically focusing on sequence labeling and span-
based approaches.

2.2.1 Sequence labeling EE

The sequence labeling EE models formalize EE
as sequence labeling, with the aim of modeling the
semantic distribution of triggers and arguments.
Various labeling schemes exist, including 10, BIO,
BMES, and BIESO. In these schemes, the terms be-
ginning, inside, outside, middle, end, and single cor-
respond to each letter in BIOMES. Different meth-
ods use different labeling schemes. Guzman-Nateras
et al. (2023) and Liu J et al. (2023) used the IO
scheme for labeling. To better leverage the potential
transferred knowledge between labels, Nguyen et al.
(2016), Sha et al. (2018), Lin et al. (2020), Cong et al.
(2021), Liu J et al. (2022), Wang ZT et al. (2023),
and Xu ZY et al. (2023) used RNNs or conditional
random fields (CRFs) and the BIO labeling scheme
to model the boundaries of triggers and arguments.
However, the sequence labeling method fails to han-
dle nested triggers and arguments.

2.2.2 Span-based EE

In contrast to the methods rooted in sequence
labeling, span-based modeling approaches aim to
tackle intricate event structures, such as nested trig-
gers and arguments. These approaches transform
the EE task into a text span classification task, aim-
ing to identify target triggers or arguments from all
candidate spans and to classify each span’s type. De-
pending on the modeling, span-based methods con-
sist mainly of boundary location modeling and span
representation modeling. Existing works (Yang S
et al., 2019; Du and Cardie, 2020; Yang P et al., 2021;
Xu RX et al., 2022; He et al., 2023) used two task-
specific classifiers to model the head and tail tokens
of the span. The works (Dozat and Manning, 2017;
You HL et al., 2022, 2023; Ping et al., 2023) used
the biaffine attention mechanism to jointly model
the head and tail tokens of the span. Wadden et al.
(2019) and Yang YQ et al. (2023) enumerated all
spans, to model the joint representation of spans for
multi-token triggers and arguments.

Sequence labeling EE methods model the se-
mantic distribution of triggers and arguments but

fail to handle the nested or overlapping ones. How-
ever, span-based approaches tackle the issue but
struggle with the imbalanced semantic distribution
of polysemous triggers and arguments. To ad-
dress this, we formalize the EE task as a token-
classification problem and propose a reward—penalty
mechanism to dynamically adjust the imbalanced se-
mantic distribution of polysemous triggers and argu-
ments, thereby mitigating their bias. Additionally,
we design task-specific decoders to model the bound-
aries of triggers and arguments, separately.

3 Preliminaries
3.1 Task formulation

Following the definition by Ahn (2006), the pro-
cess of EE consists of event detection (ED) (Liu J
et al., 2023; Wang SJ et al., 2023) and event argu-
ment extraction (EAE) (He et al., 2023; Yang XJ
et al., 2023), aiming at extracting triggers and ar-
guments from the given sentence, as well as map-
ping them to the predefined types. We formalize
ED and EAE as multi-label classification tasks to
address the polysemy of triggers and arguments.
The type sets of ED and EAE are denoted as
E = {e1,e2,...,enm} U {eg=“NULL"} and R =
{r1,r2, ..c;rm }U{ro = “NULL” }, respectively, where
“NULL” indicates that the token is neither trigger
nor argument.

For a given sentence X = {x1, 23, ..., ,, }, where
n is the length of tokens, ED identifies all candi-
date triggers for each meaning and presents the re-
sults in the format of U£1 {[ei : Uszl[(sij?eij)]]}»
where s;; and e;; represent the head and tail posi-
tions of the j* candidate trigger for event type e;,
e; € E, and t is the number of triggers for event
e;. According to the predefined event schema, the
argument role set of e; is 7 = {Tli, ey rfl}, where
r; € R, and a indicates the number of argument
roles for e;. EAF recognizes all candidate arguments
playing the role 7;, and the result is presented as
{ei : U?:l {rj : Uzzl[(sﬁ,ef)]}}, where sf and e?
represent the head and tail positions of the k*" can-
didate argument for role type r;, respectively.
Definition 1 In the training set, suppose that
token z is labeled with a set of labels, denoted as e, =
{€x1, €02, ..., €xq}, Where €5, € E and g < M. Here,
e, represents the relevant semantics for token x, while
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the remaining semantics e, = E — e, constitutes the
irrelevant semantics of token .

3.2 Situation awareness (SA)

SA (Endsley, 1988, 2001) perceives environment
factors or events within the complex and dynamically
changing information environment, comprehends
their significance, and predicts their future states.
SA is an intrinsic representation of the constantly
changing external environment, which forms the fun-
damental basis for subsequent decision-making and
performance.

Let E, = {eny,eny,...,en, } be the set of infor-
mation in the environment, where en; is the i*® kind
of information. Sa is the function representing the
SA model. Consequently, Sa(E,) = {s1, $2, ..., Ss}
signifies the comprehensive state of the environment
E., with s; representing the i" state component.

With the help of situational information, indi-
viduals or systems can better comprehend and adapt
to complex environments. SA is widely used in var-
ious fields such as cybersecurity (Onwubiko, 2020;
Matey et al., 2022), power systems (Dwivedi et al.,
2023), disease prevention (Shashikumar et al., 2021),
and traffic security (Zhang JR et al., 2023), and is
also applied in specific tasks, such as emotion recog-
nition (Akgun et al., 2023; Palash and Bhargava,
2023). To our knowledge, this paper is the first to
introduce SA into EE, enhancing the understanding
and adaptation to complex event environments.

3.3 Binary cross-entropy (BCE) loss

BCE loss (Zheng et al., 2022; Xu ZZ et al.,
2023), commonly known as the sigmoid loss, employs
the sigmoid function to compute probabilities and
is commonly used by binary classification tasks and
multi-label classification tasks. The sigmoid function
independently calculates probabilities for each cate-
gory, thereby preventing interference between differ-
ent semantics. The formulation of BCE loss is

C

LY. ¥) =— 23 Iy log(6(r))
€= 1)

+ (1 = yi)log(1 — d(ri))],
where C = {1,2,...,c} is the target set, ¥ =
[y1, Y2, -, Ye] and Y = [6(r1), 5(r2), ..., 6(rc)] are the

one-hot vector of the ground-truth label and the pre-
dicted label vector for input z, respectively, y; €

{0,1}, r; is the logit value of  on class i, r; € [0, 1],
and 0 is the sigmoid function. Suppose that the
ground-truth label for x is class 7, and that the other
classes are uniformly represented as u = C\ {r,}.
Then, the gradient with respect to the class r, and

u; € u are
ALY.,Y) d(r,)—1 9LY,Y)  &(r,)
87‘r c aTu,- c

4 Owur approach

This paper presents a method to mitigate the
biased semantic distribution of polysemous triggers
and arguments using the reward-penalty mecha-
nism. The overall framework, depicted in Fig. 3,
consists of four main modules:

1. Reward—penalty mechanism dynamically ad-
justs the learning method of semantics in polysemous
triggers and arguments. It rewards well-learned se-
mantics while penalizing the erroneous one with the
semantic probability distribution and the model clas-
sification outcomes.

2. The SESA mechanism generates an accu-
rate and comprehensive representation for all events
mentioned in sentences.

3. Semantics-enhanced encoder represents to-
kens with vectors and enhances semantics in tokens
with all events mentioned in the sentence.

4. Task decoder identifies all potential trigger
and argument candidates in the sentence and classi-
fies their types.

Our training procedure comprises three phases:
pretraining the SESA module (Section 4.2), then
training ED and EAE with their
semantics-enhanced encoder (Section 4.3), and us-
ing the task decoder (Section 4.4). ED provides
EAE with target role sets based on the predefined
event schema. The semantics-enhanced encoder fur-

respective

nishes the task decoder with token representations
augmented by the sentence event semantics. SESA
ensures the accuracy of the sentence event semantics
provided to the semantics-enhanced encoder. Fi-
nally, the task decoder identifies the boundaries of
triggers and arguments based on the representations
of tokens and the reward—penalty mechanism (Sec-
tion 4.1) and classifies their types.
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Step 2: trigger decoding Step 4: argument decoding

Event T Trigger | : S — e .
Jusice: oxoouts | Death | Event [ Event [ lJusiice: execiie]
Justice: sentence | Punishable ischema .f : Trigger Dgath i Loss Loss
i { Role: agent | Pakistan 1 I |‘
Life: die 0,0,0,0,0,0,0,0,000 | |
e di l : : Penalty mEE Reward
Justice: execute[ 0,0,0,0,1,0,0,0,000 | Agent ., [ 0,0,00,0,0,0,1,0,0,0 ] N thl
: o
Justice: sentence[ 0,0,1,0,0,00,0,000 | ‘Agent,, [ 00000001000 ] True?
Trigger semantic distribution ‘Argument semantic distribution] | Probability |,
4| Probabiliy 't
Step 3: argument encoding Penalty Reward
Step 1: trigger encoding T
' No Yes
ICIassification results >Threshold? —
Inference  ,
A ' f ‘Training T

Classification results

Reward—penalty mechanism

0000~

BO0B0B00EO00ELS

'y
|- Blasphemy is Punishable by Death Under the [Pakistan Penal Code . [SEB)

B Token W Trigger Module E=5) Embeddings

B Argument

Fig. 3 The overview of our joint event extraction (EE) model. The encoder converts tokens into high-
dimensional vectors. Before this, the sentence-level event situation awareness (SA) mechanism fine-tunes the
encoder to guarantee the precise representation of the sentence events. The encoder then uses this repre-
sentation S to enhance token semantics during encoding. Subsequently, our model calculates the probability
distribution P(z;) and employs the reward—penalty mechanism to amplify the correct semantics and dimin-
ish the incorrect semantics, widening the gap between them. Finally, using P(z;), the trigger decoder and

argument decoder use task-specific thresholds to identify and classify all candidates

4.1 Reward—penalty mechanism The weight updating process is

The reward-penalty mechanism dynamically Whow = Wold — i 5(”)7_17 (3)
adjusts different semantics of polysemous triggers i—1 ¢
and arguments by rewarding semantics that is cor-
rectly classified and penalizing erroneous seman- where n indicates the number of labels.
When wold—p = Wold—p, and 0(r,) = d(rp), then
Wnew—h > Wnew—p- FOr a test sample of class p, the
trained model tends to categorize it as h, resulting
in an FP.
2. FN of low-frequency semantics. Suppose that
the two classes r, and r of token z; have k1 and ko

samples, respectively, with k1 > ko, {rn,m} C C.

tics. Subsequently, we provide a detailed analysis
of the causes (Section 4.1.1), the desired effects (Sec-
tion 4.1.2), and the implementation of the reward—
penalty mechanism, covering both multi-factor (Sec-
tion 4.1.3) and single-factor (Section 4.1.4) imple-
mentation methods.

4.1.1 Motivational analysis of the reward—penalty The accumulated gradients of ry and ry are

mechanism ks N ke
— 0 e
We analyze the misclassifications introduced by i=1 " i=1 ¢

the imbalanced sample quantities from the following When 8(ry, ) = (r»,), the acc lated gradient
no(ry,) =90(rn), umu radien

erspectives:
Persp value of class 7y, is greater than that of class r|, re-

1. FP of irrelevant semantics. Let n, and ny, de-
note the number of samples in the dataset annotated
with labels p and h, respectively, where n; > n,.

sulting in a biased semantic distribution for z; and
class 7 being overwhelmed by class 7, as well as an
FN for class r;.
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4.1.2 Purposes of reward—penalty mechanism

The reward—penalty mechanism aims to miti-
gate these challenges by boosting the gradient gap
between the relevant and irrelevant semantics in
Eq. (3), and simultaneously diminishing the accu-
mulated gradient gaps between semantics within the
set of relevant semantics in Eq. (4). The gradient
adjustment for semantics is detailed as follows:

OL(Y.Y) OL(Y.Y) )
or or
where K, ,, = Py Ry is the reward—penalty factor
consisting of the reward factor R, , and the penalty
factor Py .

= ’Cr,u

4.1.3 Multi-factor reward—penalty mechanism

The multi-factor reward—penalty mechanism ac-
curately adjusts various semantics based on classifi-
cation outcomes and the probability distribution of
tokens. It alleviates the bias in the semantic distribu-
tion by amplifying the probability of low-frequency
semantics while diminishing that of high-frequency
We elaborate
on the implementation process of the reward and
penalty mechanisms, delineating the specific prob-
lems they target.

Reward mechanism uses a reward factor R, ,,
and the sample distribution to adjust the weight of

semantics and irrelevant semantics.

the correctly classified semantics’ gradients, includ-
ing the true positive (TP) high-frequency semantics
rp and the true negative (TN) irrelevant semantics
u. We adjust the weights of semantics’ gradients as
follows:

(rry )%, 7rp, >t, a TP happens,
ry <t, a TN happens, (6)
1, Tp, <tOr Ty >t

where R, > 0 and R, > 0 are hyperparameters,
and t is the classification threshold. When a sam-
ple of r, is correctly classified, the value of the re-
ward factor R, , decreases, resulting in a gradient
enlargement for r},, which narrows the gap in Eq. (4)
between the accumulated gradient values of high-
Addition-
ally, the weight of u diminishes to widen the gap

frequency and low-frequency semantics.

between relevant and irrelevant semantics, making
them easier to distinguish.

Penalty mechanism employs a penalty factor
‘Pr. and the model classification outcomes to handle

misclassified semantics, including unidentified tar-
get semantics and misidentified irrelevant semantics.
The adjustment process is as follows:

Pr
(;) ,  F(ry)<t, an FN happens,
]-"(r,‘l) 1

Pru= (@)Pu ,  F(ry)>t, an FP happens,
1, F(ry) > tor F(ry,) <t,

(7)
where P, > 0 and P, > 0 are hyperparameters
adjusting the punishment, and F(-) € [0,1] is the
activation function that realizes the reward—penalty
mechanism. When a small sample of token x is la-
beled r and an FN occurs, the penalty mechanism
decreases the gradient of ry, as illustrated in Eq. (5),
thereby amplifying its weight, as described in Eq. (3).
In the case of an FP, according to Eq. (7), Py
increases, leading to an increase in the gradient of
irrelevant semantics and consequent decrease in its
weight.

4.1.4 Single-factor reward—penalty mechanism

The numerous hyperparameters of each factor
in the multi-factor reward—penalty mechanism pose
significant challenges to accurate modeling of the
semantic distribution of polysemous triggers and
arguments. Therefore, we propose a single-factor
reward—penalty mechanism with one hyperparame-
ter to improve feasibility and usability by sacrificing
some accuracy. We meticulously design the following
reward—penalty function to implement the reward—
penalty mechanism:

1

pr(z, Kru) = [

(8)

where z is the logit score of the input on a specified
class, and ;. ,, > 1 is an integer.

Subsequently, we will elaborate on how the
function pr(zx, K, ) implements the reward-penalty
mechanism from the model training and inference
perspective.

1. Training process. The reward—penalty func-
tion pr(z, Ky ) directs the model training by modi-
fying the loss based on the model classification out-
In the case of incorrect classification, the
reward—penalty function pr(z, XC, ,,) boosts the loss
so as to encourage the model to learn more about
the gold label of the input. Conversely, correct clas-
sifications result in pr(z, K, ,) decreasing the loss,
which helps avoid over-fitting and reduces the gap

comes.
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between high-frequency and low-frequency seman-
tics. Table 1 illustrates the impact on the loss value.

Table 1 Changes in the loss value

Prediction
Positive Negative
Positive - +
Gold .
Negative + -
“+” and “-” denote the increase and decrease in the loss value

using the function pr(z, K, ) compared to using the function
§(x), respectively

Specifically, when token z labeled with class i is
correctly classified and r; > 0, pr(r;, KCry) > d(rs),
the heightened probability serves as a reward for
correct categorization. From Eq. (5), we observe
that lossp, < losss, where loss,, and losss employ
pr(r;, KCr) and 0(r;) as the activation function, re-
spectively. The decrease in the loss implies a reduced
need for parameter tuning, further preventing the
weight of class ¢ from becoming excessively large.
This illustrates that pr(r;, K, ) effectively balances
the semantic distribution.

In case where token x labeled with class r is
unidentified, r, < ¢ or pr(ry, Kry) < pr(ru, Kru),
an FN happens. With pr(r,,K,.) < d(r.) < t,
lossp: > lossg, the increased loss can be seen as a
penalty and leads the model to learn more about
class r.

When token z does not have samples labeled
with class u but pr(r,, Kr) < pr(ry, Kro), it indi-
cates that u is misclassified. Using pr(z, K, ,,) gains
larger loss than using 6(z), denoted as lossp, > losss,
and then the increased loss guides the model to re-
duce the weight of u to avoid FP.

2. Inference process. The reward—penalty func-
tion pr(x, K, ,) simplifies the threshold setting by
enlarging the gap between the target semantics and
the nontarget semantics, improving the accuracy of
identifying the target semantic.

Typically, t varies across tasks. Assuming that
token z; labeled with p is correctly recognized, then
pr(rp, Kru) > t. At the same time, it can be ob-
served from pr(ry, K, ) > 6(rp) that pr(z, K, ,,) re-
wards the target semantic p of x; by enlarging its
probability. Conversely, if the nontarget seman-
tics w of x; is misclassified, pr(ry,Kr.) < t and
pr(ry, Kry) < 6(ry). The reward—penalty function
pr(z, Ky) punishes the nontarget semantics u by

diminishing its probability. Simultaneously, by com-
paring changes in the probability of various seman-
tics using different activation functions, we know
pr(rp, Krw) > 0(rp) > 0(ry) > pr(ry,Kr.) and
pr(rp, Krw) — Pr(ru, Krw) > 6(rp) — 6(ry). A wider
boundary implies an easier setting for the thresh-
old and a more accurate recognition of the target
semantic.

4.2 SESA mechanism

SESA generates the joint representation of all
events Espsa = [€s1, €52, ..., €sp] mentioned in the
sentence X, where e,; € F, to enhance event seman-
tics of tokens in X. To generate an accurate repre-
sentation, inspired by Gururangan et al. (2020), we
use a sentence-level event classification task and the
same training dataset as the EE task to fine-tune
SESA. Due to the rich general knowledge in PLMs
(Devlin et al., 2019; Lewis et al., 2020), we use BERT
(Devlin et al., 2019) as the backbone.

Hence, the following discussion outlines the
components of SESA, focusing on learning and gen-
eration of sentence event representations.

Global encoder generates the global represen-
tation of all events mentioned in the input sen-
tence with all tokens, to train and test SESA.
The input sequence X’ is constructed by adding
the [CLS] token at the beginning of X, with all
the corresponding masks in ATTN MASK set to
1. The embedding of [CLS|, denoted as SGcrs =
BERT(X’, ATTN MASK), serves as the global rep-
resentation of the sentence events. During experi-
ments, we observe that the embedding of [CLS| in
the last layer hidden state of the BERT output out-
performs its counterpart in the pooler output.

Event high-
dimensional vector representing all triggers and

encoder generates a single
arguments in the sentence, exclusively for train-
ing purposes. The input sentence of the event
encoder aligns with that of the global encoder.
After filtering out tokens irrelevant to events,
the representation of the sentence pure events
is SEcrs = BERT(X,EVENT MASK), where
EVENT MASK designates masks, corresponding to
[CLS] and tokens in X labeled as triggers and ar-
guments, with the value of 1.

trate that the pure event representation enhances

Experiments illus-

the global representation of the sentence event when
modeling, ensuring the accuracy of modeling all
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events mentioned in the sentence.

Event classifier identifies events with the joint
representation of all events mentioned in the sentence
S as follows: (1) Representation generation. During
training, the output of the global encoder and the
event encoder generates S = [SGcrs;SEcrs]. How-
ever, during inference, only the global representation
of all events mentioned in the sentence is used, so
S =8SGcrs. (2) Event identification. The event clas-
sifier comprises a feedforward network (FFN) and an
activation function. The FFN consists of a single-
layer network structure and a rectified linear unit
(ReLU) function. The classifier generates an event
probability vector P = [p1,pa, ..., par], where p; de-
notes the probability of the occurrence of e;. The
threshold ¢ is used to identify event types mentioned
in X:

07 Di <t7

Ex=1¢ ¢, .. e e =
X [17 290y JV[]? 7 1, p; >t

ie{1,2,...,M}
Espsa x = Ex OF = [eq1, €2, -, o),

9)

where e/ € {0, 1}, which indicates whether z; triggers

type ¢;. When eg; = 1, it indicates that the sentence

X triggers event type eg;. To streamline training, we

use pr(z, I, ,,) as the activation function and employ
BCE loss for optimization:

LY.Y)=— Y1 [giyilog(pr(X))

(10)
+ (1= gi)(1 — y;)log(1 — pr(X))],

where ¢; denotes the weight of e;, pr(X) =
pr(X,K,.). To calculate g;, we use the reciprocal
for the ratio of the number of annotated samples of
e; to the total number of annotated samples in the
dataset.

4.3 Semantics-enhanced encoder

The semantics-enhanced encoder transforms to-
kens in the input sentence X into real-valued word
embedding.  To mitigate the interference from
nontarget event semantics and relevant semantics,
we encode the knowledge of all the events men-
tioned in X into the representation of each to-
ken, enhancing token’s event semantics. Specifi-
cally, we use the BERT fine-tuned by SESA to de-
rive the event representation of X, denoted as Sx =
SESA(X,ATTN MASK), where Sx € R4 and d
represents the hidden layer dimension of BERT. We

use the fine-tuned BERT to encode the vector repre-
sentation of each token in X as {wq,wa,...,w,} =
BERT (21,22, ..., xn), where w; = [wi,w},...,w].
The token enhanced representation, incorporating
the knowledge of the sentence event, is expressed
as w; = [w;; Sx].

4.4 Task decoder

The task decoder recognizes the boundaries of
candidate triggers and arguments in the sentence and
classifies their types. Given that triggers and argu-
ments are associated with distinct label sets and use
different decoding modes, we develop task-specific
decoders for triggers and arguments separately.

4.4.1 Trigger decoder

The trigger decoder consists of M semantic de-
coders, each responsible for recognizing its trigger
boundaries, based on the probability distribution of
tokens, and classifying their types. Before decoding,
we use the event classifier described in Section 4.2 to
obtain the probability distribution p(x;,.S) of each
token ;. The decoding process includes the follow-
ing steps:

1. Classification. Commonly used meth-
ods identify and classify triggers using the maxi-
mum probability leading to misclassification of low-
frequency semantics. To address this issue, we em-
ploy a task-specific threshold value as the criterion
for judgment. By applying t;, based on Eq. (9) and
the probability distribution of z;, we derive the pre-
dicted type set for x; as Eu; = {ewi1, €xi2y vy €t 1
where e,4; € E and pgi; > t.

2. Boundary identification. We employ the se-
mantic decoders and threshold to recognize trigger’s
boundaries based on the predicted type set of to-
kens. Semantic decoder i identifies the boundaries of
all triggers for e;, where trigger boundaries are de-
termined by consecutive tokens in the sentence that
triggers the same event type. The decoding process
for the trigger decoder is shown in Fig. 4.

4.4.2 Argument decoder

We design a head decoder and a tail decoder
for each semantic in the EAE task and use the task-
specific threshold ¢, to identify roles for arguments,
guiding the model in modeling the boundary distri-
bution of arguments.
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Fig. 4 The process of trigger decoding with the se-
mantic decoders. 1 in (i,j) indicates that the pre-
dicted type for token z; is e;, and 0 in (%,j) indicates
that token z; does not trigger type e;. Each row in
this figure is a semantic decoder that identifies the
boundaries of all candidates for the semantic. Each
column is the predicted type set of the token

1. Boundary modeling. To accurately model
boundaries of arguments, following previous studies
(Yang S et al., 2019; Du and Cardie, 2020; Yang P
et al., 2021), we adopt the head/tail labeling scheme
to annotate boundaries of arguments. The probabil-
ity distribution of token x; is [Pero, Derty -y Perm) =
pr(FEN.(w}), Ky ), where ¢ € {head, tail}, FFNpeaqa
and FFN,; are the head and tail role classifiers, re-
spectively, and p.,; indicates the probability of x;
being the head or tail of the argument for role ;.

2. Boundary identification. We employ ¢, to
identify the role types that z; plays, following
Eq. (9). The widely used boundary identification
method is the enumeration (Wadden et al., 2019; Du
and Cardie, 2020), which enumerates all predicted
head-tail position combinations and identifies target
boundaries with the heuristic method. However, we
adopt the heuristic matching principle proposed by

Yang S et al. (2019), which selects the tail closest
to the head as the target argument. The process
of identifying head positions and tail positions of
each semantic is analogous. Taking the head posi-
tion recognition of class ¢ as an example, the num-
ber of head positions is determined by the number
of candidate chunks. Subsequently, the token with
the highest probability is selected as the head of the
chunk. The detailed decoding process of the role
decoder is illustrated in Fig. 5.

4.5 Training

We design task-specific loss functions for ED
and EAE separately to train the model, intending to
learn the semantic distribution of polysemous trig-
gers and arguments. Our model aims to intensify
the learning of misjudged semantics by increasing
the loss while diminishing the learning of correct se-
mantics through loss reduction. To accomplish this,
we employ BCE loss for training, based on the differ-
ence between the predicted probability distribution
and the gold probability distribution. The loss func-
tions for ED and EAFE are formulated as follows:

M
Lo==D lgjy;lo8(pr)+(1-g;)(1-y;)log(1—pr)]
Liole = — Z[yjlog(prc) + (1 —y;)log(1 — pr,)],
=1

(11)

where £; and L£¢  indicate the loss functions for

role

training the ED and EAE model, respectively, f is

X1 Xz X3 4 X5 XG X7 8 9 10
pro | type| pro |type| pro |type | pro |type| pro |type| pro |type | pro |type| pro |type | pro |type| pro |type
lihead| - 0 - 0 - 0 - 0 - - 0 - 0 |0.79] 1 I - 0 - 0
I i = 0 - 0 - 0 - 0 - = 0 = 0 |0.88| 1 | 0.75]| 1 - 0
fivesa| - | 0| - | o |086] 1][072] 1 | - 0 fo83] 1) - [o | - o] -]o
Ftai - 0 - 0 - 0 (065 1 [ 0.71 0 /0.89]| 1 - 0 - 0 - 0
I head| - 0 - 0 - 0 - 0 - 0 - 0 - 0 - 0 - 0
I tai - 0 - 0 - 0 - 0 0 - 0 - 0 - 0 - 0
| Trigger Target argument Probability and role type Candidate head Candidate tail (] Predicted head/tail

Fig. 5 The process of role decoding, where “pro” is the abbreviation of the probability indicating the probability
of the token on the type, and the “type” value (€ {0,1}) means whether the type is the predicted one of the
token. The results of role decoding are {ezq : {r;j : [[z3, z5], [z7,27]]}, €xq : {r1 : [xs,z8]}}, where ey, is the event

type for token z;
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the task-specific classifier, pr = pr(f(w}), K;), and
pr. = pr(fe(w;), Kiu).

5 Theoretical analysis of the reward—
penalty mechanism

In this section, we theoretically analyze the ef-
fectiveness of the reward—penalty mechanism from
the perspective of enlarging the gap between seman-
tics and achieving balanced semantics learning.

5.1 Analysis from the perspective of enlarging
the gap

Function pr(z,K,,) augments the maximum
gradient value for better training and enlarges the
gap between the relevant and irrelevant seman-
tics. The maximum gradient value of pr(z, C,4,)
is Ky, times that of the sigmoid function, which
effectively mitigates gradient vanishing during back-
propagation, as depicted in the following equation:

!
max <Pr (x,/Cr,u)> — K.

o' (z) (12)

It is evident that the larger the discrepancy between
the probabilities of target and nontarget semantics,
the simpler it is to set the threshold ¢ for classifi-
cation. As depicted in Fig. 6, the maximum value
of pr'(z, Ky ,) — 0'(xz) increases as K, ,, grows when
Ky, exceeds 1. However, the effective range of the
reward—penalty mechanism, denoted as [—x., 2], de-
creases, where 0'(£ze) = pr'(£ze, k). When
T € [—e,xe] and Ax > 0, if pr'(x, K, ) > (),
then pr(z, KCr ) — pr((z — Azx), Ky ) > 0(x) —0(z —
Az). Thus, the reward—penalty function pr(z, K, )
widens the gap between semantics, thereby reducing
misclassifications.

5.2 Analysis from the perspective of balanced
learning semantics

The reward—penalty mechanism aims to re-
balance the distribution of semantics by adjusting
the training loss. This loss of token semantics com-
prises two components: the loss associated with
target semantics and nontarget semantics, as illus-
trated in Eq. (13). To address misjudgments, the
reward—penalty function pr(z,K,,) fine-tunes the
model with a penalty mechanism to enhance the
understanding of the target semantics and decrease

the learning ability of nontarget semantics, thereby
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Fig. 6 Results of pr/(z, Kr,u) — 8’ (x)

widening the gap between target and nontarget se-
mantics. Concurrently, the reward mechanism is em-
ployed to mitigate the model learning of correctly
classified semantics, aiming to reduce the gap be-
tween relevant semantics and achieve a balanced se-
mantic distribution.

L(Y;5.Y:;) = — [yijlog(pr(f(z:), Kru))
the target semantic loss
+ (1= yi,;)log(1 — pr(f(z:), Kru))l,

the nontarget semantic loss

(13)
where Y; ; and Y; ; are the ground-truth value and
the predicted probability value of token x; on class
J, respectively, and y; ; € {0,1}.

The penalty mechanism guides the model to ac-
curately learn misclassified semantics by enlarging
the loss, as illustrated by the red region in Fig. 7.
Suppose that the ground-truth label of token x; is j,
where p; ; < 0 and ¢t = 0.5. In this case, x; is not
identified as class j, resulting in an FN. Meanwhile,
for token z; not labeled with class b with p;, > 0,
x; is identified as class b, leading to an FP. Refer-
ring to Eq. (13) and Fig. 7, it is apparent that when
Kru > 1, FPs and FNs lead to an increase in loss,
which is equivalent to imposing a penalty.

The reward mechanism reduces the gap among
relevant meanings by decreasing the loss, as the blue
region depicted in Fig. 7. When x; is a sample for
class j and is accurately classified as j, yielding a
TP. Referring to Eq. (13) and Fig. 7, it is observed
that lossp, < losss in the case where a TP occurs and
Ky > 1. The TP essentially leads to a diminished
loss, akin to receiving a reward.
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Table 2 Dataset statistical results
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Fig. 7 Loss of relevant and irrelevant semantics. Ref-
erences to color refer to the online version of this
figure

6 Experiments
6.1 Experimental setup
6.1.1 Datasets

We evaluate our model on two pub-
lic EE benchmarks, the ACE2005 corpus
(https://catalog.lde.upenn.edu/LDC2006T06)
and the rich Entities, Relations, and Events (ERE)
corpus (Song et al., 2015) (Here we use datasets
LDC2015E29, LDC2015E68, and LDC2015E78
in ERE), primarily using their English corpora,
denoted as ACE2005-E+ and ERE-EN, respectively.
Following Lin et al. (2020) and Hsu et al. (2022),
ACE2005-E+ is spilt into three parts: the training
set with 529 documents, the development set with
30 other documents, and the test set with the
Additionally,
following the pre-processing in Lin et al. (2020),
we obtain the variant ACEO5-E. Both have been
annotated with 33 event types and 22 argument
The pre-processing of ERE-EN follows Lin
et al. (2020), involving 38 event types and 21
argument roles. Moreover, we add a “NULL” type
for tokens without annotation. ACEQ05-E differs
from ACEQ5-E+ and ERE-EN in that the latter are
more complex datasets with multi-token triggers.
Statistical results of ACE05-E, ACE05-E-+, and
ERE-EN are shown in Table 2.

remaining 40 newswire documents.

roles.

6.1.2 Evaluation metrics

We adhere to the criteria employed in previ-
ous studies (Wadden et al., 2019; Hsu et al., 2022).

(1) Trigger identification (Trig-I): a trigger is cor-
rectly identified only if its predicted span matches
that of the gold trigger perfectly. (2) Trigger clas-
sification (Trig-C): the event type of the trigger is
correctly classified only if its predicted type matches
that of the gold trigger. (3) Argument identifica-
tion (Arg-I): an argument is correctly identified only
if its predicted span matches that of the gold argu-
ment. (4) Argument classification (Arg-C): the role
type of an argument is correctly classified only if
its predicted role type and event type match those
of the gold argument. Simultaneously, we use the
widely used evaluation metrics, including precision
(P), recall (R), and Micro F1 score (F1), to assess
the performance.

6.1.3 Parameter settings

We conduct all experiments on one NVIDIA
RTX 3090, with a learning rate of le-5 and a weight
decay of le-5 for BERT, and a learning rate of le-4
and a weight decay of le-2 for the other models. The
batch size is 32. The number of epochs for EAE
is 50 and the other is 30. The dropout rate is 0.5.
We set our seed as 42. The thresholds for the tasks
of sentence event classification, trigger identification,
and argument identification are ¢, t, and t,, respec-
tively. We employ AdamW (Loshchilov and Hutter,
2019) to optimize the model, and the maximum gra-
dient clipping is set to 5 to avoid over-fitting.

6.1.4 Baselines

Single-task EE models solely rely on event an-
notations for EE. In contrast, multi-task EE models
perform EE with the help of entity recognition, re-
lation extraction, or entity annotations. Since not
all event corpora extensively annotate entities and
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relationships, EE models relying solely on event an-
notations are more versatile.

1. Single-task EE models. (1) DMCNN (Chen
et al., 2015) uses dynamic multi-pooling CNNs to
capture features of word level and sentence level.
(2) BERT QA (Du and Cardie, 2020) formalizes
the EE task as a QA and designs task-specific ques-
tion templates for trigger extraction and argument
(3) LEAR (Yang P et al., 2021) en-
hances tokens’ task semantics by encoding the la-
bel annotation into the token representation. (4)
Text2Event (Lu YJ et al., 2021) uses a curriculum
learning approach and constrained decoding to ac-
complish sequence-to-structure tasks in document
level EE. (5) DEGREE (Hsu et al., 2022) proposes
an end-to-end event generation model that generates

extraction.

events from predefined event type specific templates.
(6) GTEE-DynPref (Liu X et al., 2022) is a template-
based generative EE method that adopts dynamic
prefix-tuning technique. (7) DAEE (Wang B et al.,
2023) enhances EE by using reinforcement learning
and event knowledge to generate high-quality data
to augment EE. (8) DemoSG (Zhao et al., 2023) uses
knowledge of the annotated data and label semantics
to conduct EE in low resources. (9) ChatGPT-ICL
(Han et al., 2023) is a prompt-based inference-only
method that conducts 14 sub-tasks of IE to evaluate
the performance and robustness of ChatGPT.

2. Multi-task EE models. (1) DYGIE++ (Wad-
den et al., 2019) learns distant contextual features by
using dynamic span graphs. (2) ONEIE (Lin et al.,

2020) obtains optimal event graphs by using beam
search and global features. (3) UniEX (Ping et al.,
2023) proposes the triaffine attention mechanism to
encode the schema of all tasks and their label se-
mantics into token semantics to fully improve the
comprehensive semantics.

6.2 Effectiveness

In this subsection, we conduct extensive experi-
ments on the three datasets to assess the effectiveness
of RPEE. Detailed content related to the case study
is provided in Section 1 in the supplementary mate-
rials. A comprehensive discussion of RPEE is pre-
sented in Section 2 in the supplementary materials.

6.2.1 Main results

Table 3 illustrates the experimental results of
all baselines and our method on ACEO5-E. When
comparing the performance, we obtain the following
findings: (1) Our method surpasses all the baselines
in terms of F1 score. This indicates the effectiveness
of the proposed RPEE on the EE task. (2) In terms
of Trig-C, compared with state-of-the-art methods
of both multi-task and single-task EE, our method
achieves relative performance improvements of 5.2%
and 3.7% on F1, respectively. Our method does
not use manually crafted prompts, complex language
models, or NLP tools, and achieves significant results
with limited annotated data, showcasing strong scal-
ability and generalization ability. (3) In terms of

Table 3 EE results on ACEO05-E

Task Model PLM 1 score
Trig-C Arg-C
DYGIE++ (Wadden et al., 2019) BERT-base 73.6 52.5
Multi-task EE ONEIE (Lin et al., 2020) BERT-base 4.7 56.8
UniEX (Ping et al., 2023) RoBERTa-large 74.1 53.9
DMCNN (Chen et al., 2015) - 69.1 53.5
BERT QA (Du and Cardie, 2020) BERT-base 72.4 53.3
LEAR* (Yang P et al., 2021) BERT-base 72.2
Text2Event (Lu YJ et al., 2021) T5-large 71.9 53.8
Single-task EE DEGREE (Hsu et al., 2022) BART-large 73.3 55.8
GTEE-DynPref (Liu X et al., 2022) BART-large 72.6 55.8
DAEE (Wang B et al., 2023) BART-large 75.8 56.5
DemoSG (Zhao et al., 2023) BART-large 73.4 56.0
ChatGPT-ICL (Han et al., 2023) GPT-3.5-turbo 27.3 31.6
RPEE (Ours) BERT-base 78.6 59.0
The highest scores are highlighted in bold, while the sub-optimal scores are underlined. “~” indicates the absence of PLM usage. The

symbol “x” denotes the results obtained by using the same dataset and data pre-processing outlined in this paper. Arg-C: argument
classification; EE: event extraction; PLM: pre-trained language model; Trig-C: trigger classification
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Arg-C F1, our model exhibits performance enhance-
ments of 3.9% and 4.4% compared with multi-task
and single-task EE models, respectively, highlight-
ing the effectiveness of our approach in this task.
(4) Concerning PLMs, our method not only outper-
forms the baselines that also use BERT-base but also
outperforms the baselines that employ larger PLMs,
such as BART-large, demonstrating the superiority
of our approach in applications.

To further verify the scalability and robustness
of our method, we conduct experiments on ACEQ05-
E+ and ERE-EN, and present the results in Table 4.
Upon analyzing the results, we derive two crucial
conclusions:

1. High scalability

Our approach has demonstrated strong perfor-
mance on ACE05-E+ and ERE-EN. Our method
surpasses all the baseline methods on Trig-C and
Arg-C in terms of the F1 score. Notably, we observe
a relative enhancement of 2.9% and 0.1% on ACEQ5-
E+ and ERE-EN, for F1 score in Trig-C, and a rel-
ative improvement of 8.0% and 6.5% for F1 score in
Arg-C, respectively. These findings underscore the
scalability and efficacy of our method, signifying its
suitability for EE across diverse domains.

2. Strong robustness

Our method exhibits superior performance on
ACEO05-E+ compared to all the baselines and even
outperforms itself on ACEO05-E, as shown in Ta-
bles 3 and 4. Notably, baselines generally perform
better on ACE05-E than ACEO05-E+. The discrep-
ancy is attributed to the presence of multiple tokens,
posing a substantial challenge for models to pre-
cisely model trigger and argument boundaries. Our
method adeptly leverages multi-token instances, en-
hancing model performance via the reward—penalty
mechanism and the task-specific decoding strategy.
Experimental results affirm the robustness of our ap-
proach in handling intricate scenarios involving mul-
tiple tokens.

6.2.2 Ablation study

This subsection focuses on a detailed analysis of
the impact of each component on the performance,
with corresponding experimental results on ACEO05-
E-+ presented in Table 5.

1. w/o SESA indicates the variant without
the SESA module. Significantly, there is a no-
table performance decrease compared with RPEE,

Table 4 Experimental results on ACEO05-E+ and
ERE-EN

F1 score
Model ACE05-E-+ ERE-EN
Trig-C Arg-C Trig-C Arg-C
ONEIE 72.8 54.8 59.1 50.5
LEAR* 71.4 57.0
Text2Event 71.8 54.4 59.4 48.3
DEGREE 70.9 56.3 57.1 49.6
GTEE-DynPref 74.3 54.7 66.9 55.1
DAEE 76.9 56.3 65.0 51.6
RPEE (Ours) 79.1 60.8 67.0 58.7

The highest scores are highlighted in bold, while the sub-optimal
scores are underlined. The symbol “%” denotes the results
obtained by using the same dataset and data pre-processing
outlined in this paper. Arg-C: argument classification; Trig-C:
trigger classification

affirming the effectiveness of the SESA proposed in
Section 4.2. This discrepancy is attributed to the
representation of the sentence event that is well-
learned during the SESA pre-training, offering event
constraints for triggers in the sentence.

2. w/o Event Encoder denotes the absence of
the event encoder in the SESA module. Compared
with the “w/o SESA” variant, “w/o Event Encoder”
learns the representation of the sentence event, and
the performance instead decreases. It illustrates that
pre-training without pure event knowledge hinders
the accurate acquisition of sentence event knowledge,
resulting in a degraded model.

3. w/o Re-weighting signifies ignoring the im-
balanced distribution of events. The findings suggest
that this uneven distribution impacts the learning of
event semantics, thereby influencing the overall per-
formance of EE.

4. w/o SA designates the variant that omits
the utilization of the representation of the sentence
event, resulting in the poorest performance among all
the variants. It illustrates the significance of incorpo-
rating the representation of all the events mentioned
in the sentence, as it effectively enhances the event
semantics of tokens within the sentence. Enhanced
representation offers vital event constraints for trig-
gers. The findings emphasize the pivotal role of the
SA in the overall model effectiveness.

5. w/o Reward-Penalty indicates the variant
without using the reward-penalty mechanism, dis-
playing inferior performance compared to most vari-
ants. The declining performance underscores the
crucial role of the reward—penalty mechanism in
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achieving a balanced modeling of the token event
distribution within the model.

6.2.3 Analysis of SESA

In this subsection, we conduct experiments to
analyze the effectiveness of SESA and the impact
of the event encoder, as shown in Fig. 8. Results
on ACE05-E, ACE05-E+, and ERE-EN reveal that,
SESA excels in the sentence event classification task,
achieving remarkable F1 values surpassing 93, 92,
and 89, respectively. It indicates that SESA has well
learned the representation of all events mentioned
in the sentence. When fixing £, ,,, the performance
varies with the adjustment of t,. There exists an
optimal ¢, for K, ,, to achieve the best performance.
Furthermore, experimental results suggest that us-
ing the reward—penalty mechanism has a negligible
impact on the SESA performance. To reduce the
complexity of training, SESA adopts the identical
configuration of the reward-penalty function with
Trig-C.

To further assess the influence of pure event
knowledge on modeling all the events mentioned in
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the sentence, we conduct experiments by excluding
the event encoder module, with detailed results in
Table 6. Experimental results emphasize that rely-
ing solely on the knowledge of all the tokens in the
sentence for modeling the sentence event yields un-
satisfactory results, leading to severe errors in down-
stream tasks, as depicted in Section 6.2.2. The find-
ings underscore the pivotal role of pure event knowl-
edge in effectively modeling the sentence event.

6.2.4 Sensitivity test

We analyze the impact of different configura-
tions of key hyperparameters in RPEE, specifically,
ICp., in the reward—penalty mechanism and ¢; during
the decoding process.
individually adjusted, while the remaining parame-
ters remain consistent with the previously reported
settings. Taking the ED task as the case study, we

These hyperparameters are

conduct experiments with various settings of ;. 4,
and t; on ACE05-E, ACE05-E+, and ERE-EN. The
plot in Fig. 9 illustrates the fluctuation of P, R, and
F1 scores for Trig-I and Trig-C across different hyper-
parameter settings on ACEO5-E. It is evident from

Table 5 Ablation study on ACE05-E+
Model Trig-1 Trig-C Arg-1 Arg-C
P R F1 P R F1 P R F1 P R F1
RPEE 85.22 79.18 82.09 81.63 76.79 79.14 73.95 64.91 69.13 62.31 59.37 60.80
w/o SESA 84.46 75.08 79.49 81.19 7277 76.75 68.11 60.20 63.91 55.89 56.10 56.00
w/0 Re-weighting 84.19 7747 80.69 79.54 73.87 76.60 70.71 6241 66.30 54.97 56.97  55.95
w/o Event Encoder  82.22  76.01 78.99 7841 73.31 75.77 66.76 63.57 65.12 52.84 57.78 55.20
w/o SA 82.86 75.26 7888 7882 71.81 75.15 7256 52.85 61.16 59.56 45.056 51.30
w/o Reward-Penalty 82.82 76.15 79.35 7871 72.66 7556 61.97 63.73 62.83 50.14 57.86 53.72

The highest scores are highlighted in bold, while the lowest scores for all model variants are underlined. Arg-C: argument
classification; Arg-I: argument identification; SA: situation awareness; SESA: sentence event situation awareness; Trig-C: trigger

classification; Trig-I: trigger identification
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the figure that both R and F1 decrease as K, ,, or
t; increases. P increases with the increment in K, ,,
and t;, indicating a positive correlation between the
hyperparameters and precision. When K, , = 1,
pr(z,1) = d(z) denotes the absence of the reward-
penalty mechanism. The improvement in P, R, and
F1 scores demonstrates the efficacy of the reward—
penalty mechanism.

Fig. 10 illustrates the variation in the Trig-C
F1 score on ACEQ5-E+ and ERE-EN. Experimen-
tal results suggest that an increased value of K, ,, or
t; does not consistently improve the model perfor-
mance. Different tasks exhibit the optimal perfor-
mance under the specific £, ,, and ¢, demonstrating
the flexibility and superiority of the reward—penalty
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6.2.5 Polysemy test

In this subsection, we conduct experiments
to verify the efficiency of RPEE when dealing
with polysemous triggers. To assess the effect on
the polysemy and monosemy, we divide the test
datasets of ACE05-E, ACE05-E+, and ERE-EN into
monosemous and polysemous test datasets, based on
whether sub-tokens of triggers have multiple seman-
Table 7 displays the performances of RPEE
and its variants on the Trig-C F1 score. The perfor-

mance of RPEE on the polysemous test dataset of

tics.

ERE-EN outperforms the monosemous one, while for
ACEO05-E and ACEO05-E+, the opposite is true. The
reason is that the numbers of monosemous and pol-
ysemous test datasets for ERE-EN are nearly equal,

mechanism. whereas for ACE05-E and ACE05-E+, the number of
Table 6 Ablation study of the event decoder for SESA
ACEO05-E ACE05-E+ ERE-EN
Model
P R F1 P R F1 P R F1

RPEE 96.47 92.66 94.53 94.86 92.54 93.69 89.36 90.05 89.70

w/o Event Encoder 82.79 80.36 81.56 78.85 77.63 78.24 74.91 79.79 77.27

A 16.52 15.31 15.90 20.30 19.21 19.75 19.29 12.86 16.09

A signifies the relative performance gain obtained using pure event knowledge.

SESA: sentence event situation awareness
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Fig. 10 Trig-C F1 results on ACE05-E+ (a) and ERE-EN (b) with varying Kr . and ¢

Table 7 Experimental results on the monosemous and polysemous triggers

Model Dataset Trig-1 Trig-C
P R F1 P R F1
RPEE_full 85.67 80.12 82.80 80.84 76.42 78.57
RPEE monosemous _triggers 87.23 77.04 81.82 83.89 75.03 79.21
RPEE _polysemous triggers ACEO05-E 93.25 81.12 86.77 81.09 73.89 77.32
w/o reward penalty RPEE monosemous_ triggers 74.40 78.30 76.30 74.21 78.10 76.11
w/o reward penalty RPEE polysemous__triggers 80.68 81.43 81.06 68.33 70.51 69.40
RPEE_full 85.22 79.18 82.09 81.63 76.79 79.14
RPEE_monosemous_ triggers 83.20 77.30 80.14 82.09 76.66 79.28
RPEE _polysemous_ triggers ACEO05-E+ 88.88 81.08 84.80 78.66 75.40 76.99
w/o reward penalty RPEE monosemous_ triggers 74.33 82.99 78.42 71.96 82.00 76.65
w/o reward penalty RPEE polysemous__triggers 74.70 83.95 79.06 63.49 77.58 69.83
RPEE _full 75.24 78.14 76.62 63.78 70.51 66.97
RPEE_monosemous_ triggers 74.45 74.09 62.04 62.04 65.13 63.55
RPEE _polysemous_ triggers ERE-EN 74.34 86.30 79.88 60.42 77.25 67.81
w/o reward penalty RPEE monosemous_ triggers 66.67 66.16 66.42 55.98 57.77 56.86
w/o reward penalty RPEE polysemous_ triggers 71.24 80.85 75.74 53.19 69.41 60.23

Trig-C: trigger classification; Trig-I: trigger identification

monosemous datasets is 50% larger than that of pol-
ysemous datasets. It demonstrates that RPEE can
effectively handle triggers with multiple meanings.
When using the reward—penalty mechanism, there is
a relative improvement of 11.4%, 10.3%, and 12.6%
for the polysemous datasets of ACEO05-E, ACE05-
E+, and ERE-EN on Trig-C F1 score, respectively.
It indicates that the reward—penalty mechanism ef-
fectively addresses the challenges posed by polysemy.
Hence, we can confidently conclude that our ap-
proach can handle datasets with polysemous triggers
and arguments, showcasing strong robustness.

6.2.6 EAE with gold triggers

We conduct comparative experiments using gold
triggers on ACEO05-E, ACE05-E+, and ERE-EN to

explore the potential of our model. As depicted in
Table 8, it achieves relative F1 gains of 4.4%, 6.7%,
and 7.7% for Arg-C on ACE05-E, ACE05-E+, and
ERE-EN, respectively. It demonstrates that our ap-
proach effectively handles EAE tasks, irrespective of
using predicted triggers or gold triggers. Addition-
ally, we observe a decrease in the EAE performance
when neglecting the reward—penalty mechanism, fur-
ther affirming the reliability and effectiveness of our
designed reward—penalty mechanism.

7 Conclusions

In this paper, we propose an adaptive semantic
learning strategy to mitigate the bias in the semantic
distribution of polysemous triggers and arguments.
We design a reward—penalty mechanism to enlarge
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Table 8 Performance of event argument extraction using gold triggers on ACE05-E, ACE05-E+, and ERE-EN

F1 score
Model ACE05-E ACE05-E+ ERE-EN
Arg-1 Arg-C Arg-1 Arg-C Arg-1 Arg-C
RPEE 66.43 58.96 69.13 60.80 69.47 58.57
with gold triggers 65.98 61.53 72.59 64.86 69.09 63.13
with gold triggers + w/o reward-penalty 67.50 55.83 72.10 63.89 68.53 62.35

Arg-C: argument classification; Arg-I: argument identification

the gap between the relevant semantics and irrele-
vant semantics and diminish the gap between rele-
vant semantics by rewarding the correctly classified
semantics and punishing the misclassified semantics.
The sentence-level event semantics, pre-trained by
using a sentence-level event SA mechanism to ensure
accuracy, is integrated into token representations to
narrow the target event scope of triggers. The model
identifies the boundaries of triggers and arguments
and classifies their types using task-specific seman-
tic decoders. Our experiments show our model’s
strengths in robustness, scalability, and generaliza-
tion ability in complex scenarios. In the future, we
will extend our model to low-resource scenarios.
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