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Abstract—Multimodal Event Extraction (MEE) is critical for
holistic semantic understanding but is currently severe bottle-
necked by the extreme scarcity of high-quality annotated mul-
timodal datasets. To address this challenge, we propose DTPD-
MEE, a novel Dual-path Teacher and Pseudo-label Distillation
framework that shifts the focus from architectural complexity to a
data-centric knowledge transfer paradigm. Our approach adopts
a “divide-and-conquer, then unify” strategy: first, two specialist
teacher models are trained on large-scale unimodal corpora (text-
only and image-only) to capture deep modality-specific expertise.
These teachers then function as automated annotators for vast
unlabeled multimodal data. Through a rigorous cross-modal
consistency check filter, we successfully construct a high-quality
synthetic dataset that is 3x larger than the standard M2E2
benchmark. Finally, a unified student model inherits this distilled
expertise through sequence-level distillation. Experimental results
demonstrate that DTPD-MEE exhibits outstanding performance
on the M2E2 benchmark, notably improving the multimedia
argument extraction Fl-score by 7.3 points. Our framework
effectively demonstrates how to unlock the potential of unla-
beled multimodal data by bridging the gap between unimodal
abundance and multimodal scarcity.

Index Terms—Multimodal Event Extraction, Knowledge Dis-
tillation, Large Vision-Language Models

I. INTRODUCTION

Event Extraction, a fundamental task in information re-
trieval, has traditionally focused on single-modality data such
as text [1], [2], images [3], or videos [4], [S]. However, relying
on a single modality can lead to an incomplete understanding,
as critical event information is often distributed across visual
and textual channels. For instance, it has been observed that up
to 33% of visual arguments in multimedia news from the Voice
of America (VOA) may be absent from the accompanying
text, making a strong case for Multimodal Event Extraction
(MEE) [6]. Unfortunately, training the powerful end-to-end
models required for MEE demands vast amounts of supervised
data, which presents a critical bottleneck for the field, as creat-
ing large-scale, high-quality annotated datasets is exceedingly
time-consuming and costly.

Existing approaches for Multimodal Event Extraction
(MEE) can be broadly categorized into two main streams:
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those focusing on cross-modal alignment and those dedicated
to designing efficient extraction architectures. The former aims
to bridge the semantic gap between heterogeneous modal-
ities, exemplified by pioneering works like WASE [6] and
advanced alignment frameworks such as CLIP-EVENT [7]
and UniCL [8]. The latter concentrates on architectural so-
phistication to maximize extraction capability, ranging from
the multi-grained inference mechanisms in MGIM [9] to
recent large model-based paradigms like MMUTF [10] and
UMIE [11]. However, both categories face inherent bottle-
necks. Alignment-based methods are often constrained by
weak supervision from a single modality, which prevents
them from capturing true cross-modal semantics. Meanwhile,
architecture-centric models, despite their sophisticated de-
signs, consistently struggle to achieve optimal performance
due to the critical scarcity of high-quality training data. To
mitigate such data shortages, synthesizing training samples
has emerged as a promising solution in many low-resource
domains. Following this trend, CAMEL [12] attempts to tackle
MEE data scarcity through generative data augmentation.
Nevertheless, a critical flaw remains, since the synthetic data is
typically derived from an incomplete, single-modality perspec-
tive, it suffers from severe distribution shift compared to real-
world multimedia events. Consequently, none of these prior
techniques have effectively resolved the fundamental challenge
of data scarcity in MEE.

The severity of this data scarcity is starkly evident in current
benchmarks. Despite its wide application, the standard M2E2
dataset [6] contains only 309 fully annotated multimodal
instances. This extreme paucity stands in sharp contrast to
the abundance of high-quality resources available for single-
modality tasks: the text-only ACE2005 corpus [13] provides
16,531 annotated event mentions, while the SWiG dataset [14]
offers 126,102 images with grounded situation labels. Fur-
thermore, vast amounts of unlabeled multimodal data remain
untapped. This huge disparity motivates a critical research
question: can we unlock the potential of these abundant but
disjoint unimodal resources to compensate for the lack of
multimodal annotations?

To address this question, we tackle the challenge from
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Fig. 1. Motivation of DTPD-MEE: (a) The significant data disparity between abundant unimodal datasets and scarce multimodal annotations. (b) Limitations
of existing single-modality and weak-supervision methods in capturing true cross-modal semantics. (c) Our framework bridges this gap by distilling knowledge

from unimodal experts to synthesize a high-quality multimodal corpus.

a data-centric perspective by proposing DTPD-MEE, a
novel framework for Dual-path Teacher and Pseudo-label
Distillation based Multimodal Event Extraction. Our approach
leverages a teacher-student paradigm to transfer knowledge
from data-rich unimodal domains. The methodology first in-
volves training two expert unimodal teacher models—one for
textual events on corpora like ACE2005 [13] and one for
visual events on datasets like SWiG [14]. These specialists
then serve as annotators, generating high-quality pseudo-labels
for unlabeled multimodal data. Through this process, we
construct a high-quality synthetic dataset that is 3x larger
than the existing M2E2 benchmark. Subsequently, this pseudo-
labeled corpus trains a unified student model via knowledge
distillation. Our framework reframes the problem from de-
signing complex models for scarce data to creating a high-
quality training corpus via knowledge transfer. We validate
our approach on the public M2E2 benchmark, where DTPD-
MEE exhibits outstanding performance. Notably, it boosts the
F1-score for multimedia argument extraction by a significant
7.3 points over the previous best, showcasing the effectiveness
of our strategy.

In summary, our main contributions are as follows:

o« We propose DTPD-MEE, a novel framework for Mul-
timodal Event Extraction that addresses the critical bot-
tleneck of annotated data scarcity through a dual-path
teacher and pseudo-label distillation approach.

e We tackle the Multimodal Event Extraction task from
a data-centric perspective, constructing a high-quality
synthetic dataset that is 3x larger than the widely used

M2E2 benchmark. We further empirically demonstrate
the effectiveness of this generated dataset in mitigating
the data scarcity problem.

« Extensive evaluations on the public M2E2 benchmark
demonstrate that DTPD-MEE exhibits outstanding per-
formance, notably improving the multimedia argument
extraction Fl-score by a significant 7.3 points.

II. RELATED WORK

In this section, we review the development of event extrac-
tion from unimodal to multimodal perspectives and discuss
recent paradigms designed to address the data scarcity bottle-
neck.

A. Unimodal Event Extraction

Event Extraction (EE) has traditionally been investigated
within single-modality contexts. In the textual domain,
early research focused on refining extraction through cross-
document inference [1] and joint extraction models utilizing
structured prediction with global features [15]. These efforts
primarily relied on annotated corpora like ACE 2005 [13].
In the visual domain, the task is often framed as situation
recognition [3], which involves visual semantic role labeling
to identify activities and their participants, often utilizing
datasets like SWiG [14]. Additionally, extensive work has
been conducted on event detection in videos using datasets
like UCF101 [4] and EventNet [5]. However, relying on a
single modality can lead to incomplete event understanding,
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Fig. 2. The overall framework of DTPD-MEE.

as critical event information is often distributed across visual
and textual channels.

B. Multimodal Event Extraction (MEE)

To address the limitations of unimodal event extraction,
MEE aims to extract structured event information from both
text and images. The WASE framework [6] established a foun-
dational weak supervision paradigm by learning a shared em-
bedding space for cross-media modeling. Subsequent research
has advanced on two main fronts: cross-modal alignment
and architectural sophistication. CLIP-EVENT [7] leveraged
pre-trained structures to connect textual triggers with image
regions, while UniCL [8] introduced a unified contrastive
learning objective. Furthermore, the Multi-grained Gradual
Inference Model (MGIM) [9] proposed a hierarchical approach
to refine multimodal representations through multi-grained
reasoning.

The field currently faces a critical bottleneck due to the
high cost of manual annotation for multimodal data. Re-
cent advances in large pre-trained models have inspired new
paradigms to circumvent this issue. UMIE [11] explored
instruction tuning for unified information extraction, while
MMUTF [10] reframed argument extraction as a unified
template-filling task. To tackle data scarcity directly, CAMEL
[12] utilized generative data augmentation through synthetic
images and captions.

Our proposed DTPD-MEE framework diverges from these
methods by adopting a data-centric perspective. By utilizing
large pre-trained models such as the Qwen [16] and Qwen-
VL [17] series, we transfer specialized knowledge from uni-
modal experts to a unified student model. This approach
effectively unlocks the potential of large-scale unlabeled mul-
timodal data without the need for manual labels.

III. METHOD

The core objective of DTPD-MEE is to bridge the multi-
modal data gap by leveraging mature unimodal knowledge to
supervise the learning of a multimodal system. We propose a
three-stage pipeline: (1) Knowledge Acquisition, where uni-
modal teachers are trained as domain experts; (2) Knowledge
Fusion and Filtering, which synthesizes high-fidelity pseudo-
labels; and (3) Knowledge Transfer, where a student model
inherits this distilled expertise. The architecture is detailed in
Fig. 2.

A. Dual-path Teacher Model Training

Based on the preceding analysis, while high-quality anno-
tated multimodal data is critically scarce, text-only and image-
only event extraction tasks possess an abundance of high-
quality available data. To fully leverage these unimodal re-
sources to assist multimodal event extraction, we first construct
and train two parallel, specialist teacher models, Ti.,; and
Tyision, €ach optimized for deep event understanding ability
within its respective modality.

Text Teacher Model (7}..:): We leverage a Large Lan-
guage Model (LLM), specifically Qwen2.5-7B, as the back-
bone. The model is fine-tuned on Dy.,; (ACE2005) using an
instruction-following paradigm. Given a sentence t, Ticy: 1S
trained to generate a structured JSON-like sequence:

Etea:t = {etyp67 Etrigger {(Th 51)}?:1} (1)

where e, is the event category, €irijgger 1S the anchor
word, and (r;,s;) represents the i-th argument role and its
corresponding text span. This fine-tuning enables the teacher
to capture complex linguistic nuances in event structures.
Visual Teacher Model (7,;si0n): For visual event un-
derstanding, we employ Qwen2.5-VL-7B, a vision-language



model. Trained on SWiG (Dy;sion), the model performs
grounded situation recognition. For an image ¢, it identifies
the primary action and its participants:

Evision - {Utypea {(rjv b]) §n:1} (2)

where vy, is the action class and b; is the spatial bounding
box for the j-th argument r;. This path ensures the framework
can localize event components in the visual channel.

B. Cross-modal Pseudo-Label Generation

With expert teacher models T},+ and T ;s50n independently
trained, we employ them as automated annotators to process
the large-scale unlabeled VOA corpus Dyniapeied- However,
since these teachers are modality-specific, their raw predictions
Erext = Tiert(t) and Eyision = Tuision(?) are often disjoint
and potentially noisy due to inherent modality gaps and
model-specific biases. To synthesize high-fidelity multimodal
supervision, we design a rigorous two-stage Cross-modal
Consistency Check to filter noise and ensure semantic align-
ment.

Hybrid Semantic Taxonomy Alignment: The primary
obstacle to knowledge fusion is the heterogeneous taxonomies:
ACE2005 contains 33 event types, while SWiG defines 504
verbs. To bridge this gap, we construct a mapping dictionary
M through a multi-step hybrid pipeline. First, we perform
Initial Candidate Retrieval by computing the semantic sim-
ilarity between each textual event type and all visual verbs
using Sentence-BERT embeddings. This process represents
each category as a dense vector, allowing us to rank potential
matches based on their cosine similarity scores. Second,
to handle linguistic nuances that automated methods might
miss, we implement Expert-led Manual Refinement. Domain
experts review the top-ranking candidates for each textual
event to resolve polysemy and ensure cross-dataset precision.
For example, the visual verb shooting is selectively mapped
to either Conflict:Attack or Justice:Execute depending on the
specific event schema, rather than relying on a naive one-
to-one match. Finally, we established accurate event type
mappings from text event extraction datasets ACE2005 and
image event extraction datasets SWiG to multimodal event
extraction datasets M2E2.

Structural Argument Integrity Verification: For aligned
event pairs, we further enforce an Argument Role Fulfill-
ment constraint to ensure the synthesized label is structurally
complete and informative. Based on the event schema S of
the aligned type, we identify a set of core roles R, such as
Attacker, Target, or Place. The unified pseudo-label Ejzcqd0
is generated by a conditional fusion of unimodal arguments:

Epseudo :Merge(etext , evision)

3
st. |[{r € R|ar € (€text Ueyision)}| = T ©)

where 7 is a role coverage threshold. During the merging
process, we resolve modality conflicts using a Reliability-first
Strategy. Specifically, when both the text teacher 7j.,; and
the vision teacher T30, predict argument candidates (i.e., a
textual span and a visual bounding box) for the same event

role, we assess their cross-modal alignment using a lightweight
CLIP model. We compute the cosine similarity between the
embeddings of the textual span and the visual region features.
By establishing a similarity threshold ¢, argument pairs with
scores falling below ¢ are identified as semantic conflicts (indi-
cating a mismatch between the linguistic entity and the visual
object) and are strictly filtered out to ensure the reliability of
our data.

This filtering process is intentionally highly selective. As ev-
idenced by our dataset statistics, only 978 high-quality image-
text pairs were distilled from the initial 11,214 VOA can-
didates. This drastic reduction represents a deliberate design
choice: prioritizing the purity and consensus of the distillation
signal over sheer data quantity. This ensures that the student
model learns robust cross-modal correlations rather than fitting
to the noise inherent in original unimodal predictions.

C. Multimodal Student Model Distillation

The final stage of our framework involves distilling the syn-
thesized knowledge from the teacher-filtered corpus Dy seudo
into a unified student model S. To ensure the student possesses
the requisite architectural capacity for end-to-end MEE, we
employ Qwen2.5-VL-7B as the base model. This model acts
as a mapping function S(i,t) — E,putti, Which directly
translates an interleaved image-text pair into a structured event
representation.

Unlike traditional knowledge distillation methods that rely
on matching soft logit distributions—which is computation-
ally prohibitive for large-scale generative models—we adopt
Sequence-level Distillation. This approach reframes the dis-
tillation task as a conditional generation problem, where the
student is supervised by the linearized, high-quality pseudo-
labels Ejscyqo generated in the previous stage. The training
objective is to minimize the sequence-level negative log-
likelihood (NLL) loss over the pseudo-labeled corpus D seudo:

L
Lasin(0) == > D logP(yx | y<r,i,t:0) 4

(i,t)€EDpseudo k=1

where y = {y1,¥2,...,yr} represents the tokens of the struc-
tured event description Fpscud0, and 6 denotes the trainable
parameters of the student model.

This distillation paradigm offers two primary advantages.
First, by supervising the student with consensus labels that sat-
isfy both textual and visual constraints, the objective compels
the model to learn Implicit Cross-modal Alignments. For
instance, the model must learn to associate a specific person’s
name mentioned in the text with the corresponding bounding
box coordinates provided by the visual expert to minimize
the loss. Second, we initialize the weights of S using the
parameters of the visual teacher T),;s;0,, rather than a vanilla
pre-trained model. This strategy not only accelerates conver-
gence but also ensures that the student retains the strong visual
grounding and situation recognition priors acquired during the
visual teacher’s specialized training phase. Consequently, the
student model achieves robust MEE performance without ever
being exposed to manually annotated multimodal data.



TABLE I
MAIN RESULT. BOLD NUMBERS INDICATE THE BEST EAE MODEL WHEREAS UNDERLINED METRICS DENOTE THE SECOND BEST.

Textual Events

Visual Events Multimedia Events

Event Mention Argument Role

Event Mention

Argument Role Event Mention Argument Role

Model P R Fl P R Fl P R Fl P R  Fl P R Fl P R Fl
FLAT ort 342 632 444 | 201 271 231 | 271 573 367 | 43 89 58| 339 598 422 | 129 176 149
FLATop; 383 579 461 | 21.8 266 240 | 264 558 358 | 91 65 7.6 | 341 564 425|163 159 161
WASEarT 376 66.8 48.1 | 275 332 30.1 | 323 634 428 9.7 11.1 103 | 382 67.1 49.1 186 21.6 199
WASEogjy 428 619 506 | 235 303 264 | 431 592 499 | 145 101 119 | 430 62.1 508 | 195 189 192
CLIPEvENT - - - - - - | 413 728 527 | 211 131 171 - - - - - -
UniCL 49.1 592 537 | 278 343 307 | 546 609 576 | 169 138 152 | 441 67.7 534 | 243 226 234
MGIM 50.1 665 558 | 282 347 312 | 557 644 585 | 241 141 178 | 463 696 556 | 252 217 246
UMIE - - - - - - - - - - - - - 621 - - - 245
CAMEL 451 718 554 | 248 418 31.1 | 521 668 585 | 214 284 244 | 556 595 575 | 314 351 332
MMUTF 485 650 555 | 336 442 382 | 551 591 570 | 236 188 209 | 479 634 546 | 399 208 274
DTPD-MEE 568 51.1 3536 | 40.6 439 428 | 766 574 656 | 352 28.1 312 | 478 432 454 | 313 570 405
TABLE II was developed by fine-tuning the Qwen2.5-7B [16] model,

DATASET STATISTIC

Modality Dataset Number event type

text ACE2005 16531 33
M2E2 (text-only) 1105 8

. SWiG 126102 504
mage M2E2 (image-only) 188 8
M2E2 (multimodal) 309 8

multimodal VOA (w/o event label) 11214 0
VOA (w pseudo-label) 978 8

IV. EXPERIMENTS
A. Experimental Setup

1) Datasets: We evaluate our framework on the public
Multimodal Event Extraction benchmark dataset M2E2 [6].
The teacher models are trained on the ACE2005 [13] (text-
only) and SWiG [14] (image-only) datasets, respectively. The
unlabeled data used for pseudo-label distillation comes from
the VOA dataset [6], which contains 11,214 news image-text
pairs. We successfully generated 978 pairs with high-quality
pseudo-labels for training the student mode. The dataset statis-
tics are shown in Table.Il.

2) Evaluation Metrics: Following [15], we use standard
Precision (Prec.), Recall (Rec.), and Fl-score (F1) to evaluate
performance on Event Mention and Argument Role identifi-
cation. An event mention is correct only if its event type and
trigger offset (or corresponding image) are correctly predicted.
An event argument is correct if its event type, span (text offset
or visual bounding box IoU > 0.5), and role label are all
matched.

3) Baselines: We compare DTPD-MEE with eight strong
baseline models, including early works like FLAT and WASE
[6], and recent SOTA models such as CLIP-EVENT [7],
UniCL [8], MGIM [9], UMIE [11], CAMEL [12], and
MMUTF [10].

4) Implementation Details: For our experiments, we uti-
lized models from the Qwen series. The Text Teacher T}q.:

while the Visual Teacher T),;s;0, and the final Student model
S were both based on the Qwen2.5-VL-7B [17] architecture.
The teacher models were trained for 5 epochs with a batch size
of 4 using standard hyperparameters. We used the AdamW
optimizer with a cosine learning rate schedule and an initial
learning rate of 2 x 107 for the student model’s distillation
stage. All experiments were performed on a server equipped
with four NVIDIA A800 GPUs, and the implementation
was built upon PyTorch and the Hugging Face Transformers
library.

B. Main Results

As shown in Table.l, our proposed DTPD-MEE framework
exhibits outstanding performance, with its most significant
contributions concentrated in the challenging task of argument
role extraction across all modalities. In the textual domain,
our model achieves an F1 score of 42.8% for argument
roles, substantially outperforming the previous best model,
MMUTF (38.2%), by 4.6 points. The performance gains are
even more pronounced in visual and multimedia contexts. For
visual argument roles, DTPD-MEE attains an F1 score of
31.2%, surpassing the prior SOTA from CAMEL (24.4%) by
a remarkable 6.8 points. This advantage widens further in the
comprehensive multimedia setting, where our model’s 40.5%
F1 score represents a 7.3-point improvement over CAMEL
(33.2%), driven by an exceptionally high recall of 57.0%.
While the framework’s primary strength lies in argument
extraction, its robust performance is also evident in its SOTA
result for Visual Event Mention (65.6% F1). These results
demonstrate that the knowledge transferred via unimodal
teachers and pseudo-label distillation equips the student model
with superior capabilities for fine-grained, cross-modal event
understanding.

C. Ablation Study

To validate the effectiveness of each key component in
our framework, we conducted a comprehensive ablation study,
with results presented in Table III. Removing the cross-modal
consistency check (w/o cross-modal alignment) results in a



TABLE III
ABLATION STUDY

Multimedia Events

Event Mention Argument Role

Model P R Fl1 P R Fl1

DTPD-MEE 478 432 454 313 570 405
w/o cross-modal alignment 457 414 434 299 554 382
w/o fine-tune 437 396 415 220 322 262
fine-tune in ACE2005 479 421 448 307 522 387
fine-tune in SWiG 579 502 538 185 17.8 182

2.3 point drop in the Argument Role F1 score to 38.2,
confirming that our alignment strategy is crucial for generating
high-quality, high-confidence pseudo-labels. Furthermore, the
model without any distillation (w/o fine-tune) exhibits the most
significant performance degradation in argument extraction,
with its F1 score plummeting to 26.2, which starkly indicates
that our distillation process is indispensable for knowledge
transfer. We also explored fine-tuning on single-modality
datasets, revealing a critical modality bias when training only
on visual data (fine-tune in SWiG). While this model achieves
the highest F1 score for Event Mention (53.8), its ability to
identify argument roles collapses to the lowest F1 score of
18.2. In contrast, fine-tuning solely on the text-rich ACE2005
dataset yields a much stronger argument role F1 of 38.7.
Taken together, these results confirm the essential roles of
both the cross-modal alignment for generating high-quality
pseudo-labels and the distillation process for effectively fusing
unimodal knowledge.

V. CONCLUSION

In this paper, we proposed DTPD-MEE, a data-centric
framework designed to overcome the scarcity of annotated
data in Multimodal Event Extraction. By distilling knowledge
from mature unimodal experts, we successfully constructed a
high-quality synthetic dataset that is 3x larger than the M2E2
benchmark. This scalable supervision enabled our model to
achieve superior performance, significantly improving multi-
media argument extraction by 7.3 F1 points. Our findings con-
firm that leveraging abundant unimodal resources is a highly
effective strategy for low-resource multimodal understanding.
Future work will extend this paradigm to more complex
scenarios, such as video event extraction.
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