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Abstract
Event co-occurrences have been proven effective for event
argument extraction (EAE) in previous studies; however,
few have considered intra- and inter-event role correlation.
Since roles vary among different event types, event struc-
ture heterogeneity and overlap pose significant challenges to
EAE. To address this issue, we propose a Role Correlation
Structure-Enhanced model for Multi-Event Argument Ex-
traction (RoSE), capable of capturing both heterogeneity and
overlap of event structures through modeling role correlation.
The proposed RoSE model employs a joint context-prompts
input, role-centric graph-guided encoder (RoGE), and role-
specific information fusion (RoIF). The RoGE is designed to
enhance the intra- and inter-event role correlation between
prompts and their corresponding event contexts. The RoIF
module utilizes intra-event role information to improve multi-
event arguments extraction. Extensive experiments on four
widely-used benchmarks (RAMS, WikiEvents, MLEE, and
ACE05) demonstrate that our proposed approach achieves
state-of-the-art performance, validating the effectiveness of
incorporating both intra- and inter-event role correlation.

Code — https://github.com/huanggeting/RoSE

Introduction
Event Argument Extraction (EAE) is a key task within Infor-
mation Extraction (Hobbs and Riloff 2010; Grishman 2015;
Lou et al. 2023), identifying event arguments and role types
for a given text or document (Li et al. 2023; He, Hu, and
Tang 2023; Hei et al. 2025). By extracting critical informa-
tion, EAE is closely related to natural language processing
applications (Liu, Min, and Huang 2021; Berant et al. 2014;
Zhang, Chen, and Bui 2020; Li et al. 2020). Figure 1a illus-
trates an EAE instance. For the event type Life.Die, triggered
by “killed”, the EAE task is to extract arguments: “check-
point” as the Place, “soldiers” as the Victim. EAE involves
heterogeneous role sets for different events, with overlap due
to co-referential entities across roles: for example, the Vic-
tim in Life.Die and Target in Conflict.Attack are consistent
and point to the argument ”soldiers”. This demonstrates that
role-centric variations among events bring structural hetero-
geneity and overlap.

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Trigger:killed  Event Type:Life.Die  Role Type:Agent;Victim;Instrument;Place

Context X:Four U.S. Army soldiers were killed when a bomber attacked a 
military checkpoint today in Najaf.

(a)

Context X

Context X

Single-EAE

Multi-EAE

Life.Die (killed)
Role ... Victim ...
Arg ... soldiers ...

Life.Die (killed)
Role ... Victim ...
Arg ... soldiers ...

Conflict.Attack (attacked)
Role ... Target ...
Arg ... soldiers ...

Extract one of the events at a time.

Extract all events simultaneously.

Conflict.Attack (attacked)
......

Context X
Single-EAE

(b)

Figure 1: (a) presents the Event Argument Extraction (EAE)
task. (b) illustrates the distinction between Single-EAE and
Multi-EAE methods.

Recently, substantial progress has been reported on EAE.
According to the workflow of event processing (Lin and
Chen 2021; Ma et al. 2022; He, Hu, and Tang 2023; Liu
et al. 2024; Hei et al. 2025), EAE methods can be catego-
rized into two types: Single-EAE and Multi-EAE, as shown
in Figure 1b. Single-EAE processes the context one event at
a time, suffering from the following issues: numerous iter-
ations leading to inefficient extraction; isolating each event
but overlooking the role correlation among events. Multi-
event argument extraction (Multi-EAE) extracts all event ar-
guments in parallel. Benefiting from pre-trained language
models (PLMs), Multi-EAE strengthens the correlation be-
tween prompts and context (He, Hu, and Tang 2023; Liu
et al. 2024). However, it still faces the challenge that gen-
eral prompts cannot capture the structural heterogeneity and
overlap of different event types.

As shown in the above example, both structural het-
erogeneity and overlap fundamentally arise from the role-
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centric variation and intersections during the specific event
argument extraction process. To tackle this issue, this pa-
per proposes a Role correlation Structure-Enhanced model
for multi-EAE (RoSE), by injecting role correlation into the
encoder and fusing the role-specific information during ar-
gument span prediction.

The RoSE model employs a joint context-prompts in-
put, a role-centric graph-based encoder (RoGE), and a role-
specific information fusion module (RoIF). We design the
RoGE module to capture the role-centric heterogeneity and
overlap among multi-events by injecting intra- and inter-
event role correlation into the Transformer encoder. The
RoIF utilizes role-specific information devised from RoGE
to improve multi-event arguments extraction. Experiments
on ACE05, RAMS, WikiEvents, and MLEE show that RoSE
not only sets new state-of-the-art results but also validates
that the explicit modeling of role correlation successfully
mitigates both event heterogeneity and overlap. Our contri-
butions can be summarized as follows:

• We introduce RoSE, a novel role correlation structure-
enhanced model for Multi-EAE task, capable of captur-
ing both heterogeneity and overlap of event structures.

• We propose a role-centric graph-based encoder (RoGE)
to enhance the intra- and inter-event role correlation be-
tween prompts and their corresponding event contexts,
and devise role-specific information fusion (RoIF) to im-
prove multi-event arguments extraction.

• We conduct extensive experiments on four widely-used
benchmarks (ACE05, RAMS, WikiEvents, and MLEE),
demonstrating that RoSE achieves state-of-the-art perfor-
mance while addressing the structural heterogeneity and
overlap.

Related Work
Single-EAE
Previous works have generally classified the methods of
Single-EAE into three categories: (1) Classification-based
EAE, which casts EAE as a semantic role labeling prob-
lem (O’Gorman 2019; Zhang, Strubell, and Hovy 2022),
or as a textual entailment (Lyu et al. 2021; Sainz et al.
2022) and a Question Answering (QA) task (Du and Cardie
2020; Lu et al. 2023; Hong and Liu 2024). (2) Sequence-to-
sequence method, which casts EAE as a sequence genera-
tion task to extract all arguments (Hsu et al. 2022; Li, Ji, and
Han 2021; Lu et al. 2021; Liu et al. 2022; Lin et al. 2025),
applying special decoding strategies or guiding pretrained
language models with prompts to produce conditional se-
quences. (3) Prompt-based method, which leverages slotted
prompts and adopts prompt tuning to identify the start and
end spans of arguments in a slot-filling manner (Ma et al.
2022; Li et al. 2023; Luo and Xu 2023; Zhang et al. 2024).
However, all of them consider only one event at a time, ig-
noring the role correlation among events.

Multi-EAE
Limited by the inefficient inference of Single-EAE, exist-
ing studies (Wu, Zhang, and Li 2022; He, Hu, and Tang

2023; Liu et al. 2024) focus on Multi-EAE to extract mul-
tiple events in a document simultaneously, which allows for
mutual interaction between different events. TabEAE (He,
Hu, and Tang 2023) constructs the slotted table input based
on given trigger(s) and prompt(s) and generates the re-
sults. To address the time-consuming problem in TabEAE,
DEEIA (Liu et al. 2024) proposes a dependency-guided en-
coding method to solve the information complexity of mul-
tiple event prompts.

However, these Multi-EAE methods overlook the struc-
tural heterogeneity and overlap across events in a document.
Specifically, events exhibit structural heterogeneity due to
the varying role sets (Xu et al. 2021) associated with differ-
ent events in the real world. Additionally, events of different
types may share the same role entities, resulting in struc-
tural overlaps that are not explicitly captured (Chen et al.
2023; Hei et al. 2025). Therefore, we propose a Role cor-
relation Structure-Enhanced model for multi-EAE (RoSE),
by injecting role-correlation into the encoder and fusing the
role-specific information during argument span prediction to
capture structural heterogeneity and overlap among multi-
events.

Methodology
Task Definition
We first define the Multi-EAE task. Given an input in-
stance represented as

(
X, {ei}Ki=1, {ti}Ki=1, {R(ei)}Ki=1

)
,

where X = (x0, x1, . . . , xN−1) denotes the context with
N words, K is the number of events, and ei is the i-th
event type. The trigger ti ⊆ X is a span indicating the
occurrence of event ei, and R(ei) is the set of argument
roles defined for that event ei. The goal is to extract a set
of argument spans A(ei) for each event ei, which satisfies
∀a(r) ∈ A(ei),

(
a(r) ⊆ X

)
∧
(
r ∈ R(ei)

)
, where r denotes

the associated role. Most existing EAE methods operate un-
der the Single-EAE framework, applicable when K = 1.

Joint Context-Prompts Input
Most Single-EAE approaches typically associate each event
instance with a single extraction prompt (Ma et al. 2022;
Hsu et al. 2022; Hei et al. 2025). Recent works (He, Hu, and
Tang 2023; Peng et al. 2024; Liu et al. 2024) demonstrated
that pre-trained language models can simultaneously handle
multiple prompts.

Therefore, following the designation in (Liu et al. 2024),
we concatenate trigger-aware context X̂ and multiple event
prompts P̂ as the final input of the model:

X̂ = x0 . . . ⟨t0⟩ t0 ⟨/t0⟩ . . . ⟨ti⟩ ti ⟨/ti⟩ . . . xN−1,

P̂ = ⟨e0⟩E0⟨/e0⟩P0 . . . ⟨ei⟩Ei⟨/ei⟩Pi . . . .
(1)

Given an input text X = x0, x1, . . . , xN−1 and a
set of event triggers, we insert a pair of trigger markers
(⟨ti⟩, ⟨/ti⟩) around each trigger word ti ∈ X , where i de-
notes its order of appearance in the context. Pi is the prompt
for the i-th event and Ei is the description of event type ei,
and we also insert a pair of type marker (⟨ei⟩, ⟨/ei⟩) around
each type description Ei.
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He <t0>died</t0> of <t1>injuries</t1> from ... 
<t2>attack</t2> by .... <e0>Life.Die<e0>Agent Victim 
Instrument Place. <e1>Life.Injure<e1> .... 
<e2>Conflict.Attack<e2>....
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Figure 2: The architecture of the proposed RoSE model.

Role-centric Graph Construction
Prior Graph for Multi-Event
• Intra-event Co-occurrence The heterogeneity of events

is primarily reflected in the diversity of their role sets.
Additionally, the relationships among roles within each
event further highlight this heterogeneity. To capture
these relationships, we construct a local adjacency ma-
trix, where the nodes represent roles within a specific
event. As shown in Figure 2, we compute the co-
occurrence frequency between roles for a given event
type e in the training data, which serves as the matrix
values:

P s
ri,rj =

c(e, ri, rj)

c(e, ri)
, (2)

where P s
ri,rj denotes the co-occurrence edge weight be-

tween roles ri and rj in the matrix, c(e, ri, rj) represents
the frequency of co-occurrence between roles ri and rj
within event e, and c(e, ri) indicates the frequency of the
occurrence of role ri within the event in the training set.

• Inter-Event Co-reference Since different roles across
events may share the same argument entity within a doc-
ument, we argue that this role correlation reflects the
structural overlap between events. To capture this cor-
relation, we construct a global adjacency matrix, where
roles from all event types are represented as nodes.
Specifically, we define the role-role co-reference as the
edge weights in the graph:

Pm
ri,rj =

c(ri, rj)

c(ri)
. (3)

Here, c(ri, rj) denotes the number of arguments shared
between roles ri and rj , and c(ri) represents the number
of arguments associated with role ri in the training set.

Context-Adaptive Fusion Rather than relying solely on
the prior graph constructed by role correlation from the
training set, we introduce a Graph Attention Network
(GAT) (Veličković et al. 2018) and adopt a top-k sparsifi-
cation(with k = 8) to complement the prior graph by learn-
ing soft, data-driven structural interactions among tokens.
As shown in Figure 2, we define the process as follows:

G = (1− γ) ·GAT (S) + γ · P . (4)

Here, GAT (S) denotes the learned attention-based struc-
ture from the input S, and P is the prior graph combining
P s and Pm. γ is a learnable fusion coefficient that balances
the contributions of the data-driven GAT-learned structure
and the prior role-correlation graph.

Role-centric Graph-guided Encoder
To integrate the role-centric graph into the base transformer,
we innovatively design a graph-guided encoder, inheriting
the architecture of the Transformer (Vaswani et al. 2017)
encoder. Different from the original transformer, we adopt a
dual self-attention mechanism: Semantic Self-attention and
Structural Self-attention. Semantic Self-attention can cap-
ture contextual information among input tokens, and Struc-
tural Self-attention encodes role correlation guided by exter-
nal graphs.

In each self-attention layer l, for the input token represen-
tation hi, hj ∈ Rd , we can get semantic attention scores s1,lij

and structural attention scores s2,lij :
s1,lij =

(hl
iQ

l)(hl
jK

l)T
√
dk

,

s2,lij =
(hl

iQ
l)(Wij)(h

l
jK

l)T
√
dk

·Gij ,

(5)
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where Ql,Kl ∈ Rd×dk , dk is the dimension of each atten-
tion head, Wij is a trainable parameter, and Gij is the to-
ken representation hi, hj dependency derived from the role-
centric graph. We then compute the final attention score by
adding the semantic and structural scores:

slij = s1,lij + s2,lij . (6)

We apply the dual self-attention mechanism mentioned
above to all layers of the Roberta-large encoder. By feed-
ing joint input S into the role-centric graph-based encoder
Encoders, we can obtain the encoding. And we decode the
encoding with a simple decoder to obtain the decoding:

A;Hen = Encoders(S),

Hde = Decoder(Hen),
(7)

where A ∈ RH×L×L is the multi-head attention matrix and
Hen, Hde ∈ RL×d. H is the attention head numbers and L is
the length of the input sequence S.

Role-specific Information Fusion
We hope the model can make use of the event structural het-
erogeneity and overlap information when extracting the spe-
cific event arguments. Therefore, we design a role-specific
information fusion module through fusing context informa-
tion and specific role information. We consider using trig-
gers and roles to capture the heterogeneity information be-
tween the target event and the context.

Specifically, we consider using triggers and roles to cap-
ture the heterogeneity information between the target event
and the context. For the k-th role slots si,k to be predicted
for the i-th event, we first get Ati ∈ RL and Ati

k ∈ RL

from A, corresponding to the trigger ti and the k-th role slot
in the prompt respectively. Then for the role slot si,k, we
obtain the context-enhanced vector ci ∈ Rd:

pk =softmax
(
Ati ·A

ti
k ),

ci =HT
enpk,

(8)

where pk ∈ RL is the attention product for trigger ti, role
slots si. In detail, we use a gated fusion to incorporate the
context and role representations. Given ci and hsi,k ∈ Rd

deriving from decoder output, we calculate the gate vector
gi with trainable parameters W1 and W2, then we get fused
role representations h̃sik

:

gi = sigmoid(W1hsi,k +W2ci),

h̃si,k = gi ⊙ hsik
+ (1− gi)⊙ ci.

(9)

Role Span Selector
After obtaining roles representation h̃si,k for the i-th event,
we follow (Ma et al. 2022) and transform these representa-
tions into a set of span selectors {Φstart

si,k
,Φend

si,k
}:

Φstart
si,k

= h̃si,k ◦wstart,

Φend
si,k

= h̃si,k ◦wend,
(10)

where wstart,wend ∈ Rd are learnable parameters and ◦
represents element-wise multiplication. Then (Φstart

si,k
,Φend

si,k
)

is responsible for determining the span of k-th role slot for
the i-th event in the context.

We adopt the loss function in (He, Hu, and Tang 2023; Liu
et al. 2024) informed by Bipartite Matching Loss (Carion
et al. 2020), which predicts the argument span through the
Hungarian algorithm (Kuhn 1955).

Experiments
Implementation Details
We adopt the RoBERTa as our PLM, implement RoSE with
Pytorch and run the experiments on a NVIDIA GeForce
RTX 4090 GPU. Following the comparison conducted
by (He, Hu, and Tang 2023; Liu et al. 2024), we use the ini-
tial 17 layers of RoBERTa as the encoder and the subsequent
7 layers as the decoder. We randomly initialize the cross-
attention module in the decoder and assign it a learning rate
1.5 times higher than that of the remaining parameters. The
model is optimized using the AdamW optimizer (Loshchilov
and Hutter 2017), along with a linear learning rate scheduler.
We use the prompts proposed in DEEIA (Liu et al. 2024).

Datasets
We evaluate our model on 4 EAE datasets, including
ACE05 (Doddington et al. 2004), RAMS (Ebner et al. 2020),
WikiEvents (Li, Ji, and Han 2021) and MLEE (Pyysalo
et al. 2012). ACE05 is a sentence-level dataset, while the
others are document-level datasets. ACE05, RAMS, and
WikiEvents are drawn primarily from news articles, whereas
MLEE is sourced from the biomedical domain. Moreover,
nested events occur frequently in MLEE but are rare in the
other three datasets.

Evaluation Metrics
Following previous works (Ma et al. 2022; Wang et al. 2025;
Hei et al. 2025), we measure the performance with two met-
rics: (1) argument identification (Arg-I), requiring the pre-
dicted argument span of an event to fully match any golden
arguments of the event; (2) argument classification (Arg-C),
requiring the predicted argument of an event to both fully
match boundary and role type. For all datasets, we adopt
F1-score (F1) as the evaluation metric.

Baselines
We compare our RoSE with the following models, all of
which evaluate the EAE performance on both sentence-level
and document-level datasets: EEQA (Du and Cardie 2020),
BART-Gen (Li, Ji, and Han 2021), PAIE (Ma et al. 2022),
TabEAE (He, Hu, and Tang 2023), DEEIA (Liu et al. 2024),
DEGAP (Wang et al. 2025), ERCL (He et al. 2025). De-
tails about the baselines are listed in Appendix A.4. For the
Multi-EAE baselines, we adopt PAIE-multi and TabEAE-
multi in (He, Hu, and Tang 2023; Liu et al. 2024).

Main Results
Table 1 presents the overall performances of compared base-
lines and RoSE across all datasets. Based on the exper-
iment results, we can observe that: (1) The performance
of RoSE outperforms that of Single-EAE baselines. This
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Scheme Model PLM ACE05 RAMS WikiEvents MLEE
Arg-I Arg-C Arg-I Arg-C Arg-I Arg-C Arg-I Arg-C

Single-EAE

EEQA (2020) BART 70.5 68.9 48.7 46.7 56.9 54.5 68.4 66.7
EEQA (2020) RoBERTa 72.1 70.4 51.9 47.5 60.4 57.2 70.3 68.7

BART-Gen (2021) BART 69.9 66.7 51.2 47.1 66.8 62.4 71.0 69.8
PAIE (2022) BART 75.7 72.7 56.8 52.2 70.5 65.3 72.1 70.8
PAIE (2022) RoBERTa 76.1 73.0 57.1 52.3 70.9 65.5 72.5 71.4

TabEAE (2023) RoBERTa 77.2 75.0 57.3 52.7 71.4 66.5 72.0 71.3
DEGAP (2024) RoBERTa 76.6 74.4 58.5 54.2 72.2 67.1 74.0 73.4
ERCL (2025) BART 76.2 73.7 57.4 53.1 70.9 65.5 – –

Multi-EAE

PAIE-multi BART - - 55.9 50.9 67.2 61.7 71.3 69.5
TabEAE-multi RoBERTa 75.9 73.4 56.7 51.8 71.1 66.0 75.1 74.2

DEEIA RoBERTa 76.3 74.1 58.0 53.4 71.8 67.0 75.2 74.3
RoSE (ours) RoBERTa 77.5 75.8 58.6 54.4 72.9 67.5 75.7 74.6

Table 1: Main results on four benchmarks. Both RoBERTa and BART here are of large-scale (with 24 Transformer layers).
Bold indicates the best experimental result.

demonstrates that our approach fully utilizes the heterogene-
ity information when extracting specific event’s arguments
from the context. (2) Compared with Multi-EAE baselines,
our RoSE model outperforms the SOTA model by 1.2 Arg-I
and 1.7 Arg-C on ACE05, by 0.6 Arg-I and 1.0 Arg-C on
RAMS, by 1.1 Arg-I and 0.5 Arg-C on WiKiEvents, by 0.5
Arg-I and 0.3 Arg-C on MLEE. These results indicate that
RoSE effectively exploits the overlap of structures when ex-
tracting all events’ arguments while maintaining high effi-
ciency. (3) Compared with DEEIA and TabEAE-multi, we
observe that the improvement of our RoSE is around 1.2-2.4
F1 on ACE05, around 0.6-2.6 F1 on RAMS, around 0.5-
1.8 F1 on WiKiEvents and around 0.3-0.6 F1 on MLEE.
Therefore, the improvement of RoSE on ACE05, RAMS and
WiKiEvent is more pronounced compared to MLEE. We hy-
pothesize that the MLEE dataset contains less role-role co-
reference relationship than other datasets.

Model ACE05 RAMS WikiEvents MLEE
RoSE 75.8 54.4 67.5 74.6
w/o RoGE 72.6 52.4 64.8 72.0

w/o RG 74.6 52.9 65.3 73.4
w/o RGintra 74.8 53.0 66.3 73.8
w/o RGinter 75.2 52.9 65.9 74.0
w/o CAF 74.0 53.0 65.8 73.8

w/o RoIF 74.2 53.1 65.6 73.8

Table 2: Ablation results on four datasets. Strict argument
classification F1 scores (Arg-C) are reported. Bold indicates
the best experimental results. The reported results are aver-
aged from 6 different random seeds.

Ablation Study
Without Role-centric Graph-based Encoder (RoGE).
We replace the role-centric graph-based Encoder(RoGE)
module with a vanilla transformer encoder (Vaswani et al.

2017). As shown in Table 2, the performance reduction il-
lustrates that RoGE module effectively provides role-centric
structural guidance for multi-EAE.

• Without Role-Role correlation. To explore the
role-role co-occurrence RGintra and role-role co-
reference RGinter effectiveness in help model capture
heterogeneity and overlap, we remove the role-role
co-occurrence or role-role co-reference when prior
graph construction. As in Table 2, the performance re-
duction for four datasets illustrates that both intra-event
co-occurrence and inter-event co-reference relations can
contribute to the model to capture the heterogeneity and
overlap through the role-centric relation.

And we can also find that different datasets exhibit vary-
ing dependencies on intra-event co-occurrence and inter-
event co-reference. As shown in the Table 2, removing
specific relation leads to different degrees of performance
degradation, indicating that each dataset relies on differ-
ent structural cues to varying extents.

• Without Context-adaptive Fusion(CAF) We further
explore the effectiveness of context-adaptive fusion mod-
ule (CAF). We replace the prior graph weights with zero,
and attain the result in Table 2. Moreover, we remove the
CAF module via directly adopting the hard prior graph to
guide the graph-based encoder. As is shown in Table 2,
it is observed that solely fusing the prior knowledge or
context-adaptive dependency is less effective than com-
bine them together.

Without Role-specific Information Fusion (RoIF). The
performance of four datasets has significantly declined. This
indicates that our RoIF module can provide beneficial role-
specific information that contains event structural hetero-
geneity and overlap when extracting arguments.
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Model
ACE05 RAMS WikiEvents MLEE

E = 1 E > 1 E = 1 E > 1 E = 1 E > 1 E = 1 E > 1
[185] [218] [114] [251] [587] [284] [175] [2025]

PAIE-multi - - 51.75 48.94 65.01 60.18 - -
TabEAE-multi 73.38 73.45 52.87 50.82 67.30 65.32 81.13 73.60
DEEIA 73.90 73.92 53.84 52.76 67.49 66.57 81.65 73.42

RoSE 75.14 74.30 54.28 53.95 66.72 66.95 85.00 73.85
RoSE-RGintra 72.82 72.82 53.45 53.63 64.65 68.81 84.35 72.50
RoSE-RGinter 74.32 71.78 53.32 52.82 66.43 64.93 84.26 72.86

Table 3: Performance comparison across datasets with varying event counts

Analysis
Analysis of Role Correlation
To evaluate our model’s effectiveness in multi-event scenar-
ios, we partition each test set by event number and perform
separate evaluations. As shown in Table 3, RoSE mostly
outperforms existing multi-event extraction methods in both
single-event and multi-event settings. This demonstrates that
our proposed model, capable of capturing event heterogene-
ity and overlap, strongly benefits event argument extraction.

We further ablate the two forms of role correlation. Re-
moving intra-event co-occurrence leads to degraded perfor-
mance in both single- and multi-event cases, indicating that
our model addresses the event heterogeneity issue by mod-
eling intra-event role correlation. Moreover, removing inter-
event co-reference causes a more pronounced drop under
multi-event conditions, confirming that our model solves the
structural overlap problem by injecting inter-event role cor-
relation.

Effect Analysis on Event Numbers
To further evaluate the effectiveness of our model, we divide
the instances from datasets into different groups based on the
event number. As illustrated in Figure 3, as the event number
increases, we observe a decreasing trend in the performance
of all models. However, RoSE maintains a smaller perfor-
mance drop and outperforms others, especially on samples
with four events, where competing models degrade signif-
icantly. All results above show the superiority of RoSE in
capturing the event correlation among multiple events.

1[205] 2[95] 3[57] 4[16] >4[13]
Number of Events
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A
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DEEIA
RoSE (ours)

Figure 3: The averaged performance of the PAIE, TabEAE,
DEEIA, RoSE models on samples with different event num-
bers in the WikiEvents dataset.

Analysis of Role-specific Information Fusion
To explore whether the role-specific information fusion
module is effective for RoSE to extract the event arguments,
we visualize the attention of RoSE and RoSE-RIF when ex-
tracting the event arguments, as shown in Figure 4. We find
that when extracting Places for Conflict.Attack events, RoSE
and RoSE-RoIF learn universal event knowledge through
the self-attention mechanism, which makes the two vari-
ants pay higher attention to places, e.g., ’Iraq’ and ‘Fallu-
jah’. Since RoSE also learns the role heterogeneity and over-
lap features, it is more capable of explicitly recognizing the
roles of ‘Fallujah’, which is more accurate in judging the
boundaries of the event argument.

Context: War in Iraq The US is currently engaged in major fighting in 
Fallujah, Iraq.

Event Type: Conflict.Attack Trigger: fighting Role: Place

(a)

Context: War in Iraq The US is currently engaged in major fighting in 
Fallujah, Iraq.

Event Type: Conflict.Attack Trigger: fighting Role: Place

(b)

Figure 4: Subfigure (a) is visualization of attentive weights
without RoIF from an example in ACE05. Subfigure (b) is
visualization of attentive weights with RoIF from an exam-
ple in ACE05.

Compare with Large Language Models
Large language models (LLMs), empowered by their
strong generalization and learning capabilities, have been
widely applied across various tasks, such as the text-
classification (Li, Liu, and Jiang 2023; Lee et al. 2024),
dialogue systems (Mishra et al. 2023; Ye et al. 2025) and
graph tasks (Ge et al. 2023; Xu et al. 2024; Lan et al.
2025a,b; Zhou et al. 2025b), including the Information Ex-
traction tasks (Peng et al. 2023; Goel et al. 2023). To as-
sess their effectiveness on event argument extraction (EAE),
we specifically selected recent state-of-the-art LLM-based
methods for comparison (Zhou et al. 2025a). The experi-
mental results are summarized in Table 5. The experiment is
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Method Error Category
Wrong Span Partial-less Partial-more Overlap Miss Over Extract

PAIE-multi 46 16 6 1 170 111
DEEIA 38 8 10 1 158 81

RoSE-RG 36 8 10 0 127 98
RoSE-RoIF 30 10 10 0 126 101

RoSE 27 10 14 0 116 86

Table 4: Error Analysis on WikiEvents test set.

Model RAMS WikiEvents

Arg–I Arg–C Arg–I Arg–C

ChatGPT 46.2 40.4 42.4 42.4
ChatGLM 50.4 45.8 60.3 58.6
LLaMA 46.4 38.2 64.3 51.0
RoSE 58.6 54.4 72.9 67.5

Table 5: Comparison with large language model.

conducted on three prominent large language models: Chat-
GPT3.5, ChatGLM2-6B (Du et al. 2022) and LLaMA2-7b-
chat (Touvron et al. 2023). The results in Table 5 reveal a
clear performance gap between LLMs and supervised mod-
els in the EAE task. Although LLMs offer considerable flex-
ibility, they often underperform and incur substantial infer-
ence overhead; in contrast, our method achieves higher ac-
curacy, greater efficiency, and lower computational cost on
multi-EAE.

Error Analysis
To explore the effectiveness of our method, we further con-
duct error analysis. We analyze all prediction errors on the
WikiEvents test set and categorize them into five classes.
A Wrong span refers to a predicted span that has no over-
lap with the gold span. A Partial match occurs when the
predicted span and the gold span overlap partially, mean-
ing one is a proper subset of the other. An Overlap indicates
a non-partial but non-exact match, where the two spans in-
tersect but do not fully contain one another. Over-extraction
describes the case where a span is predicted despite the ab-
sence of a corresponding gold span.

As shown in Table 4, compared to the Multi-EAE baseline
PAIE-multi and DEEIA, our model reduces the number of
errors to 247 less than 358 of PAIE-multi and 292 of DEEIA.
We find that RoSE reduces the Wrong Span error and Miss
error, indicating the effectiveness of RoSE in capturing the
structural relationships of events.

Case Study
We conduct the case study to further explore the effect of
our proposed modules in multi-EAE to explore the RoGE
and RoIF module effectiveness in dealing with the complex
document EAE. As shown in Figure 5. First, with the RoGE
and RoIF, our model can refine semantic role boundaries

and correctly omit distracting entities, such as ”several peo-
ple” and ”man”, which indicates RoGE and RoIF provide
more detailed heterogeneity and overlap information from
role correlation.

Context: Police in the city of Lyon were searching for a man believed to be 
responsible for a Friday blast which injured  several people . The explosion 
targeted a bakery on the central street Rue Victor Hugo , in what French 
President Emmanuel Macron called an "attack." 
Event Type:Justice.InvestigateCrime.Unspecified
Without RoGE: Trigger: searching
Arg Defendant: Pred: man (10,10) Gt: No answer (-1,-1)
With RoGE:
Arg Defendant: Pred: No answer (-1,-1) Gt: No answer (-1,-1)

Event Type:Conflict.Attack.DetonateExplode
Without RoIF: Trigger: blast
Arg Place: Pred: Lyon(5, 5) Gt: No answer (-1,-1)
With RoIF:
Arg Place: Pred: No answer (-1,-1) Gt: No answer (-1,-1)

Event Type:Life.Injure.Unspecified
Without RoGE: Trigger: injured
Arg Victim: Pred: several people (21, 22) Gt: people (22,22)
With RoGE:
Arg Victim: Pred: people (22,22) Gt: people (22,22)

Event Type:Conflict.Attack.DetonateExplode
Without RoIF: Trigger: explosion
Arg Target: Pred: bakery (21, 22) Gt: bakery (21,22)
Arg Place: Pred: Victor Hugo(34, 35) Gt: Rue Victor Hugo(33,35)
With RoIF:
Arg Target: Pred: bakery (21, 22) Gt: bakery (21,22)
Arg Place: Pred: Rue Victor Hugo(33, 35) Gt: Rue Victor Hugo(33,35)

Figure 5: A multi-event test case from WikiEvents.

Conclusion
In this paper, we propose a RoSE model for Multi-EAE,
which overcomes the structural heterogeneity and overlap
via modeling the role correlation. The proposed Role-centric
Graph-based Encoder (RoGE) module and Role-specific In-
formation Fusion (RoIF) module effectively utilize the het-
erogeneity and overlap from a role-correlation perspective.
Our extensive experiments on four public sentence-level
and document-level datasets illustrate the superiority of our
model in performance and efficiency. As we adopt a prior
graph from a statistical view, this limits the application of
our model to the scenes where the prior information difficult
to construct. To address this, we will look into the area of
automatic graph construction during the training process in
the future.
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