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Event extraction is one of the important processes in event knowledge graph construction. However, 
extant event extraction models are confronted with the challenge of handling vague and unfamiliar 
event trigger words as well as noise that is prevalent in text. To address this issue, this study proposes a 
joint event extraction model that leverages dynamic attention matching and graph attention network. 
Specifically, the dynamic attention matching mechanism is employed to identify event nodes that 
contain text event structure features and to integrate event structure knowledge for constructing 
event pattern subgraph that correspond to the text, thereby resolving the problem of ambiguous 
and unknown trigger word classification. To better discriminate between semantic information 
and event structure information and to mitigate the impact of noise in text, we introduce a graph 
attention network that integrates event structure features for aggregating feature embedding of node 
neighbors. Experiment results on the ACE2005 dataset demonstrate that our proposed model attains 
competitive performance in comparison to existing methods.

Event extraction is one of the important components of the event knowledge graph construction process1,2. In 
the field of event extraction, the Automatic Content Extraction Evaluation Conference (ACE)3,4 is undoubtedly 
the most influential evaluation event. The conference set a clear benchmark for event extraction, especially two 
key tasks of event extraction: event trigger word extraction and event argument extraction5,6. These two tasks 
are often treated as classification tasks in text processing. For event trigger word extraction, the main goal is 
to accurately identify the core words that can trigger specific events from a given text sequence, and further 
determine the event types represented by these words7,8. The realization of this process is crucial for accurately 
understanding the event content in the text. Event argument extraction is to further analyze and mark the role 
of each argument from the identified events. Arguments are the various components that make up an event. 
They each play different roles and together form a complete event description. Event argument extraction allows 
people to have a deeper understanding of the details and background of the event, thereby more comprehensively 
grasping the information in the text.

Despite the remarkable progress in event extraction achieved by recent neural network methods9,10, two 
significant challenges still exist, namely, ambiguous and unknown trigger words. Ambiguous trigger words refer 
to words that can trigger different event types depending on the context, owing to the diversity and ambiguity 
of the natural language. To address the challenges posed by trigger ambiguity, numerous studies are working 
on extracting contextual knowledge from event arguments, e.g., enhancing the model’s understanding of the 
event by mining the deeper features of the arguments11–14, employing attentiona mechanisms to fully utilise 
contextual information15, and exploring the associations between the arguments’ positional information16. Even 
if the event types of such fuzzy trigger words are correctly classified, existing event extraction models may still 
find it challenging to extract unknown trigger words that are not present in the training set. To address this 
problem, Lu et al.17 proposed a delta-learning strategy to extract specific vocabulary and contextual knowledge 
to extract generalize knowledge for discriminating unseen triggers. Yi et al.18 identified such unseen triggers by 
cosine scores of input sentences, trigger words and parameters in the training set.

Existing models primarily employ dynamic matching strategies to calculate the cosine scores of input 
sentences, trigger words, and arguments in the training set. They perform dynamic matching of event patterns 
and use Graph Convolutional Networks (GCN) to aggregate event structure and text semantic information 
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for event extraction18. However, using only cosine scores as node weights cannot effectively distinguish the 
importance of different event patterns, and it fails to address the noise problem. Additionally, GCN aggregates 
the information of surrounding nodes equally and cannot effectively distinguish the importance of different 
nodes, which adversely affects the final event extraction performance.

To address the aforementioned issues, this paper proposes a joint event extraction model that utilizes a 
dynamic attention matching mechanism and Graph Attention Network (DAT-GAT) to aggregate event structure 
and text semantic information. This model aims to enhance the recognition and classification performance 
of trigger words and arguments. The proposed model first extracts the top-k event patterns that best match 
the text using the dynamic attention matching mechanism. Corresponding event pattern subgraphs are then 
constructed, and attention scores of different event patterns are calculated. Next, a graph attention network 
is employed in conjunction with event structure features to aggregate feature embeddings of node neighbors 
and event structure and textual semantic information. Finally, the self-attention mechanism-based trigger word 
classifier and argument classifier are utilized to predict the trigger word type and argument role. The proposed 
joint event extraction model leverages a dynamic attention matching mechanism and GAT to improve the 
recognition and classification performance of trigger words and arguments, and provides a potential solution 
to the problem of ambiguous and unknown trigger words, which can significantly enhance the accuracy and 
robustness of event extraction.

In summary, this paper makes several significant contributions, which are outlined as follows:

•	 We present a novel dynamic attention matching mechanism that enables the identification of candidate trig-
ger words and arguments in the input sentence, thereby facilitating the construction of an event pattern sub-
graph that incorporates event structure knowledge into the semantic aggregation process.

•	 We introduce a graph attention network integrating event structure features that aggregates node features, 
which effectively distinguishes the relative importance of semantic and event structure information while 
simultaneously mitigating the impact of noise in text.

•	 By combining the aforementioned methods, we propose a joint event extraction model based on dynamic at-
tention matching and graph attention network (GAT). Empirical evaluations on the ACE2005 dataset demon-
strate that our model outper-forms existing state-of-the-art models in event extraction.The remainder of this 
paper is organized as follows: Section Related work introduces the current research status of event extraction, 
Section Methodology provides the structure and specific details of the model, Section Experiments gives the 
experimental results and analysis, and Section Conclusion is the conclusion of the paper.

Related work
This section provides an overview of the current state of research on event extraction.

Event extraction
Since the emergence of pre-trained language models, joint event extraction methods have made significant 
progress. In 2018, Liu et al.19 proposed the joint event extraction framework JMEE, which utilizes syntax trees 
to enhance information flow within sentences. This framework combines graph convolutional networks and 
self-attention mechanisms to effectively aggregate information about trigger words and argument elements, 
achieving new breakthroughs in joint event extraction. Wadden et al.20 used bidirectional RNN to learn word 
embeddings and constructed a generation graph based on BERT’s encoding of sentences, further promoting the 
research progress of event extraction. This method achieves accurate extraction of events by integrating adjacent 
contextual information and passing it to all tasks through FCN and softmax-based classifiers.

Subsequently, Lin et al.21 proposed a new idea, utilizing BERT embeddings and FCN-based classifiers 
to calculate local scores for trigger words and argument roles in the input information. Through this score, 
the dependency relationship between trigger words and argument roles can be accurately reflected, thereby 
obtaining the best event extraction results. Du et al.22 pioneered the event extraction task in the form of question 
and answer (QA), which realizes end-to-end event parameter extraction and can extract event parameters of 
characters that did not appear in training, broadening the application scope of event extraction. Su et al.23 studied 
the problem of low recall rate in biomedical event extraction tasks and proposed an innovative end-to-end 
multi-task method. This method enhances the generalization ability of the model by sharing neural encoders. 
And the neural network is used to combine event parameters, which effectively improves the precision and 
recall rate of extraction.Li et al.24 proposed a novel approach for event extraction, which utilizes reinforcement 
learning and incremental learning methods guided by dialogue. The proposed method addresses the challenge 
of identifying the changeable roles of event participants. By leveraging a task-oriented dialogue system, this 
approach gradually extracts multiple event parameters by utilizing the relationships between them. Additionally, 
the interaction between parameters is utilized to assist in determining the role of each parameter, thus improving 
the accuracy of event extraction.

In 2023, research on event extraction technology is expected to continue to deepen. He et al.25 proposed 
a joint multi-event extraction model (JMEE) based on graph attention information aggregation. This model 
utilizes a multi-head attention mechanism to optimize the original GCN and improve the performance of event 
detection. Huang et al.26 proposed a dynamic prefix method and event extraction related retrieval framework 
(GREE) based on generated templates. This framework can learn the specific prefix of each context and 
automatically identify related event types, opening up new ideas in the field of event extraction research. Wang 
et al.27 enhanced GAT for node feature aggregation using node information and significantly improved the 
performance of event extraction using three-channel features. Wu et al.28 designed a GAT with skip connections 
as a way to mine dependency trees for multi-order relationships, and then fused word contextual information 
and dependencies for event detection. The work of Liu et al.29 designed a problem template for the event 
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detection task, thus redefining event detection as a machine reading comprehension (MRC) task. Huang et al.30 
constructed a multi-graph event extraction framework by considering the arguments as different roles, thereby 
solving the argument multiplexing problem. In Liu et al.31’s work, a heterogeneous graph was constructed to 
capture long-range dependencies between cross-sentence event arguments, and multi-granularity information 
was utilised to improve the accuracy of event extraction.

However, the above-mentioned models only consider semantic or grammatical patterns as additional evidence 
to solve the event extraction task, but rarely utilize the structured knowledge of the event itself. Moreover, they 
target fuzzy and unknown trigger words and the presence of noise in the text, which has not been well solved.

Methodology
In this section, we give an overview of DAT-GAT and the proposed model is demonstrated in detail.

Model overview
Existing event extraction models mainly utilize dynamic matching strategies to calculate cosine scores of input 
sentences, trigger words, and arguments in the training set. They perform dynamic matching of event patterns 
and use GCN to aggregate event structure and text semantic information for event extraction. However, using 
cosine scores as node weights only cannot effectively distinguish the importance of different event patterns and 
cannot solve the existing noise problem. Furthermore, GCN aggregates the information of surrounding nodes 
equally and cannot effectively distinguish the importance of different nodes, which adversely affects the final 
event extraction performance.

The event extraction model based on dynamic attention matching and GAT is divided into four parts: (1) 
Event pattern graph construction. This part models event structure knowledge based on words, entities, and their 
corresponding event annotations in the training set and constructs a global map of event patterns. (2) Dynamic 
attention matching. The top-k event patterns that best match the text are extracted through the dynamic attention 
matching mechanism, and the corresponding event pattern subgraphs are constructed. Attention scores of 
different event patterns are calculated. (3) Graph Attention Network (GAT). This part utilizes a graph attention 
network that combines event structure features to aggregate feature embeddings of node neighbors and event 
structure and text semantic information. (4) Joint event extraction. This part predicts trigger word types and 
argument roles using a trigger word classifier and argument classifier based on the self-attention mechanism. 
The specific model framework is illustrated in Fig. 1.

Event pattern graph construction
To construct an event pattern graph, the text information in the training set is labeled with trigger words and 
arguments. Word nodes and event nodes corresponding to the trigger words and arguments are generated based 
on the labels. Figure 2 illustrates the construction process of the event pattern graph for the text statement “too 
many dispatcher configurations”. The upper part illustrates the word nodes in the sentence, and the lower part 
shows the event nodes generated by the annotation.

Dynamic attention matching
The dynamic attention matching process aims to match entities in the input text information with highly similar 
related event nodes in the event pattern graph. This process extracts the top-k event patterns and constructs 
the event pattern subgraph of the corresponding sentence based on a single input sentence text. The attention 
mechanism assigns corresponding attention weights to each event pattern. Dynamic attention matching 
combines the contextual content of event trigger words to improve the accuracy of trigger word classification. 
For subsequent dynamic matching, ELMo8 is used to encode the words in the inference sentence and the word 
nodes in the event pattern graph.

Dynamic matching of trigger words
To determine if the potential trigger word ρti  in the input sentence st exists in the event pattern graph, the 
cosine embedding score is calculated. This score represents the semantic similarity between a potential trigger 
word and each trigger word node:

	 sim(ρti , tnj ) = cos ine(E(ρti ), E(tnj ))� (1)

where E is the ELMo embedding, and tnj  is the j-th trigger text node in the information model graph.

If ρti  does not appear as a trigger word in the training set, not only is its cosine score calculated with each trigger 
word node in the event pattern graph, but also the cosine score of the entire sentence’s average embedding with 
the trigger word and the sentence embedding of the vector event pattern graph word node is calculated. The 
weight between the two is computed as the score to judge the semantic similarity:

	

simtrg(ρti , tnj ) =α ∗ cos ine(E(ρti ), E(tnj ))
+ (1 − α) ∗ cos ine(E(st), E(tn))

� (2)

where α represents the manually assigned weight, while E(st) and E(tn) represent the sentence embedding of 
the input sentence and the context sentence of the text node, respectively.
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Fig. 1.  Model overview.
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After comparison, the top-k matching with the highest score is selected as a candidate trigger word, and its 
matching trigger word type is marked as a candidate event type of the input sentence.

Dynamic matching of argument role
In the context of the input sentence st, it is plausible that each entity referenced therein can serve as an argument 
pertaining to the trigger word. Therefore, the proposed model is designed to dynamically align all entities with 
their respective arguments. To illustrate this process, let a1...am denote all the entities mentioned in sentence st

, and let them be linked to the candidate trigger word ρti :

	
E(ak) = 1

|ak|
∑
ρ∈ak

E(ρ) � (3)

	 E(bk) = [E(ρti ), E(ak)] � (4)

where ak  denotes the k-th entity present in sentence st and the corresponding token in the input sentence is 
represented by ρ. Meanwhile, E(bk) serves as the argument representation of ak . In order to establish event 
pattern graph, the trigger word nodes and argument nodes are connected, and the cosine score is calculated by 
referring to the argument representation E(bk) in sentence st:

	 E(bnq ) =
[
E(tnj ), E(anq )

]
� (5)

	 sim(ak, anq ) = cosine(E(bk), E(bnq )) � (6)

where tnj  denotes the j-th trigger word node, while anq  represents the q-th parameter word node. Additionally, 
E(bnq ) is considered as the argument representation of anq . By comparing the scores, the top-k argument nodes 
are selected and subsequently matched with the argument event nodes that pertain to the candidate event type, 
while discarding any irrelevant nodes. Finally, the corresponding parameter event node is connected to the 
corresponding word node.

Attention mechanism
The attention mechanism is a computational approach that emulates the selective focus of human attention, 
and has found wide-ranging applications in feature extraction and other fields. In the present study, we employ 
the attention mechanism to compute the attention value between each word in the text and the candidate 
trigger words. The resulting event pattern vector is subjected to a nonlinear transformation layer and a softmax 
function, yielding an output that serves as input for the first layer of GAT aggregation weight. This enables each 
event pattern to be accorded a distinct level of importance. The corresponding formula is given below:

	 T = contact(E(ρti ), E(tnj )) � (7)

	 Q = W q · T � (8)

	 K = W k · T � (9)

	 V = W v · T � (10)

	 g0
(i,j) = softmax(tanh(Wt · (softmax(KT · Q) · V ) + b)) � (11)

Fig. 2.  Event pattern graph construction.
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where Q, K and V are three eigenvector matrices. contact is a link function.

Graph attention network combining event structure features
To encode input sentence information into matrix vectors, we employ the BERT model. Prior to inputting data 
into the BERT model, the initial matrix vector X is obtained by concatenating the word embedding, POS tag 
embedding, position embedding, and entity type embedding of each token in the input sentence. The resulting 
matrix vector is then fed into the graph attention network as a word node. In the event node encoding process, 
we adopt the TransE model, wherein an annotated event node is represented by N = {n1, . . . , nt} ∈ Zdk×t 
(where dk  denotes the vector dimension set by TransE, and t represents the number of knowledge nodes). 
As depicted in Fig. 3, to learn a new vector representation of node hi, the feature vectors of all its neighbors 
are aggregated, with the weight score of each neighbor feature being represented by g(i,j). The weight g0

(i,j) 
that connects the initial event node and the text node is determined using the dynamic attention matching 
mechanism, while the weight score between nodes of the same type is set to 1. The specific process of calculating 
the weight score for each layer of the graph attention network is as follows:

	 g(i,j) = a(W1
−→
hi , W1

−→
fj )� (12)

where W1 and a represent the learnable weight matrix and the single-layer feedforward feedback network 
respectively.

To more effectively integrate event pattern structural features, the trigger word feature vector is incorporated 
into the calculation of the graph attention network as a structural feature in dynamic attention matching. The 
weight score for each layer of the updated graph attention network is calculated as follows:

	 g(i,j) = a(W1[
−→
hi ,

−→
fj ] ⊙ W2[E(i), E(j)])� (13)

where ⊙ represents the connection operation of matrices, E(i) represents the ELMo embedding of word i. Once 
the weight scores of the graph attention network are obtained, along with the structural characteristics of the 
event pattern, the Softmax function is employed to normalize the weights of all neighboring nodes, as illustrated 
below:

	

αi,j =
exp(g(i,j))∑

Ni

exp(g(i,t)) � (14)

Having obtained the attention weights of all neighboring nodes, the feature vectors of the corresponding 
neighbor nodes are multiplied by these weights. The resulting products are accumulated after undergoing a 

Fig. 3.  Graph attention mechanism.
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matrix transformation, yielding the eigenvector of the new central node. The specific aggregation formula is 
given below:

	

−→
hi

′ = σ

( ∑
t∈Ni

Waαi,t
−→
ft

)
� (15)

where α is the activation function and Wa is the trainable matrix.

The specific calculation process of the graph attention network described above combined with the structural 
characteristics of the event pattern can be expressed as:

	

−−→
hl+1

i = σ

( ∑
t∈Ni

W l
aαl

i,t

−→
f l

t

)
� (16)

Joint extraction
Self-attention trigger word classification
Following the GAT calculation, we obtain the feature representation of each word in the input sentence. In 
previous event extraction methods, there was no dynamic attention matching mechanism utilized to annotate 
the text before inputting it into the model. As a result, various optimization methods were employed to aggregate 
information at each location. In our proposed model, we leverage both the self-attention mechanism and the 
aforementioned dynamic attention matching mechanism to label the input text, aggregate the feature vectors of 
trigger words and arguments, and utilize contextual features to enhance the accuracy of trigger word classification. 
Through the feature representation S of the current word ρi, we can calculate the self-attention score vector and 
context vector of the position i of the current word ρi. The specific calculation process is as follows:

	 score = norm(exp(W2f(W1S + b1) + b2)) � (17)

	
Ci =

[
n∑

j=1,j!=i

scorej ∗ Dj , Di

]
� (18)

where norm indicates standardized operations.

The context vector Ci is subsequently input into a fully connected network, which predicts the trigger word type 
labels in the BIO annotation pattern, as described below:

	 Ci = f(WcCi + bc) � (19)

	 yti = softmax(WtCi + bt) � (20)

where f is the nonlinear activation, and yti  is the final output of the i-th trigger tag.

Argument classification
Once the correct trigger word type has been identified, the vector Ci computed via the self-attention mechanism 
is combined with contextual information to classify the entity descriptions in the sentence. Given that both 
entities and trigger word candidates may be subsequences of tags in the text, we employ average pooling to 
aggregate the context vectors of the corresponding subsequences along the sequence length dimension. This 
yields trigger word candidate vectors Ti and entity vectors Ej , which are concatenated and input into a fully 
connected network to predict argument roles:

	 yaij = softmax(Wa[Ti, Ej ] + ba)� (21)

where yaij  is the final output of the argument role played by the j-th entity in the event of the i-th trigger word 
candidate.

In order to better train the network, the likelihood loss function that minimizes the joint negative logarithm is 
used:

	
J(θ) = −

N∑
p=1

(
np∑
i=1

I(yti ) log(p(yti |θ))

)
+ β

tp∑
i=1

ep∑
j=1

log(p(yaij |θ))� (22)
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where N is the number of sentences in the training corpus; np, tp and ep are the number of tags, the number of 
extracted trigger word candidates and the entity of the p-th sentence; I(yti ) is an indicator function. If yti  is not 
the corresponding tag, it outputs a fixed The positive floating number α is greater than 1, otherwise 1 is output; 
β is also a floating number used as hyperparameters such as α.

Experiments
Datasets and evaluation metric
We also conducted experiments on a joint event extraction model based on dynamic attention matching and 
GAT, using the ACE2005 event extraction dataset, which comprises 599 documents containing rich text content 
and event information. To ensure fairness and comparability of experimental results, we followed the data 
segmentation method utilized in previous studies. Specifically, 529 documents were used as a training set to 
learn the parameters and features of the model, while 30 documents served as a development set to adjust the 
model hyperparameters and verify model performance. The remaining 40 documents constituted the test set, 
which was utilized to evaluate the generalization ability of the model. To process event types, we adopted the 33 
event subtypes defined by ACE, and added the None type to cover all possible situations. In order to annotate 
event information in greater detail, we employed the BIO annotation mode to classify each tag into 67 different 
categories. This annotation method enabled accurate localization of event trigger words and argument roles, 
thereby providing strong support for subsequent model training.

When selecting evaluation indicators, we have opted for precision (P), recall (R), and F-measure (F1) as 
the primary indicators. These measures ensure a comprehensive reflection of the model’s performance in event 
detection and relationship extraction tasks, thus providing an objective and quantitative basis for evaluation.

Our experimental design and evaluation standards are rigorous, ensuring the reliability and validity of the 
experimental results. These results provide a solid foundation for subsequent analysis and optimization of the 
model.

Parameters
Our hardware configuration comprises of an Intel(R) Xeon(R) Gold 5218 CPU, NVIDIA GeForce RTX 2080Ti 
GPU, and 64GB RAM. The software environment includes Pycharm community 2019.2 and Pytorch 1.8.0. 
In the event extraction model, which is based on dynamic attention matching and GAT, we have adjusted 
hyperparameters on the validation set using random search. During dynamic attention matching, we select 
the first k parameters of the trigger word and parameter element, which is set between 0.5, ..., 1.0 and used for 
calculating the score of the unknown trigger word. For the word node encoder, we use 300-dimensional vectors 
for word embeddings and 50-dimensional vectors for the remaining three embeddings (post-embedding, 
position embedding, and entity type embedding). The event node encoder represents event nodes by embedding 
them in 440 dimensions.

Baselines
We have compared the performance of the event extraction model based on dynamic attention matching and 
GAT with the following state-of-the-art event extraction models:

•	 JointBeam11, which uses a structure prediction method to extract events based on manually designed feature 
representation;

•	 DMCNN15, which utilizes dynamic multi-pooling operations to preserve information of multiple events;
•	 JRNN32, which uses bidirectional RNN and manually designed features to jointly extract event triggers and 

parameters;
•	 dbRNN33, which incorporates a dependency bridge on Bi-LSTM for event extraction;
•	 JMEE19, which employs attention-based GCN to construct the corresponding syntactic tree through sentenc-

es as the path of the semantic graph to aggregate word node information;
•	 GREE26, which introduces a method based on generating templates, an event extraction framework with dy-

namic prefixes, and correlation retrieval.The specific experimental results are presented in Table 1:

Table 1 presents the event extraction results on the ACE2005 dataset, where our model achieves good F1 
scores in both trigger word classification and argument-related subtasks. Notably, our model achieves the 
best performance in trigger word classification after incorporating event structure knowledge. Our model 
achieves the highest precision, recall, and F1 scores among all selected joint extraction models. Compared 
with the currently best-performing reported models, our model shows improvements of 2.4%, 1.2%, and 2.3%, 
respectively. The overall performance in argument identification and argument role-related tasks also shows a 
slight improvement. Although the performance in trigger word identification is not significantly better than the 
best reported model, the F1 score is only 0.1% lower than the best-performing JMEE model. This is attributed 
to our proposed dynamic attentional matching, which identifies sufficient information about the event structure 
and uses attention mechanisms to better filter the noise of the event pattern. Furthermore in comparison with 
the GCN-based model JMEE, the overall performance in the tasks related to trigger classification, argument 
recognition and argument roles is also improved, the F1 scores are improved by 2.1%, 0.4%, 0.7% , respectively, 
which demonstrates that the importance of different nodes in the event graph can be efficiently differentiated 
through the introduction of the graph attention mechanism, thus improving the model performance.
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Ablation studies
This study investigates the effectiveness of two modules, Dynamic Attention Matching (DAM) and Graph 
Attention Network (GAT), in enhancing joint event extraction performance by combining event structural 
features. We evaluate the performance of the model combining different modules on the ACE2005 dataset, 
and the results are presented in Table 2. To demonstrate the superiority of GAT in the proposed model on 
joint event extraction performance, we use the baseline model JMEE as a comparison and label it as JMEE. 
We evaluate the impact of JMEE and DAM-JMEE on joint event extraction performance. Furthermore, we 
remove the dynamic attention matching module from the model to evaluate its impact on joint event extraction 
performance, denoted as GAT and JMEE.

Our comparison of P, R, and F1 scores between JMEE and DAM-JMEE, as well as GAT and DAM-GAT, 
indicates that dynamic attention matching (DAM) has a significant impact on event extraction performance, 
particularly in trigger word classification tasks and argument identification and classification tasks. Although 
the performance improvement of DAM-JMEE compared to the JMEE model is not significant in the trigger 
word recognition task, the superiority of the dynamic attention matching module is clearly visible in the 
comparison between GAT and DAM-GAT. Similarly, by comparing the P, R, and F1 scores of JMEE and GAT, 
as well as DAM-JMEE and DAM-GAT, we observe that the graph attention network (GAT) combined with 
event structural features improves event extraction trigger word classification tasks and argument recognition 
performance in classification tasks. Although the performance improvement of JMEE compared to the GAT 
model is not significant in the trigger word recognition task, the superiority of the graph attention network 
module that incorporates event structural features is evident in the comparison between DAM-JMEE and DAM-
GAT. In summary, our ablation experimental results clearly demonstrate the effectiveness of dynamic attention 
matching and graph attention networks incorporating event structural features in enhancing event extraction 
performance.

Conclusion
This paper proposes a joint event extraction model that utilizes a dynamic attention matching mechanism 
and GAT to aggregate event structure and text semantic information, thereby improving the recognition and 
classification performance of trigger words and arguments. The model first extracts the top-k event patterns 
that best match the text through dynamic attention matching and constructs corresponding event pattern 
subgraphs while calculating attention scores. Next, the graph attention network aggregates the node neighbor 
characteristics, embedding and aggregating event structure and text semantic information. Finally, the self-
attention mechanism-based trigger word and argument classifiers predict the trigger word type and argument 
role. Experimental results demonstrate that the proposed model outperforms existing models in event extraction.

It is worth noting that the event pattern graph may contain too many trigger words and argument nodes. 
To address this issue, the model initially performs dynamic matching to extract the top-k event pattern types 
and then uses the attention mechanism to allocate weights. Although this approach is not perfect, directly using 

Approach

Trigger 
Identification 
(%)

Trigger 
Classification 
(%)

Argument 
Identification 
(%)

Argument 
Role(%)

P R F1 P R F1 P R F1 P R F1

JMEE 78.5 70.1 74.1 73.9 70.1 71.9 69.7 63.8 66.6 64.5 52.1 57.6

DAM-JMEE 77.3 70.2 73.6 75.9 71.3 73.5 69.9 64.2 66.9 64.8 52.3 57.9

GAT 77.4 70.4 73.7 75.1 71.9 73.5 70.5 63.5 66.8 65.1 52.7 58.2

DAM-GAT 77.8 70.5 76.3 72.2 74.2 70.2 64.0 67.0 65.2 52.8 58.3

Table 2.  Ablation studies on ACE2005 dataset. The best results are in bold and the second best results are in 
italics.

 

Approach

Trigger 
Identification 
(%)

Trigger 
Classification 
(%)

Argument 
Identification 
(%)

Argument 
Role(%)

P R F1 P R F1 P R F1 P R F1

JointBeam 74.7 62.8 68.2 71.4 60.3 65.4 66.9 45.2 53.9 61.2 41.5 49.5

DMCNN 78.8 65.1 71.3 73.5 61.2 66.8 65.8 48.7 56.0 59.9 43.1 50.1

JRNN 66.3 72.9 69.4 64.1 71.0 67.4 58.7 61.4 60.0 51.5 54.3 52.9

dbRNN N/A 71.7 67.4 69.5 69.7 63.0 66.2 64.1 50.1 56.2

JMEE 78.5 70.1 74.1 73.9 70.1 71.9 69.7 63.8 66.6 64.5 52.1 57.6

GREE N/A 68.6 71.2 69.9 68.2 63.1 65.6 64.0 51.1 56.8

Our model 77.8 70.5 74.0 76.3 72.2 74.2 70.2 64.0 67.0 65.2 52.8 58.3

Table 1.  Experimental results on the ACE2005 data set (%). The best results are in bold and the second best 
results are in italics.
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the attention mechanism for dynamic matching calculations would require significant computing power and 
time costs. This is one of the areas we will consider for model optimization in the future. Additionally, we plan 
to integrate multimodal data and event knowledge graphs in our future research, providing new research ideas 
for interdisciplinary collaboration and innovation in the fields of natural language processing, computer vision, 
knowledge representation, and machine learning.

Data availability
The datasets used and/or analyzed during the current study available from the corresponding author on reason-
able request.
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