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Abstract

The proliferation of multi-modal data on the internet has in-
tensified the need for structured event understanding across
textual and visual modalities. However, existing multi-modal
event extraction models suffer from three major limita-
tions: the absence of explicit event schema guidance, coarse-
grained multi-modal alignment strategies, and reliance on
heterogeneous, misaligned multi-modal training datasets.
To address these issues, we propose LLaVA-MS-PIT, a
Multi-modal Schema-Guided Progressive Instruction Tun-
ing Framework that explicitly injects structured multi-modal
event schema knowledge into the model before event ex-
traction. Specifically, we introduce the textual event schema
to establish the model’s prior knowledge of event concepts
and enhance its ability to reason about event structures,
while the visual event schema is employed to bridge the
representation gap between textual and visual modalities at
the event level, enabling unified and semantically aligned
event representations across modalities. Moreover, to allevi-
ate data scarcity and modality misalignment inherent in cur-
rent benchmarks, we construct imSitu-MEE, a high-quality
multi-modal parallel dataset generated and annotated through
schema-guided procedures. Extensive experiments demon-
strate that LLaVA-MS-PIT achieves competitive performance
on multi-modal event extraction benchmarks, underscoring
the effectiveness and necessity of schema-guided progressive
instruction tuning.

Code — https://github.com/zhanghuiecho/LLaVA-MS-PIT

Introduction
Event extraction, a fundamental task in information extrac-
tion and structured knowledge acquisition, aims to extract
structured event information from unstructured input data.
While substantial progress has been made in uni-modal (typ-
ically text-based) event extraction (Qi et al. 2024; Li et al.
2024; Ma et al. 2022), multi-modal event extraction (MEE),
as shown in Figure 1, which aims to extract structured event
information from both text and images remains relatively
underexplored. MEE serves as a key enabler for various
high-level applications, such as situational understanding
and multimedia content analysis.
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Figure 1: Overiew of multi-modal event extraction

Recent methods (Li et al. 2020; Liu, Chen, and Xu 2022;
Du et al. 2023; Seeberger, Wagner, and Riedhammer 2024;
Cao et al. 2025) have made notable progress, yet current
methods still suffer from three major limitations: (1) the
lack of explicit event schema guidance, which hinders mod-
els from internalizing the structural semantic constraints of
events and prevents them from fully capturing intrinsic event
structures and cross-modal consistency; (2) coarse-grained
multi-modal alignment strategies that fail to achieve event-
level semantic alignment across different modalities; and
(3) reliance on heterogeneous and annotation-misaligned
datasets, such as ACE 2005 (Walker et al. 2006), imSitu
(Pratt et al. 2020), and VOA (Li et al. 2020), hampers uni-
fied event-level understanding across modalities, resulting
in semantic discontinuity and training inefficiency. To ad-
dress these challenges, we propose LLaVA-MS-PIT, a multi-
modal schema-guided progressive instruction tuning frame-
work. Our core insight is to inject multi-modal event schema
knowledge into the model prior to event extraction, thereby
enhancing its event perception and reasoning capabilities,
and simultaneously achieving event-level cross-modal se-
mantic alignment. Furthermore, we design a schema-guided
strategy to construct a multi-modal event extraction dataset
derived from imSitu, effectively mitigating data scarcity and
cross-modal misalignment.

Existing research in text event extraction shows that event
schemas provide the structural, semantic, and operational

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

34692



knowledge necessary for both traditional sequence-labeling
methods and modern LLM-based event extraction methods
(Xu et al. 2024; Gui et al. 2024; Li et al. 2024). Moti-
vated by these observations, we design multi-modal event
schemas to enhance the performance of multi-modal event
extraction. First, we construct Progressive Event Schema
Decomposition (PESD) instructions based on textual event
schemas, simulating human-like event cognition processes
in text, ranging from event detection and type analysis to
argument role assignment and structural reasoning. Second,
we propose the Visual Event Schema (VES), a novel frame-
work that bridges the semantic gap between abstract textual
event types and concrete visual instances. VES decomposes
images into event-consistent components, including core en-
tities, attributes/actions, interactive relations, and scene con-
text, thereby establishing the first isomorphic cross-modal
event schema to enable fine-grained alignment between tex-
tual and visual modalities.

In addition, we design a two-stage progressive instruc-
tion tuning framework. During event schema-aware fine-
tuning, we first fine-tune the model on textual event schema
data to establish prior event knowledge and enhance event
structural reasoning capability. Then further fine-tune the
model with visual schema data to achieve event-level align-
ment and semantic consistency across modalities. During
schema-guided event extraction fine-tuning, the model lever-
ages event schema knowledge acquired in the first stage to
perform structured multi-modal event extraction. Finally, to
address data scarcity and semantic misalignment in exist-
ing training datasets, we employ a schema-guided strategy
to construct a parallel multi-modal dataset based on imSitu.
With the assistance of GPT-4o, we construct imSitu-MEE,
a parallel multi-modal event extraction dataset aligned be-
tween imSitu and ACE 2005, ensuring semantic and struc-
tural consistency across modalities. Our progressive tuning
framework and the constructed multi-modal parallel dataset
provide a robust benchmark for training multi-modal event
extraction models, experimental results demonstrate the su-
periority of our schema-guided framework.

In summary, our main contributions are as follows:

• We propose LLaVA-MS-PIT, a novel multi-modal
schema-guided progressive instruction tuning frame-
work, injecting event schema knowledge into the model
prior to event extraction, enabling explicit event-level
alignment and joint reasoning across modalities.

• We design structured multi-modal event schemas, effec-
tively enhancing event perception, structural reasoning,
and event-level cross-modal semantic alignment.

• We construct imSitu-MEE, a high-quality parallel multi-
modal event extraction dataset, alleviating data scarcity
and cross-modal misalignment, and providing a reliable
benchmark for future research.

• Experiments demonstrate that our model outperforms ex-
isting methods and achieves competitive performance on
multi-modal event extraction benchmarks.

Related Work
Sequence Labeling-based Methods
Structural Alignment. Multi-modal event extraction was
first introduced in (Li et al. 2020), along with the M2E2

benchmark and the WASE framework. WASE encodes tex-
tual information via AMR graphs and visual content via
Situation Graphs, aligning both in a shared semantic space
for joint reasoning. This work establishes the first frame-
work for multi-modal event extraction. CLIP-Event (Li et al.
2022) aligns textual and visual event structures, bridging the
cross-modal semantic gap and boosting performance. Build-
ing on these works, MGIM (Liu et al. 2024b) proposes a
coarse-to-fine alignment that sharpens argument localiza-
tion and boosts multi-modal event extraction. These meth-
ods attempt to enhance MEE performance by aligning struc-
tural representations from text and images. However, their
effectiveness is often constrained by the quality of structural
modeling and the inherent complexity of multi-modal data.

Semantic Space Alignment. UniCL (Liu, Chen, and Xu
2022) learns a joint image-text-event embedding via con-
trastive learning, achieving strong zero-shot transfer. Most
recently, X-MTL (Cao et al. 2025) addresses subtask con-
flicts and modality gaps by sharing parameters across four
sub-tasks and refining them through pseudo-label distillation
and adaptive loss weighting.

MMUTF (Seeberger, Wagner, and Riedhammer 2024)
addresses multi-modal event argument extraction (MEAE)
with a unified template-filling model that formulates event
templates as natural-language prompts and extracts argu-
ments by matching template queries with entity candidates.

Sequence labeling enables efficient and interpretable
token-level prediction through an explicit label space; yet
its reliance on a fixed schema constrains its adaptability to
open-domain extension and cross-modal alignment.

Generative-based Methods
In recent years, generative event extraction approaches have
also demonstrated significant potential. A clear trend has
emerged toward integrating the three major sub-tasks of in-
formation extraction, into a unified generative framework,
both text-only (Lu et al. 2022; Wang et al. 2023) and multi-
modal information extraction. UMIE (Sun et al. 2024) uni-
fies multi-modal NER, RE, and EE by instruction tuning on
FLAN-T5 (Chung et al. 2024), achieving SoTA performance
in multi-modal event detection. Generative-based methods
use prompting or fine-tuning to flexibly handle many tasks.
However, they often require expensive fine-tuning, have lim-
ited ability to follow instructions, and sometimes generate
hallucinated content.

Data Synthesis-based Methods
Data scarcity and cross-modal misalignment remain major
challenges in multi-modal event extraction. To address these
issues, CAMEL (Du et al. 2023) employs bidirectional data
augmentation to create parallel multi-modal data. However,
generating missing modality data from uni-modal sources
often introduces noise and distributional shifts.
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Figure 2: Framework of Multi-modal Schema-guided Progressive Instruction Tuning (LLaVA-MS-PIT)

[Sentence]: … What sorts of events are described in this sentence?
The sentence lists event types involving: Conflict-Attack, Life-Die
What characteristics in the sentence signal that these events happens?
… The word “detonated” alongside “explosives in the car” indicates a 
deliberate explosion, confirming an attack….
What arguments pertain to these events?
In the Conflict-Attack event triggered by detonated, the argument “man” 
plays the Attacker role because ... and car are Instruments as they are …
What logical steps are taken to identify events in this sentence?
1. Identify Potential Triggers: “detonated” serves as the trigger for a 
Conflict-Attack ... 3. Extract roles and arguments … : Identify who 
performs the action. The man ... 4. Ensure roles and relationships … : 
the man‘s actions … victims strengthens argument extraction, .....

Figure 3: Example of Textual Event Schema

Methodology
In this section, we describe the proposed multi-modal
schema-guided progressive instruction tuning framework.

Multi-modal Event Schema Construction
To mitigate the lack of explicit event schema guidance, we
first establish structured textual event schema to capture the
compositional nature of events in language, and addition-
ally propose visual event schema tailored to represent en-
tities and relations in the visual domain. Guided by these
schema representations, we subsequently construct event
schema datasets for both modalities, enabling effective and
targeted injection of event schema knowledge.

Textual Event Schema Construction Textual event
schema (TES) provides a formalized specification of the
structure, semantics, and constraints of a particular type of
event. It systematically defines the event type, argument
roles with type constraints, and triggering conditions. How-
ever, traditional event extraction approaches rely on static,
manually constructed schema or implicit schema induction,
which makes it difficult for LLMs to effectively internal-
ize these structured event patterns. These methods also lack

robustness in complex or open-domain scenarios, limiting
the model’s capacity for deep event understanding and rea-
soning. To address these limitations and enable efficient
and structured injection of event schema knowledge into
LLMs, we propose a cognitively inspired paradigm. Specif-
ically, we transform static textual event schema knowledge
into dynamic, multi-turn progressive question-answer pairs
to simulate the gradual human cognitive process of event
understanding. This approach decomposes complex schema
knowledge into learnable sub-tasks that can be incremen-
tally internalized by the model. We design a set of progres-
sive event dchema Decomposition (PESD) instructions that
comprise four stages:

Event Detection: Guides the model to identify specific
event types mentioned in text (“What events are men-
tioned?”), establishing initial associations between event
types, triggers, and contextual information.

Event Type Analysis: Encourages the model to ana-
lyze the contextual semantics underlying event occurrence
(“Why are these events present based on context?”), deepen-
ing its understanding of event triggers, semantic constraints,
and contextual dependencies.

Event Argument Role Filling: Instructs the model to ac-
curately locate and classify the semantic roles and corre-
sponding arguments for each event (“What are the con-
stituent semantic roles and arguments for each event?”), in-
ternalizing structural constraints and semantic norms for ar-
gument roles within specific event types.

Event Structure Reasoning: Requires the model to in-
tegrate prior information and explicitly infer the complete
event structure and internal relationships (“What logical
steps are taken to identify events in this sentence?”), achiev-
ing cognitive integration from discrete element identification
to structured event generation.

This event schema decomposition-based multi-turn dia-
logue approach significantly enhances the model’s under-
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Could you identify the events in this image and describe their visual
event schema?
Visual Schema: 

- object: police officer 1 
attributes: wearing black uniform, bald 
actions: holding 
relations:

- relation: holding, object: person 
- relation: next to, object: police officer 2 

…
- object: person 

attributes: wearing dark jacket, red pants 
actions: being escorted 
relations: 

….
- relation: holding, object: phone 

- object: phone 
attributes: white, small …

Scene: public event arrest 
Hence, the details of the event derived from the image are: 
{Justice-Arrest-Jail, Person : constabulary, Agent : protester} 

Figure 4: Example of Visual Event Schema

standing of event structure, semantic relationships between
argument roles and events, and schema-based constraints,
providing a solid semantic foundation for cross-modal align-
ment. An example is shown in Figure 3.

Visual Event Schema Construction Given the intrinsic
semantic divergence between textual and visual modalities,
where text encodes abstract event concepts while images
convey concrete visual instances, directly applying textual
event schema to visual data is fundamentally hindered by the
representation gap. Meanwhile, existing multi-modal event
extraction models primarily rely on coarse-grained multi-
modal alignment strategies, limiting their ability to achieve
fine-grained event-level correspondence. To address these
constraints, we propose the novel concept of the visual event
schema (VES). VES is designed to provide an isomorphic,
structured intermediate representation for event instances
within an image, thereby linking high-level abstract seman-
tic frameworks to low-level perceptual instances.

The core of VES lies in decomposing visual content into
key elements semantically associated with events:

Core Visual Entities: Identification of salient objects in
the image that are highly relevant to the target event, corre-
sponding to textual event arguments.

Entity Characterization: Description of the visual at-
tributes of each core object and the key actions it performs
within the event context, which correspond to textual trig-
gers that signal event occurrences.

Entity Relation Modeling: Explicit modeling of the in-
teractive relations between core objects in terms of spatial,
action-based, or semantic interactions, reflecting implicit re-
lational structure among event arguments on the textual side
and forming the dynamic structure of the event.

Scene Context Integration: Recognition of the overall
scene category presented in the image, providing essential
background information for event understanding and corre-
sponding to the event type in textual event schema.

Formally, we define the visual event schema as follows:

VES =
(
O, {Aattr(oi),Aaction(oi)}oi∈O , R, C

)
(1)

where O = o1, o2, ..., on denotes the set of core objects
relevant to the event. Aattr(oi) represents the set of visual

attributes for object oi. Aaction(oi) denotes the set of actions
performed by oi in the event. R = relk(oi, oj), rel is the
set of relations among objects. C denotes the overall scene
category of the image.

As a semantic bridge, VES distills the fine-grained details
of image instances into a structured representation that is se-
mantically aligned with the textual modality. This unified
framework establishes a solid foundation for cross-modal
event understanding by reconciling abstraction with percep-
tual concreteness. An example is shown in Figure 4.

Phased Progressive Fine-tuning Framework
Based on the constructed multi-modal event schema data,
we design a two-stage progressive fine-tuning framework
(as illustrated in Figure 2), where the first stage focuses on
schema knowledge injection, and the second stage performs
schema-guided event extraction.

Stage I: Event Schema-Aware Fine-tuning The objec-
tive of this stage is to establish an event-aware cross-modal
representation space within the model. It consists of two se-
quential sub-stages.

Textual Schema-Aware Tuning: The PESD instruction
set is used to fine-tune the language model (LM), inject-
ing structured textual event schema knowledge. In this sub-
stage, the multi-modal projector and visual encoder are
frozen, and only the LM parameters are efficiently fine-
tuned using LoRA. The objective for this sub-stage is for-
mally defined in Eq. (2) as follows:

min
θLLM

Ltext = −
∑

(x,stext,atext)∈DT

log pθLLM

(
atext | x, stext) (2)

where x denotes the input text instances; stext is the tex-
tual event schema data; atext is the target annotations for the
text instances; DT denotes the set of textual event schema
data; θLLM denotes the parameters of the language model;
and pθLLM denotes the conditional probability distributions
parameterized by the language model.

Visual Schema Alignment Tuning: After textual schema
fine-tuning, we further fine-tune the model on visual event
schema (VES) data to achieve event-level cross-modal align-
ment. During this sub-stage, only the multi-modal projection
layer is updated, mapping visual features into the schema-
guided event semantic space and bridging the gap between
textual and visual representations. The objective for this sub-
stage is formally defined in Eq. (3) as follows:

min
θLLM, θproj

Limg = −
∑

(I,simg,aimg)∈DI

log pθLLM,θproj

(
aimg | I, simg)

(3)
where I denotes the input image instances; simg denotes

the visual event schema data; aimg denotes the target anno-
tations for the image instances; DI denotes the set of visual
event schema data; θproj denotes the parameters of the multi-
modal projector, pθLLM,θproj denotes the conditional probabil-
ity distribution parameterized jointly by the language model
and the multi-modal projector.

Upon completion of Stage I, the model establishes event
awareness and achieves event-level cross-modal alignment,
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providing a strong foundation for subsequent event extrac-
tion tasks.

Stage II: Schema-Guided Event Extraction Instruction
Tuning Building on the event-aware representations es-
tablished in Stage I, this stage endows the model with struc-
tured event parsing capability through task-driven instruc-
tion tuning. Based on the constructed multi-modal parallel
dataset imSitu-MEE (as introduced in next subsection), we
design end-to-end event extraction instructions to fine-tune
the parameters of the language model and the multi-modal
projector. During this stage, the event schema serves as an
implicit constraint, guiding the model to focus on cross-
modal cues relevant to event structures, thereby achieving
precise identification of event elements and construction of
event structures. The objective for this stage is formally de-
fined in Eq. (4) as follows:

min
θLLM, θproj

L = −
∑

(I, d, x, y)∈D

log pθLLM, θproj

(
y

∣∣ I, d, x
)
(4)

where d represents the event extraction instruction; y de-
notes the target event extraction label; x denotes the input
sentence; D is the overall set of training samples.

Event Schema-Guided Dataset Construction
Current MEE research is constrained by data scarcity (with
only the M2E2 benchmark) and the inherent limitations
of the traditional heterogeneous concatenation training ap-
proach, which combines VOA Caption alignment, ACE
2005 text, and imSitu images: (1) Semantic Gap: inconsis-
tent annotation schemes (event/argument definitions) across
different data sources; (2) Cross-modal Drift: text and im-
ages originate from different contexts, making it difficult to
align event instances precisely with visual scenes; (3) Train-
ing Redundancy: separate training is required for uni-modal
models, leading to inefficiency. To overcome these bot-
tlenecks, we propose a schema-guided data reconstruction
framework to construct a high-quality, modality-aligned par-
allel dataset. Notably, we adopt an image-to-text (Img2Txt)
strategy instead of text-to-image (Txt2Img) generation, as
our experiments show that models such as Stable Diffusion
3.5 (Esser et al. 2024) often generate complex event scenes
with missing subjects or distorted details, thereby introduc-
ing additional noise.

imSitu-to-ACE Event Mapping & Data Cleaning The
imSitu dataset (504 verbs) annotates visual scenes using
< verb, role, noun > triples. Previous studies (Li et al.
2020; Du et al. 2023) directly mapped verbs to ACE 2005
event types. However, we observed that a large proportion
of images depict the action but fail to capture the full se-
mantics of the corresponding ACE 2005 event (e.g., images
depicting “burying” may not constitute a Die event). To ad-
dress this, we design a two-stage validation strategy:

LLM Preliminary Filtering: GPT-4o is used to predict
the most likely ACE 2005 event type for each image. If the
prediction matches the original verb-to-ACE mapping (Li
et al. 2020), the image is retained; otherwise, it is marked
for further review.

Manual Review: Human experts review and confirm or
revise the event type based on visual content and argument
distribution.

After these two steps, approximately 53% of the images
are discarded due to insufficient alignment with ACE 2005
events. Subsequently, based on the review results,we re-
construct a precise mapping table between the annotation
scheme of the imSitu dataset and that of the ACE 2005
dataset, resulting in a high-quality image event subset named
imSitu-Clean.

Schema-Guided Text Generation To generate parallel
textual descriptions for imSitu-Clean images that are both
stylistically consistent and semantically complete, we em-
ploy a schema-guided image-to-text generation strategy, in
which the prompt incorporates the event schema and se-
lected examples from ACE 2005 as few-shot demonstra-
tions. The curated prompt is then fed into GPT-4o, which
produces the corresponding textual description (imSitu-
Clean-Text).

Automated Annotation We utilize a schema-aware an-
notation procedure to annotate imSitu-Clean-Text. Specifi-
cally, GPT-4o is prompted with the event schema and rep-
resentative ACE 2005 examples to automatically label event
types, triggers, and argument roles. Through this procedure,
we construct imSitu-MEE, a structurally consistent and
cross-modally aligned parallel dataset for multi-modal event
extraction. imSitu-MEE effectively addresses the semantic
gap, the modality drift, and the training redundancy, provid-
ing a reliable data foundation for the proposed LLaVA-MS-
PIT framework and offering a high-quality training dataset
for future MEE research.

Experiment
We rigorously evaluate our framework, benchmark it against
recent state-of-the-art models, and analyze the impact of its
modules and training strategies.

Experiment Setup
Datasets Training datasets used in our experiments in-
clude: (1) ACE 2005, a textual event extraction dataset; (2)
imSitu-Clean, a refined visual event dataset derived from im-
Situ; and (3) imSitu-MEE, a multi-modal parallel dataset
generated with explicit event schema guidance. For evalu-
ation, we employ the widely adopted M2E2 benchmark (Li
et al. 2020).

Evaluation Metrics Considering the generative nature of
large language models in event extraction, we follow (Chen
et al. 2024) and report text-based event extraction perfor-
mance under two evaluation scenarios: (1) Strict Mode, re-
quiring exact matches of both the event type and the trigger
span; and (2) Loose Mode, requiring correct event types and
arguments while relaxing trigger constraints, acknowledging
LLMs’ focus on holistic semantics. For visual event extrac-
tion, correctness is strictly defined as the accurate prediction
of event type along with its corresponding arguments. Preci-
sion, recall, and F1 scores are consistently used as evaluation
metrics.
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Textual Events Visual Events MM Events
Event Mention Argument Role Event Mention Argument Role Event Mention Argument Role

Model P R F1 P R F1 P R F1 P R F1 P R F1 P R F1
WASEobj 42.8 61.9 50.6 23.5 30.3 26.4 43.1 59.2 49.9 14.5 10.1 11.9 43 62.1 50.8 19.5 18.9 19.2

CLIP-Event - - - - - - 41.3 72.8 52.7 21.1 13.1 17.1 - - - - - -
UNICL 49.1 59.2 53.7 27.8 34.3 30.7 54.6 60.9 57.6 16.9 13.8 15.2 44.1 67.7 53.4 24.3 22.6 23.4
MGIM 50.1 66.5 55.8 28.2 34.7 31.2 55.7 64.4 58.5 24.1 14.1 17.8 46.3 69.6 55.6 25.2 21.7 24.6

CAMEL 45.1 71.8 55.4 24.8 41.8 31.1 52.1 66.8 58.5 21.4 28.4 24.4 55.6 59.5 57.5 31.4 35.1 33.2
MMUTF 48.5 65.0 55.5 33.6 44.2 38.2 55.1 59.1 57.0 23.6 18.8 20.9 47.9 63.4 54.6 39.9 20.8 27.4

UMIE - - - - - - - - - - - - - - 62.1 - - 24.5
X-MTL 49.7 65.7 56.6 34.6 37.6 36.0 73.1 70.3 71.7 33.2 31.3 32.2 78.3 57.3 66.2 40.3 42.6 41.4
Our-S 53.9 71.9 61.6 23.9 44.5 31.1 72.3 72.3 72.3 57.3 54.3 55.7 72.5 90.0 80.3 33.8 57.1 42.5
Our-L 60.9 81.3 69.6 27.8 51.9 36.2 72.3 72.3 72.3 57.3 54.3 55.7 79.4 97.4 87.5 37.3 63.0 46.8

Table 1: Main results on textual, visual, and multi-modal event. Our-S and Our-L denote our results evaluated under the strict
and loose mode, respectively. Best scores are in bold; second-best scores are underlined.

Baselines We compare our proposed framework with sev-
eral representative and widely used approaches, including:
WASEobj (Li et al. 2020), CLIP-Event (Li et al. 2022),
UNICL (Liu, Chen, and Xu 2022), MGIM (Liu et al. 2024b),
MMUTF (Seeberger, Wagner, and Riedhammer 2024), and
X-MTL (Cao et al. 2025), UMIE (Sun et al. 2024) and
CAMEL (Du et al. 2023).

Implementation Details We select LLaVA-1.5 (7B) (Liu
et al. 2024a) as our foundational model. During schema-
aware fine-tuning, the LM and the cross-modal projector are
optimized with learning rates of 2e-4 and 2e-5, respectively,
for 3 epochs with a batch size of 32. For schema-guided
event extraction fine-tuning, we adopt the same learning
rates and batch size as in schema-aware fine-tuning but re-
duce training to 1 epoch. All experiments are performed on
NVIDIA A800 GPUs.

Main Results
As shown in Table 1, our experimental results demonstrate
that LLaVA-MS-PIT achieves competitive results, particu-
larly in event detection tasks. Specifically, our model sur-
passes the previous best-performing model, X-MTL, by sub-
stantial margins of 13.0, 0.6, and 21.3 F1 points on textual,
visual, and multi-modal event detection tasks, respectively.
Compared to CAMEL, which also employs data synthesis
on uni-modal datasets, our approach achieves substantially
superior performance, underscoring the effectiveness of our
schema-guided multi-modal dataset construction strategy. In
visual event argument extraction, our model also demon-
strates substantial improvements, which we attribute primar-
ily to our systematic filtering of the imSitu dataset and the re-
fined remapping of argument roles. This process effectively
eliminates noise from numerous irrelevant images, resulting
in markedly improved visual event extraction performance.

However, for textual event argument extraction, our
model exhibits pronounced advantages in recall but mod-
erate performance in precision. A deeper analysis reveals
that our model tends to predict a greater number of events

and associated arguments, typically generating about 1.5 to
2 times more events and arguments than those present in the
gold annotations. This tendency consequently leads to re-
duced precision.

Ablation Study
To further validate the effectiveness of our proposed train-
ing strategies and the explicit integration of multi-modal
schema knowledge, we perform additional ablation stud-
ies under several comparative experimental conditions: (1)
Origin Data Fine-tuning (ODT), where the model is di-
rectly fine-tuned on the original, unprocessed datasets; (2)
Clean Data Fine-tuning (CDT), which employs the cleaned
and aligned imSitu dataset for training; (3) Textual Event
Schema Progressive Tuning (CDT-TES), leveraging only
textual event schema data for progressive tuning; and (4) Vi-
sual Event Schema Progressive Tuning (CDT-VES), lever-
aging only visual event schema data for progressive tuning.

Table 2 presents the results of our ablation studies,
validating the contributions of multi-modal event schema
knowledge and progressive tuning to overall performance.
Comparative analysis between ODT and CDT clearly
demonstrates the effectiveness of our data cleaning method-
ology. Furthermore, comparing CDT with CDT-TES high-
lights the substantial contribution of textual event schema
knowledge to multi-modal event extraction. Similarly, the
comparison between CDT and CDT-VES underscores the
critical role of visual event schema knowledge, confirming
the importance of structured multimodal semantic guidance.

Further Analysis of Textual Event Schema
Knowledge Injection
To more rigorously examine the effectiveness of textual
event schema knowledge injection, we conducted further ex-
periments on both the ACE 2005 and M2E2 datasets, focus-
ing on the textual modality. While direct improvements on
M2E2’s text-based event extraction appear relatively mod-
est in terms of the event argument extraction F1 scores, a
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Textual Events Visual Events MM Events
Event Mention Argument Role Event Mention Argument Role Event Mention Argument Role

P R F1 P R F1 P R F1 P R F1 P R F1 P R F1
ODT 57.9 80.1 67.3 24.8 48.2 32.8 60.7 60.7 60.7 69.7 22.7 34.2 - - - - - -
CDT 59.3 79.3 67.9 27.7 51.1 36.0 72.3 72.3 72.3 54.3 50.0 51.9 71.3 95.6 81.8 32.1 63.0 42.5

CDT-VES 59.4 81.2 68.6 26.8 51.9 35.4 71.3 71.3 71.3 54.1 54.3 54.2 78.6 96.3 86.5 35.5 62.1 45.2
CDT-TES 60.4 80.8 69.1 27.5 52.1 36.0 73.4 73.4 73.4 55.3 51.3 53.2 75.6 97.4 85.1 34.6 62.4 44.5

Our 60.9 81.3 69.6 27.8 51.9 36.2 72.3 72.3 72.3 57.3 54.3 55.7 79.4 97.4 87.5 37.3 63.0 46.8

Table 2: Ablation experiment results on different Settings. Best scores are in bold.
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Figure 5: Match/Gold/Pred counts for Event Mention (left)
and Argument Role (right) across ACE 2005 and M2E2

under two experimental conditions (CDT and CDT-TES).
“Match” denotes the number of predictions that correctly
match the gold annotations.

detailed investigation into the evaluation metrics and data
characteristics reveals deeper insights into the value of tex-
tual event schema.

CDT CDT-TES

Dataset EM AR EM AR

ACE 2005
P 81 58.1 81.4 60.0
R 75.2 53.1 76.2 56.2
F1 78 55.5 78.7 58.0

M2E2(text)
P 59.3 27.7 60.4 27.5
R 79.3 51.1 80.8 52.1
F1 67.9 36.0 69.1 36.0

Table 3: Performance comparison on ACE 2005 and
M2E2(text) datasets under different settings, EM denotes
Event Mention, and AR denotes Argument Role. Best scores
are in bold.

As reported in Table 3, on ACE 2005, CDT-TES surpasses
the CDT baseline in event argument extraction, improving
F1 from 55.5 to 58.0, with gains in both precision and recall.
This demonstrates that the progressive injection of textual
event schema knowledge substantially enhances the model’s
capacity to identify and structure complex event-argument
relations, benefiting from explicit schema-level priors that
are otherwise lacking in traditional end-to-end fine-tuning
methods.

However, our experiments on the M2E2 show an unex-
pected phenomenon. Although schema-guided tuning brings
improvements in recall for argument extraction (from 51.1 to
52.1), the overall gain appears less pronounced than on ACE
2005. As shown in Figure 5, the predicted event and argu-
ment counts on M2E2 differ significantly from the gold an-
notations: for instance, the model predicts 1478 events ver-
sus 1105 gold, and 3266 arguments versus 1723 gold. This
discrepancy is far less pronounced on ACE 2005, where pre-
dicted and gold counts are well aligned. Upon manual in-
spection of multiple M2E2 examples, we observed a non-
negligible number of true event mentions and arguments that
are present in the text but absent from the gold annotations,
confirming our hypothesis that the gap arises from annota-
tion incompleteness rather than model deficiency.

Crucially, this cross-dataset analysis underscores two im-
portant aspects. First, the schema-guided model exhibits a
genuine ability to discover and extract plausible events and
arguments even when the gold annotations are incomplete
or noisy, demonstrating robust generalization and a strong
event-centric inductive bias introduced by schema knowl-
edge. Second, the significant performance boost observed
on ACE 2005, which provides reliable event annotations,
demonstrates that progressive fine-tuning with textual event
schema data effectively enhances the model’s event aware-
ness and its ability to understand event structures.

Conclusion

In this paper, we propose a novel multi-modal event schema
representation and incorporate it into a progressive fine-
tuning framework, thereby systematically investigating the
importance of event schema knowledge for multi-modal
event extraction. Furthermore, we identify critical limita-
tions of the widely used imSitu dataset for this task and per-
form rigorous data cleaning. Building on this, we develop
a novel schema-guided strategy to construct a new paral-
lel multi-modal dataset for event extraction, effectively al-
leviating the challenges of cross-modal misalignment and
data scarcity in this domain. Experimental results show that
our model achieves competitive performance on the M2E2

benchmark, confirming the effectiveness of our framework.
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