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Abstract

Multi-modal Event Argument Extraction task
(MEAE) aims to extract all arguments re-
lated to a specific event from multiple modal-
ities and identify their corresponding roles.
Existing methods focus on weakly align-
ment of uni-modal representations and gener-
atively data augmentation techniques. How-
ever, these methods ignore the potential impact
of event role information on MEAE. To ad-
dress this problem, we propose a Cross-modal
Variational Role Hypergraph Network via Se-
mantic Enhancement (CVRH). Unlike previous
approaches, CVRH centers on event role infor-
mation and designs a variational role hyperedge
via semantic enhancement, which constructs
a role hypergraph for event arguments within
multi-modal documents. It explicitly mod-
eling the high-order role correlations among
cross-modal arguments in a document. Further-
more, CVRH introduces a modal shared en-
coder based on differential transformer, which
effectively learns shared semantic representa-
tions across modalities and enhances the inde-
pendence of argument representations. On the
M2E2 benchmark, experimental results show
that CVRH achieves a 6.9% improvement in
Fl-score on the MEAE compared to current
state-of-the-art methods.

1 Introduction

Event Extraction (EE) aims to identify all events
and their corresponding arguments from unstruc-
tured data. With the rapid growth of multimedia
information, the presentation of news media events
often includes multiple forms of expression such
as text and images, which has led to the develop-
ment of Multi-modal Event Extraction (MEE) tech-
nology. Multi-modal Event Argument Extraction
(MEAE) is an essential subtask of MEE, which
aims to jointly extract all arguments related to a
specific event through multi-modal information and
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Figure 1: Example of multimodal event argument ex-
traction on M2E2

identify their corresponding roles. As shown in
Figure 1, the multi-modal document contains a
multi-modal event "Justice:Arrest-Jail", which
comprises four roles. And each role have argu-
ments with single or multiple modalities, respec-
tively.

Event roles are abstract types of arguments, and
there are often potential associations between dif-
ferent arguments which play the same role. Mod-
eling the role semantic association can effectively
improve the accuracy of event argument extraction
(Liu et al., 2023; Wan et al., 2025). As illustrated in
Figure 1, although object detection can accurately
identify four visual entities of the "people" category
in the image, due to the lack of detailed event con-
text in the image, existing methods will inevitably
face the problem of argument confusion when dis-
tinguishing the visual entities corresponding to the
roles "Agent" and "Person". And by introducing
text arguments "law enforcement”" and "woman"
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which play the roles "Agent" and "Person", the
model acquires discriminative semantics, thereby
effectively distinguishing the feature distinctions
among the four visual entities. It demonstrates the
complexity of MEAE task. However, most exist-
ing methods for MEAE focus on weak alignment
based on unimodal event types (Liu et al., 2024;
Seeberger et al., 2024; Cui et al., 2025) and data
augmentation based on image or text generation
and cross-task learning (Du et al., 2023; Sun et al.,
2024). These methods ignore the cross-modal
argument relationship and potential impact of
event role information on MEAE. And how to ef-
fectively establish potential correlations among
cross-modal arguments is a major challenge for
MEAE.

To address this challenge, we propose a Cross-
modal Variational Role Hypergraph Network via
Semantic Enhancement (CVRH), which captures
role semantic associations among event arguments
across modalities by utilizing hypergraphs. Specifi-
cally, we first design a differential Transformer-
based modality-shared encoder. It effectively
learns a unified representation for cross-modal ar-
guments and enhances the independence of repre-
sentations between different arguments. On the
other hand, we construct a multi-modal role hyper-
graph centered on event roles for all arguments in
each multi-modal document. Within the role hy-
pergraph, we introduce variational role hyperedges
via semantic enhancement, where each hyperedge
representation integrates LLM-based role interpre-
tation information and a dynamic variational vec-
tor. It effectively captures the potential correlations
among cross-modal event arguments. Our contri-
butions can be summarized as follows:

* We propose a Cross-modal Variational Role
Hypergraph Network via Semantic Enhance-
ment framework for MEAE, which fuses
LLM-based role interpretation information
and learnable dynamic variational vectors to
effectively mine the implicit semantic correla-
tion among cross-modal arguments.

* We design a cross-modal variational role hy-
pergraph network, which models high-order
argument relationships, effectively bridges the
multi-modal argument associations based on
event roles.

* We conduct extensive experiments on the
M2E?2 benchmark, and the results show that

compared to existing state-of-the-art methods,
CVRH achieves a 6.9% F1 improvement for
multi-modal event argument extraction.

2 Related Work

2.1 Multi-modal event argument extraction

Traditional event argument extraction (Wei et al.,
2022; Wang et al., 2024, 2025a) mostly focuses
on single modes such as text, image or video. Al-
though some works (Yu et al., 2020; Zheng et al.,
2021) introduce image information, their output
results are still presented as text.

To solve this challenge, (Li et al., 2020; Liu
et al., 2022, 2024; Cui et al., 2025) employs the
concept of cross-modal weak alignment to map
representations from different modalities into a uni-
fied space. (Du et al., 2023) utilizes data augmen-
tation strategies to generate some unimodal data
for further enhancing cross-modal correspondence
learning. (Li et al., 2022; Seeberger et al., 2024)
using a fixed event framework and event template
to enhance the effectiveness of MEAE. (Sun et al.,
2024) uses instruction tuning techniques to enable
large language models to learn general knowledge
between different multi-modal information extrac-
tion tasks. (Liu et al., 2025b) focuses on visual
events and uses semantic relationship filling to cap-
ture the relationships between events. However,
these methods focus merely on the alignment of
unimodal vector representations, while neglecting
the impact of event structural information, such as
event roles, on MEAE.

2.2 Hypergraph network

Hypergraph networks have received widespread at-
tention in various fields due to their excellent ability
to model and update high-order complex relation-
ships between nodes (Jeong et al., 2022; Cheng
et al., 2024; Liu et al., 2025a; Luo et al., 2025). In
the multi-modal field, (Zeng et al., 2023) proposes
a degree free hypergraph that addresses the chal-
lenges of heterogeneous modalities and data fusion.
(Xu et al., 2025a) adopts a diversity hyperedge
guided approach to extend multi-modal hate detec-
tion. (Li et al., 2025a) constructs a multi-modal
hypergraph for images and sentences, effectively
improving the effectiveness of multi-modal rela-
tionship extraction. However, in these methods, the
associative relationships within the hypergraph are
fixed input priors. Such predefined static associ-
ations prevent the graph structure to dynamically
evolving and adapting based on data and tasks.
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3 Methodology

We propose the Cross-modal Variational Role
Hypergraph Network via Semantic Enhancement
(CVRH) framework, as illustrated in Figure 2. First,
we employ a differential Transformer-based mul-
timodal encoder to map the candidate arguments
representations from different modalities into a uni-
fied space. Then, we construct a cross-modal varia-
tional role hypergraph for multi-modal document
to effectively aggregate and update the representa-
tions of argument nodes and role hyperedges. Fi-
nally, we determine the corresponding role for each
candidate argument to obtain the MEAE results.

3.1 Cross-modal shared representation
learning

Transformer (Vaswani et al., 2017) has demon-
strated powerful capabilities in handling multi-
modal data. Our proposed cross-modal shared
representation learning model is based on the
Transformer framework. It specifically includes
three parts: single modal encoder, candidate argu-
ment extraction, and differential transformer-based
modal shared encoder. It effectively maps candi-
date argument features from different modalities
into a unified space, while enhancing the discrim-
inability of semantically similar candidate argu-
ment representations.

Single modal encoder: For a text ¢ or an im-
age m, we obtain their text representation H' and
image representation H™ as:

H' = Text-Encoder(t) (1)

H'™ = Vision-Encoder(m) 2)

Candidate argument extraction: In order to
obtain candidate arguments representation in differ-
ent modalities, we follow the (Du et al., 2023; See-
berger et al., 2024), using existing entity recogni-
tion models and object detection models to extract
text entities and image objects respectively, thus
obtaining a set of text candidate argument represen-
tations He! = {ﬁf”t} and an image candidate
argument representation set He»™ = {H{"™},
where H f"t represents the i-th candidate argument
representation of text ¢, H{"™ represents the i-th
candidate argument representation of image m.

Differential transformer-based modal shared
encoder: Candidate arguments within a docu-
ment often include semantically similar entity pairs,
these highly similar entities can exacerbate model

confusion and affect the results of MEAE. To
address the representational heterogeneity across
modalities and improve the discriminability of se-
mantically similar arguments, we design a differ-
ential Transformer-based modality-shared encoder
(DiffTrans). This method employs a differential
Transformer-based framework (Ye et al., 2025) as
the main architecture of the modality-shared en-
coder, enabling it to adaptively capture the rep-
resentational distinctiveness of different entities
within specific contexts. Specifically, given an
input Z, the specific operations of the modality-
shared encoder on Z are as follows:

[.f'ql, i’qg} = Split(qu‘) 3)

[.i'kl, fkg] = Split(ka) €))

Tq1 - T
x = DiffTrans(z) = <Softmax <qk1>
Vd

—A - Softmax <M>> -Wox (5)
\/a v

where W, € RIx2d 1}/, ¢ RI*2d apd W, € R4¥4
are learnable parameters, A is a learnable scalar,
Split is a vector segmentation function.

We input each candidate argument representa-
tion independently into the encoder, and finally ob-
tain a set of modal shared text candidate argument
representations set /! and an image candidate
argument representation set H "™ as:

He'; He™ = DiffTrans(H"*; H"™)  (6)

3.2 Variational Role Hypergraph
Construction and Updating

Event roles are high-order type abstractions of ar-
guments. By using roles as a medium, the poten-
tial structured dependencies among different ar-
guments can be modeled effectively. Therefore,
we assign event roles as the hyperedges, introduce
a dynamic role hypergraph structure that clusters
cross-modal argument nodes around event role hy-
peredges. It mainly consists of the following two
components: role hypergraph initialization, nodes
and hyperedges updating.

Role hypergraph initialization: Let G =
(V, E, A) be a hypergraph, V = {vy, vy, ...,v‘v‘}
is the set of multi-modal candidate argument nodes.
E = {61,62, ...,U‘E|} is the set of hyperedges
connecting the multi-modal candidate arguments.
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Figure 2: The overview of our proposed Cross-modal Variational Role Hypergraph Network via Semantic Enhance-

ment framework.

A € {0, 1}|V|X|E | denotes the hypergraph corre-
lation matrix, which contains the relationship be-
tween hyperedges and nodes in hypergraph G.

For the multi-modal candidate argument node set
V = V' U V™ in the hypergraph, where V! repre-
sents the text modality node set, V""" represents the
image modality node set. We use H°"! and H»™
obtained in Section 3.1 as the initialization repre-
sentations for V* and V™, respectively, and obtain-
ing the node initialization representation set H" =
Y, = gy gy

For role hyperedges E in hypergraphs, given a
role r;, we first utilize an LLM to generate role
interpretation information (RII) for this role from
three perspectives: word meaning, usage scenarios,
and synonyms. The generated RII is then manu-
ally reviewed to ensure its accuracy, the specific
prompt information can be found in Appendix 2. Fi-
nally, we use an independent text encoder to encode
the RII, obtaining the interpretation representation
HEIT for role r;:

HFT = Text-Encoder(LLM (1)) (7)

However, the quality of hyperedge representa-
tions that rely solely on role interpretation informa-

tion is heavily constrained by the generation results
of the LLM, which prevents the hyperedge repre-
sentations from adaptively dynamically updating
during iterations. To address this problem, we in-
troduce a dynamic variational vector for the role
hyperedges to enhancing the learnability of hyper-
edges and reinforcing their feature independence.
Specifically, for role r;, we randomly sample a
dynamic tensor H," and ensure it conforms to a
standard normal distribution A/(0,1)). Then, we
concatenate H;" with the interpretative representa-
tion H{*! to obtain the concatenated tensor Hf.
Finally, we model the concatenated tensor using a
Gaussian distribution:

Hf = p; +o; - HY €))

where p; and o; represent the mean and variance of
H?, respectively. We employ H{ as the initializa-
tion representation of the role hyperedge for role
r;. Using the same method, we create initializa-
tion representations of role hyperedges for all roles
in the dataset, resulting in the variational role hy-
peredge set HY = {H; e}|E| This design strikes
a balance between preserving the rich prior infor-
mation of event roles and ensuring the dynamic
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learnability of the representations, enabling the hy-
peredges to possess both strong semantics and high
adaptability.

Nodes and hyperedges updating: To model
the potential relationships among cross-modal ar-
guments, we center on variational role hyperedges
to guide and aggregate semantically relevant ar-
guments from different modalities. Specifically,
inspired by (Li et al., 2025b), we measure the ini-
tial correlation strength matrix A = {a;, j}|V|XlE |
between nodes and hyperedges by employing a
multi-head attention mechanism, with the calcula-
tion method as follows:

v . eyt
(W) : (T ) ©

where a; ; represents the correlation strength be-
tween the i-th node and the j-th hyperedge, W,
and W, are learnable parameters, d represents the
dimension.

Finally, we determine the specific structure of
the hypergraph through a hyperparameter 5 and
complete the construction of the hypergraph:

_ 0 ’Lf C_Li,j < ﬁ

otherwise
Then, we update the representations of hyper-
edges and nodes through a multi-layer hypergraph
attention mechanism. First, we update the informa-
tion of hyperedges. Specifically, for any hyperedge
ej, we aggregate all node information within the hy-
peredge at layer [ to update its representation. The

a;j = Softmax <

(10)

representation H Je (1) ot layer [ + 1 is calculated
as follows:
(1+1) 0 e ()
HS o S Vo) w, | +H;
vi€e;
(11)

)

! !
o FEN(HS V) - FEN(a) )T
o ; = Softmax N

(12)
where H;’ D s the representation of node v; in

the [-th layer, W, is a learnable parameter, aglz

denotes the association strength of node v; with
respect to hyperedge e; at the [-th layer, o repre-
sents the activation function, and F'F'N represents
a feedforward neural network.

Next, we utilize the updated hyperedge repre-
sentations to update the nodes. Similar to the
hyperedge update method, for updating the node

representations, for any node v;,its representation

HZ} (1) ¢ layer [ + 1 is given by:

H (1+1) Z He (I+1) 1() W,

v (1
J +H,

e;Ev;

(13)

FEN(H; @) - FEN(HS (PO)T
Vd

Z?J

aw- = Softmax (
(14)

where a( ) denotes the association strength of hy-
peredge e ; with respect to node v; at the [-th layer,
and W, is a learnable parameter. Specifically,
when [ = 0, 0553) = Qjj.

To better optimize the node representations dur-
ing training, we introduce a node distance loss func-

tion:

L
Lo=3_% > dm W)

k=1ecE y;éevjée

(15)

where H f *) and HJU (k) respectively represent
in the k-th layer of hypergraph attention, the i-th
and j-th nodes contained in any hyperedge e, d
represents the Euclidean distance between nodes,
L represents the number of layers for hypergraph
updates, € represents the node v; affiliated to the
hyperedge e.

Through iteratively refining the attention weights
and synchronously updating the representations of
nodes and hyperedges, our method effectively cap-
tures the high-order role correlations among cross-
modal arguments, ultimately enabling the role hy-
peredges to acquire strong cross-modal argument
relationship aggregation capabilities.

3.3 Multi-modal Event Argument Extraction

For a multi—modal event and its role set R =
{7’1}1 1 » we represent each role r; as a role query

;- Then, we determine whether candidate argu-
ment argj is an argument for role r; by calculating
the matching score between each candidate argu-
ment and the role query. The specific calculation is
as follows:

(i, j) = Sigmoid(gy,, H7) (16)

where g, is the query representation of role r; and
H is the updated node representation of candidate
argument argj.
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During the training, we define the loss for ex-
tracting multi-modal event arguments as:

VI IR

1 .
Leae =~ 57 Yo wigloge(i,g) A7)

i=1 j=1

where y; ; represents the ground truth label distri-
bution, V' is the set of candidate argument nodes.
The loss function of our model is:

L= £eae+7'£d (18)

where  is the loss weight hyperparameter.

In the inference, we set an argument extrac-
tion hyperparameter 7 to determine whether candi-
date argument argj corresponds to role r;. When
(i,7) > 7, we determine argj as an argument of
ri.

4 Experiments

4.1 Experimental Setup

Dataset: We adopt the multi-modal event extrac-
tion dataset M2E2 (Li et al., 2020) for our exper-
iments, which contains 8 event types and 15 role
types. The dataset comprises a total of 245 mul-
timedia documents, specifically including 6,167
sentences and 1,014 images. There are 1,297 tex-
tual events and 391 visual events, among which 192
textual events and 203 visual events are combined
into 309 multimedia events. During the training,
we follow the practice of (Du et al., 2023), use
ACEOQS5 (Walker et al., 2006) and SWiG (Pratt et al.,
2020) for training. ACEOQS is a textual event extrac-
tion dataset containing 33 event types and 36 role
types. SWiG is a situational recognition dataset
comprising 126,102 images, annotated with 504
activity verbs and 1,788 semantic roles for visual
events.

Baselines: To verify the effectiveness of our pro-
posed method, we selected 8 multi-modal event ar-
gument extraction methods for comparison. WASE
(Li et al., 2020), CLIP-EVENT (Li et al., 2022),
UniCL (Liu et al., 2022), CAMEL (Du et al., 2023),
MGIM (Liu et al., 2024), MMUTF (Seeberger
etal., 2024), VEGSRF (Liu et al., 2025b), MGFSG-
EE (Wang et al., 2025b). The specific introduction
can be found in Appendix 1.

Implementation Details: We follow the exper-
imental setup of (Seeberger et al., 2024). In the
backbone model, we employ the T5 model (Raffel
etal., 2019) as the text encoder and the CLIP model
(Radford et al., 2021) as the visual encoder. For

the visual entity detection task, we select YOLOVS
(Varghese and M., 2024) as the object detector and
filter out detection results with confidence scores
less than 0.8. For event type detection, we adopt
the results from CAMEL (Du et al., 2023) as the
event mention set. The number of hypergraph atten-
tion layers L in the model is set to 3. We train the
model using the AdamW optimizer for 10 epochs
on an A100 GPU, with a batch size of 32 and a
learning rate of le-5.

4.2 Main Results

Table 1 shows the comparison between CVRH
and other methods on the M2E?2 dataset. The re-
sults show that our method achieves the best F1-
score in textual event argument extraction, visual
event argument extraction, and multi-modal event
argument extraction. For textual event argument
extraction and visual event argument extraction,
compared with the optimal MMUTF and CAMEL
methods, CVRH achieves improvements of 2%
and 0.9% in F1-score, respectively. This can be
attributed to CVRH high-quality modeling of the
latent relationships among arguments, effectively
capturing the high-order semantic correlations and
underlying dependencies. Notably, the most sig-
nificant performance improvement occurs in multi-
modal event argument extraction. Compared to
the best existing result, our method achieves an
improvement of 6.9%, which fully demonstrates
that CVRH effectively captures the potential role
semantic associations existing among cross-modal
event arguments. Furthermore, CVRH effectively
captures the latent semantic associations among ar-
guments even without relying on image-text paired
data (such as CAMEL) for explicit cross-modal
alignment. This robustly validates the inherent ef-
fectiveness of the "role-centric" paradigm for cross-
modal arguments relation mining.

4.3 Ablation Study

To further demonstrate the effectiveness of each
component in CVRH, we conduct corresponding
ablation experiments, and the results are shown in
Table 2.

(1)w/o RII indicates the removal of role inter-
pretation information from the role hyperedges. As
the results show, removing RII information will re-
duce the performance of event argument extraction
across all three modalities. Notably, role interpreta-
tion information has the greatest impact on purely
textual event argument extraction and the least im-
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Model Text Vision Multi
P R F1 P R F1 P R F1
WASEAatt (Li et al., 2020) 27.5 332 301 97 11.1 103 18.6 21.6 199
WASEobj (Li et al., 2020) 235 303 264 145 101 119 195 189 192
CLIP-EVENT (Li et al., 2022) - - - 21.1 131 17.1 - - -
UNICL (Liu et al., 2022) 27.8 343 307 169 138 152 243 226 234
CAMEL (Du et al., 2023) 248 41.8 31.1 214 284 244 314 351 332
MGIM (Liu et al., 2024) 282 347 312 241 141 178 252 217 246
MMUTTF (Seeberger et al., 2024) 33.6 442 382 23.6 188 209 399 20.8 274
VEGSRF (Liu et al., 2025b) - - - - - - 44.8 186 253
MGFSG-EE (Wang et al., 2025b) 29.1 353 319 262 16.6 20.3 284 265 274
CVRH(Ours) 332 51.0 40.2 234 27.6 253 41.1 392 40.1

Table 1: Main Results of MEAE on three modes. We use bold text to indicate the best performance and underline

to indicate the second best.

pact on visual event argument extraction. This is
because textual RII and textual arguments reside
within the same modal space; their interaction does
not need to cross the modal gap, so the establish-
ment of semantic association is more direct and
efficient. In contrast, visual arguments require an
additional cross-modal mapping step, where infor-
mation loss leads to a relatively weakened associa-
tion with the RIL.

(2)w/o dv indicates the removal of the dynamic
variational vector from the role hyperedges. The
results show that all results have a certain degree
of decrease. This is because, after removing the
dynamic variational vector, the role hyperedges de-
generate into a static representation, causing them
to lose the ability to update and learn. Addition-
ally, during hyperedge initialization, it becomes
difficult to capture the representational differences
between similar roles, which leads to a reduced
discriminability in the representation space of the
hyperedges, consequently resulting in more mis-
judgments during argument nodes clustering.

(3)w/o DiffTrans represents replacing the differ-
ential Transformer-based modality-shared encoder
with a standard Transformer module. w/o £, de-
notes removing the node distance loss function.
The results show that after removing either method,
the argument extraction performance for all three
modalities declines to some extent. This indicates
that both modules have a positive impact on the
overall performance of the model.

4.4 Parameter Sensitivity Analysis

To evaluate the impact of different hyperedge aggre-
gation thresholds 5 and argument discrimination

By

(a) hyperparameter 3 (b) hyperparameter 7

Figure 3: The impact of the two hyperparameters on
textual MEAE and multimodal MEAE.

thresholds 7 on the model, we conducted exper-
iments across the three modalities using varying
values.

26
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Figure 4: The impact of the two hyperparameters on
visio MEAE.

Textual modality and multi-modal analysis:
Figure 3 illustrates the impact of different thresh-
olds on model performance for text and multi-
modal event argument extraction. The results show
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Model Text Vision Multi
P R F1 P R F1 P R F1
CVRH 332 51.0 40.2 234 276 253 411 39.2 40.1
O/w RII 29.7 46.1 36.1 224 263 242 384 359 371
O/w dv 312 48.7 38.0 212 256 232 387 36.1 374
O/w DiffTrans 323 49.8 392 225 268 245 402 379 39.0
O/w Ly 324 50.2 394 226 27.1 246 408 389 398
Table 2: Research results on module ablation based on three modalities
that, regarding the hyperedge aggregation threshold Modal Method P R F1
[ and the argument discrimination threshold 7, the Qwen2.5-VL-7B 242 47.1 31.9
text modality achieves the best performance at 0.3 Text LLaVA15-7B  25.1 467 32.6
and 0.5, respectively, while the multi-modal modal- . Qwen2.5-VL-7B 119 162 137
ity reaches its optimal performance at 0.4 and 0.5, Vision LLaVA15-7B 124 175 145
respectively. From the trend, it can be see that the . Qwen2.5-VL-7B 29.7 363 32.6
sensitivity of the two modalities to both thresholds Multi LLaVA1l5-7B  30.1 37.6 334

is quite similar. Notably, when the threshold values
deviate from the optimal value, multi-modal per-
formance exhibits a smaller decline compared to
the text modality, further demonstrating the effec-
tiveness and robustness of our proposed method in
establishing cross-modal argument relationships.

Visual modal analysis: Figure 4 illustrates the
impact of the two threshold values on the model
performance for visual event argument extraction.
The results show that the model achieves the best
performance at thresholds of 8 = 0.6 and 7 = 0.4,
respectively. However, the performance of the vi-
sual modality is far inferior to the other two modali-
ties. This is because, in our method, the hyperedges
primarily consist of the text modality information,
causing the representations of the hyperedges and
the visual arguments to originate from different
representational spaces. Additionally, unlike multi-
modal data that includes paired text, purely visual
data lacks textual arguments that serve as crucial
semantic supervision signals, which prevents the
establishment of cross-modal semantic transfer and
guidance mechanisms. Therefore, mapping visual
features into text-dominated hyperedges inevitably
incurs information loss, which directly results in a
lower sensitivity of visual arguments to the hyper-
edge aggregation threshold.

4.5 MLLM for MEAE

Multimodal Large Language Models (MLLMs)
leveraging their powerful reasoning and semantic
understanding capabilities, have achieved impres-
sive results across various multimodal tasks. We
evaluate the performance of Qwen2.5-VL-7B and

Table 3: The results of two MLLMs on MEAE

LLaVA1.5-7B on MEAE, with the results shown
in Table 3, and the specific prompt information
can be found in Appendix 2. The results indicate
that, compared to existing methods, both MLLMs
achieved superior performance, which fully demon-
strates the powerful semantic understanding capa-
bilities of MLLMs in multimodal tasks. However,
the visual EAE performance of both models is sig-
nificantly lower than their EAE performance in the
other two modalities. This further supports our
conclusion that the bottleneck in multimodal event
argument extraction lies in the recognition of the
visual modality arguments.

5 Conclusion

This paper proposes a Cross-modal Variational
Role Hypergraph Network via Semantic Enhance-
ment (CVRH), aiming to model the potential
role semantic associations among cross-modal
event arguments. First, CVRH designs a differ-
ential Transformer-based modality-shared encoder,
which effectively enhancing the independence of
each candidate argument representation. Next,
CVRH constructs a cross-modal role hypergraph
using event roles as hyperedges. This design en-
ables the role hyperedge representations to possess
both high-quality role information and the capa-
bility for adaptive dynamic updates. Experimen-
tal results demonstrate that our proposed CVRH
achieves the best performance on M2E2 dataset.
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Limitations

Although our proposed CVRH effectively models
the implicit role correlations among cross-modal
arguments, its performance in visual EAE remains
unsatisfactory. This is because the role hyperedge
information in CVRH is primarily text-based. How
to design role hyperedges based on multimodal
information will be a key focus of our future re-
search.

On the other hand, due to the scarcity of the
MEAE dataset, CVRH has only shown effective-
ness on a few highly discriminative role types.
Whether it still has effectiveness in handling eas-
ily confused role types will be our main research
direction in the future. In addition, multimodal
explainability (Dang et al., 2024) with diverse ex-
planations (Zhao et al., 2024; Xu et al., 2025b) for
EAE is also a focus point worth paying attention.
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A Appendix

A.1 Baselines

We compare our proposed approach with a wide
range of SOTA models.

e WASE (Li et al., 2020) utilizes unimodal
datasets to separately train a text model and a
visual model, and then performs modal align-
ment using the VOA Caption dataset.

e CLIP-EVENT (Li et al., 2022) integrates
event-level structured knowledge into the
CLIP pre-trained model to enhance CLIP
model understanding of events and their cor-
responding arguments.

e UNICL (Liu et al., 2022) constructs a multi-
modal shared space based on contrastive learn-
ing techniques to enhance event arguments ex-
traction performance in both text and vision.

* CAMEL (Du et al., 2023) leverages data aug-
mentation methods by generating images and
corresponding image descriptions to improve
cross-modal event arguments extraction effec-
tiveness.

e MGIM (Liu et al., 2024) aligns image and
text information through two stages: graph
structure representation and multi-round pro-
gressive reasoning, enhancing the correspon-
dence of cross-modal information.

* MMUTTF (Seeberger et al., 2024) designs an
event template and uses text prompts along
with the event template structure to model
relationships among multimodal events.

* VEGSREF (Liu et al., 2025b) leverages textual
event information to focus on image details
and employs an image event template to mine
potential relationships among image event ar-
guments.

* MGFSG-EE (Wang et al., 2025b) enhances
the capability of MEE by modeling the co-
occurrence and background information be-
tween text and images.

A.2 Detailed prompt information for the LLM

The detailed prompt information for obtaining role
interpretation information using the LLM in Sec-
tion 3.2 is as follows:

Given a pair (e, ), where e is an event type
and 7 is a role under that event type, please
describe the meaning of role b as fully as
possible from three perspectives: its defini-
tion, usage scenarios, and synonyms, in one
coherent sentence not exceeding 100 words.

The detailed prompt information used when test-
ing the effect of MLLM on MEAE in Section 4.5
is as follows:

Here is a set of image-text pairs (m,t),
which describe event e in detail in a mul-
timodal form. Please extract the argument
for role r in event e, where the argument can
be a continuous text span or a visual entity
bounding box.
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