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Abstract

Document-level event argument extraction (DEAE) is es-
sential for knowledge acquisition, aiming to extract partic-
ipants of events from documents. In the zero-shot setting,
existing methods employ LLMs to generate synthetic data
to address the challenge posed by the scarcity of annotated
data. However, relying solely on Event-type-only prompts
makes it difficult for the generated content to accurately
capture the contextual and structural relationships of un-
seen events. Moreover, ensuring the reliability and usabil-
ity of synthetic data remains a significant challenge due to
the absence of quality evaluation mechanisms. To this end,
we introduce a multi-agent collaboration framework for zero-
shot document-level event argument extraction (ZS-DEAE),
which simulates the human collaborative cognitive process
of “Propose–Evaluate–Revise.” Specifically, the framework
comprises a generation agent and an evaluation agent. The
generation agent synthesizes data for unseen events by lever-
aging knowledge from seen events, while the evaluation agent
extracts arguments from the synthetic data and assesses their
semantic consistency with the context. The evaluation results
are subsequently converted into reward signals, with event
structure constraints incorporated into the reward design to
enable iterative optimization of both agents via reinforce-
ment learning. In three zero-shot scenarios constructed from
the RAMS and WikiEvents datasets, our method achieves
improvements both in data generation quality and argument
extraction performance, while the generated data also effec-
tively enhances the zero-shot performance of other DEAE
models.

Code — https://github.com/GJZhang2866/GenExtract

Introduction
Document-level event argument extraction (DEAE) is one
of the essential tasks in information extraction. With the
rapid development of large language models (LLMs), DEAE
has shown new potential and value in enhancing informa-
tion retrieval quality, expanding the coverage of knowledge
graphs, and enabling trustworthy model editing. Zero-shot
document-level event argument extraction (ZS-DEAE) tar-
gets the extraction of arguments for unseen event types
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Given the event type: ‘physical investigate inspect’ and the following 
roles: inspector, inspected entity, place. Please generate a coherent 
context that includes the event trigger and the role-argument pairs. 

Context: On July 15, a team of health inspectors conducted a 
thorough inspection of a seafood processing facility located in 
Kaohsiung, Taiwan. Trigger: inspection
Inspector: health inspectors 
Inspectedentity: seafood processing facility
Place: Kaohsiung, Taiwan

Given the event type: 'inspect people organization' and the following 
roles: inspector, inspected entity, place, please generate a coherent 
context that includes the event trigger and the role-argument pairs. 

Context: Jane Smith, a labor inspector, arrived at the GreenTech Inc. 
headquarters to inspect people organization and ensure compliance 
with employment regulations.
Trigger: arrived 
Inspector: Jane Smith
Inspectedentity: GreenTech Inc. 
Place: None

Brief context
Simple syntax

Straightforward expression
Simple syntax

Figure 1: Examples of DEAE data generated by GPT-4o.

by utilizing training data associated with seen events. The
sets of event types used during training and testing are dis-
joint. However, they are allowed to share overlapping event
roles to maintain event structure definition (Huang et al.
2018). Hence, ZS-DEAE aligns with the generalized zero-
shot learning paradigm (Pourpanah et al. 2023).

Most zero-shot event extraction studies focus on sentence-
level settings and frame the task as knowledge transfer.
Models are typically fine-tuned on seen events using shared
semantic spaces or prototypical networks (Huang et al.
2018), enabling limited generalization to unseen types. An-
other line of work reformulates argument extraction as ques-
tion answering (Du and Cardie 2020; Lyu et al. 2021), craft-
ing role-specific queries and using pre-trained QA mod-
els to identify arguments directly from text. However, in
document-level zero-shot scenarios, these approaches still
lag far behind fully supervised models. Empirical evidence
shows that DEAE performance improves notably with more
annotated data (Ma et al. 2022; Zhang et al. 2024a), high-
lighting the continued dependence on high-quality super-
vision. Although LLMs offer strong reasoning and exten-
sive parametric knowledge (Yan et al. 2025), their effective-
ness in ZS-DEAE remains weak (Sharif et al. 2025). This
raises a key question: Can LLMs be leveraged to generate
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structured synthetic data for unseen events to address data
scarcity? Recent efforts explore LLM-generated data for
low-resource information extraction (Zhou et al. 2024b; Xu
et al. 2024; Wang and Huang 2024b), yet producing high-
quality DEAE data is still highly challenging. Document-
level events often involve numerous roles, cross-sentence
arguments, and complex semantic relations. This demands
that LLMs not only deeply understand event and role se-
mantics, but also generate event instances that are linguisti-
cally natural and structurally coherent. Moreover, evaluating
the quality of generated data is inherently difficult. Without
effective quality control, noisy samples can be introduced,
which may degrade downstream extraction performance. As
illustrated in Fig.1, the event types “inspect people organiza-
tion” and “physical investigate inspect” both involve the ac-
tion “inspect”. The former emphasizes examining people or
organizations, while the latter focuses on physical observa-
tion via sensory perception or instruments. However, LLM-
generated examples often fail to clearly distinguish between
these event types. Additionally, the generated contexts are
often linguistically straightforward and arguments that are
concentrated, lacking the contextual richness and structural
complexity essential for the DEAE.

To address these challenges, we propose a multi-agent
collaboration framework that simulates the human coop-
erative process of “proposal–evaluate–rectify”. The frame-
work comprises two agents: a generation agent that pro-
duces document-level contexts with event triggers and struc-
tured role–argument pairs based on given event types and
roles, and an evaluation agent that extracts arguments and
assesses their semantic consistency with the context. The
log-likelihood computed by the evaluation agent serves as
a quality indicator and guides subsequent training. During
the generation process, we observe that the generation agent
tends to produce instances with multiple empty arguments
(roles without corresponding arguments). Although such
samples lack valid arguments, the evaluation agent tends to
assign them high log-likelihood scores for correctly predict-
ing None, biasing the generation agent toward structurally
incomplete events and creating a feedback loop of cumula-
tive bias. To mitigate this, we introduce event structural con-
straints and combine them with log-likelihood into a unified
reward signal. We employ reinforcement learning to itera-
tively optimize multi-agent systems, thereby achieving im-
provements in both data generation quality and argument ex-
traction performance. Our contributions are as follows:

• We propose a multi-agent collaboration framework for
ZS-DEAE to tackle the key challenge of insufficient an-
notated data for unseen events.

• Evaluated on three zero-shot settings derived from
RAMS and WikiEvents, our method achieves simultane-
ous improvements in synthetic data quality and extrac-
tion performance.

• Our method is generalizable, enhance the zero-shot ca-
pabilities of other models, providing a novel solution for
ZS-DEAE.

Related Work
Event argument extraction. Event argument extraction
(EAE) has received growing attention, with datasets such
as RAMS (Ebner et al. 2020) and WikiEvents (Li, Ji, and
Han 2021) driving progress in DEAE. Existing methods
include classification-based methods (Xu et al. 2022; Liu
et al. 2023), template-based frameworks (Ma et al. 2022;
He, Hu, and Tang 2023; Zhang et al. 2024a; Liu et al. 2024),
and recent LLM-driven models (Zhang et al. 2024b; Zhou
et al. 2024a; Shuang et al. 2024). Despite strong perfor-
mance, these methods remain heavily dependent on super-
vised data and show limited generalization to unseen event
types. In zero-shot EAE, early work (Huang et al. 2018)
maps events into shared neural spaces. QA-based methods
were later adapted for unseen argument extraction (Du and
Cardie 2020; Lyu et al. 2021). Lu et al. (2024) further im-
proves generalization by disentangling arguments, roles, and
triggers, while other studies enhance zero-shot argument
classification using candidate spans (Zhang, Wang, and Roth
2021; Sainz et al. 2022; Lin, Zhang, and Song 2023).

Synthetic Data for IE. Synthetic data generation has be-
come a promising strategy for low-resource information ex-
traction. In relation extraction, Zhou et al. (2024c) use LLMs
to create seed instances for fine-tuning smaller models and
expand pattern diversity with iterative feedback. Xu et al.
(2024) introduce a dual-agent framework to iteratively re-
fine synthetic samples, while Li, Dai, and Li (2025) integrate
in-context learning with direct preference optimization to in-
crease data diversity. For event extraction, Wang and Huang
(2024c) leverage external corpora to enrich lexical variation
in generated samples.

Multi-agent for IE. Multi-agent collaboration has re-
cently emerged as an influential paradigm in IE, spanning
cooperative, competitive, and debate-based modes. Wang
et al. (2025) propose a cooperative multi-agent system for
zero-shot NER that separates entity recognition from type
feature extraction and incorporates self-reflection to assess
demonstration utility. Zhao et al. (2024, 2025) develop
agent-guided mechanisms to improve explanation genera-
tion. Wang and Huang (2024a) design a debate-style op-
timization strategy for few-shot event extraction, and Hou
et al. (2024) present a more scalable multi-agent framework.

Method
Task Definition
Document-level Event Argument Extraction (DEAE)
aims to extract textual spans that serve as arguments for spe-
cific roles within a given event type, based on the entire input
document. Formally, given a document d, an event type e, a
trigger t, and a predefined role set Re = {rie}

NRe
i=1 , the goal

of DEAE is to extract a text span corresponding to each role
rie from d, serving as the argument for that role in the event.

Zero-shot DEAE (ZS-DEAE) targets the same task with-
out access to labeled data for unseen event types. Specifi-
cally, given a set of seen event types Es and their training
dataset Ds = {(des , es, t, Res)i}

|Ds|
i=1 , the goal is to perform

argument extraction from documents Du under unseen event
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Generation
Agent

Prompt: Given the event type: {EventType}, 
and the following roles: {Roles}. Please 
generate a coherent context and provide 
appropriate role-argument pairs.
Examples: Context Arg

Fine-
tuning

Context: Members of Ukraine’s state
security service detain a French citizen
who had been planning attacks in France to
coincide, on the Ukrainian…
Template: <arg1> arrested or jailed <arg2>
for <arg3> crime at <arg4> place

Evaluation Agent

Fine-
tuning

Seen data

Evaluate

Generated 
Unseen data

Evaluation
Agent

Generated 
Unseen data

log-likelihood …

Context Context

Jailer: <arg1> 
Detainee: <arg2> 
Crime: <arg3>

Jailer: None
Detainee: None
Crime: None

Penalty : 0 Penalty : 0.8

Structural constraints

Propose

Reward

Synthetic data

Filter

Extract

Context

Unseen Event

ArgTrigger
TriggerRevise

Figure 2: The overall workflow of multi-agent collaboration for ZS-DEAE

types Eu, where Es∩Eu = ∅. Although the event types dif-
fer between training and testing, role can be shared between
them to ensure the integrity of the event schema.

Definition of Agents
Generation Agent. This agent is designed to generate a
document-level context d, an event trigger t, and a set of
role-argument pairs Ae = {(rie, arie)|r

i
e ∈ Re, arie ∈ d, i ∈

[0, NRe
)}, conditioned on a given event type e and its cor-

responding role set Re = {rie}
NRe
i=1 , where arie denotes the

argument corresponding to role rie.
To fully leverage the generation capabilities of LLMs, we

formalize the task in a prompt-based input-output format.
Specifically, the input prompt is defined as: Ein(e,Re)= “
Given the event type: e and the following roles: Re, please
generate a coherent context that includes the event trig-
ger and the role-argument pairs.” The output is formatted
as: Eout(d, t, Ae) =“ Context:d, Trigger:t,Role-Arguments:
Ae.” For roles that do not appear in the generated context,
their corresponding arguments are marked as None. The
agent is optimized on the training set Ds using an autore-
gressive objective:

Lg = − logP (Eout | Ein). (1)

Evaluation Agent. This agent aims to extract arguments
for a given event type e from a document-level context d, and
to evaluate the structural completeness and semantic consis-
tency of the generated content. In this work, we adopt Bart-
Gen(Li, Ji, and Han 2021) as the evaluation agent, which
is based on a conditional generation framework. The model
takes the context d and an unfilled template sentence con-
taining <arg> placeholders as input. The full input is for-

matted as:

c = <s> template <s> </s> d </s>, (2)

and the output is the filled template x, where each <arg>
placeholder is replaced with an argument extracted from the
d. The generation process is modeled autoregressively as
generating the target text x token by token, conditioned on
both the input c and previously generated tokens:

p(x | c) =
|x|∏
i=1

p(xi | x<i, c). (3)

To reduce hallucination, Bart-Gen restricts its output vo-
cabulary to Vd, containing only tokens present in d. Dur-
ing training, the loss function minimizes the negative log-
likelihood over the training set Ds:

Lc = − logP (x | c). (4)

Multi-Agent Collaboration
To address the challenge of limited annotated data in the
zero-shot setting, we propose a multi-agent collaborative
framework in which two agents work in tandem to simul-
taneously improve the quality of synthetic data and the per-
formance of event argument extraction. This framework em-
ulates the human collaborative cognitive process of “Pro-
pose–Evaluate–Revise”. Specifically, it consists of the fol-
lowing three core stages: (1) Propose: The generation agent
attempts to express its understanding of unseen events by
generating a document-level context, trigger, and a set of
role-argument pairs for a given unseen event type; (2) Eval-
uate: the evaluation agent performs argument extraction on
the generated data and assesses its semantic plausibility and
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structural completeness; and (3) Revise: the evaluation re-
sults are transformed into feedback signals to optimize both
agents. Through this iterative and cooperative process, the
two agents engage in a dynamic interaction that enables
them to improve together over time. The overall workflow
is described in Fig. 2.

Propose. Given an unseen event type eui
and its associ-

ated roles Reui
, the generation agent expresses its under-

standing by generating document-level contexts, an event
trigger, and role-argument pairs. Specifically, the event
and roles are first mapped into a natural language prompt
Ein(eui , Reui

), and the generation agent produces K can-
didate sequences based on this prompt. During generation,
some contexts may omit the specified trigger or certain ar-
guments. Therefore, samples missing the trigger in the gen-
erated context are discarded, while missing arguments are
assigned the value None. Each valid generated sequence is
decoded into a synthetic data instance represented as the tu-
ple (d, t, Aeui

). Collecting all K samples yields synthetic
dataset for eui denoted as D

eui
syn = {(dj , tj , Aj

eui
)}Kj=1.

The complete synthetic dataset for all unseen event types
is formed by the union Dsyn = D

eu1
syn ∪ · · · ∪D

eum
syn .

Evaluate. After the generation agent expresses its under-
standing of the event, we use the evaluation agent to assess
whether this understanding is accurate. The generation prob-
ability P (x | c) of the evaluation agent can be interpreted as
the likelihood of generating a specific argument-filled sen-
tence x given the input c, or as the semantic match between
c and x, which can then be used to measure the quality of
the synthetic data (d, t, Aj

eui
) ∈ D

eui
syn . Specifically, for each

synthetic sample, we compute the log-likelihood of its cor-
responding filled template:

ℓi = logP (xi | ci). (5)

High-quality samples are expected to yield higher log-
likelihoods, while lower-quality samples should have lower
scores, thereby enabling the differentiation of synthetic data
quality. To further standardize this scoring, we normalized
the log-likelihood:

αi =
ℓi − µ

δ
, (6)

where µ and δ denote the mean and standard deviation of
log-likelihood values over the entire synthetic dataset Dsyn.

During evaluation, we observed that many synthetic sam-
ples contain multiple empty arguments, meaning arguments
that are generated as None. Such samples often receive high
likelihood scores from the evaluation agent as it correctly
predicts these None. This tendency may further induce the
generation agent to prefer producing structurally incomplete
events, thereby introducing and amplifying bias in the feed-
back loop. To mitigate this issue, we introduce the struc-
tural completeness constraint by penalizing the proportion
of empty arguments in each synthetic sample. Specifically,
for each sample, we compute the proportion of empty argu-
ments ρi. We aim to keep this proportion close to that ob-
served in the training data, whose expected value and stan-
dard deviation are denoted by τ and ε, respectively. The
penalty term is defined as:

pi =
{
0 if τ − ε ≤ ρi ≤ τ + ε

|ρi − τ | otherwise
(7)

Finally, we integrate this penalty into the normalized log-
likelihood score to obtain the final quality score for each
synthetic sample:

αi =
ℓi − µ

δ
− pi. (8)

Revise. Reinforcement learning (RL) has been shown to
be effective in learning preferences among data instances.
To this end, we adopt an RL-based approach to refine both
agents. By assigning higher rewards to higher-quality syn-
thetic samples, the two agents are encouraged to better un-
derstand unseen events through data augmentation, thereby
achieving joint improvement in both synthetic data quality
and argument extraction performance. Specifically, we treat
the normalized score αi as the reward and optimize the gen-
eration agent and evaluation agent via policy gradient meth-
ods based on the expected reward over the synthetic dataset
Dsyn. The parameter updates for the two agents are defined
as:

Gi = Gi+1 + γ1∇GE[α], (9)

Ei = Ei+1 + γ2∇EE[α], (10)

where γ1 and γ2 are the learning rates for the generation
agent and the evaluation agent, respectively. The gradients
are computed as:

∇GE[α] = E[αi∇G logP (Eout | Ein)], (11)

∇CE[α] = E[αi∇E logP (x | c)]. (12)

Through continuous cycles of propose-evaluate-revise,
the two agents progressively enhance their understanding of
unseen events, effectively distinguish subtle semantic differ-
ences between similar event types, and iteratively improve
their respective capabilities.

Experiments
Experimental Settings

Datasets. We construct three zero-shot settings based on
the two most widely used DEAE datasets, RAMS and
WikiEvents. These settings are RAMS2RAMS, RAMS2Wiki,
and Wiki2Wiki. In the RAMS2RAMS, the RAMS dataset is
split into seen and unseen event types. For RAMS2Wiki, we
remove overlapping event types in WikiEvents that appear
in RAMS, ensuring the test set contains only disjoint event
types. The Wiki2Wiki setting follows the same protocol
as RAMS2RAMS, where WikiEvents is split into seen and
unseen event types.

Experimental Configuration and Metrics We select
LLaMA3.1-8B (Dubey et al. 2024) and Qwen2.5-7B (Yang
et al. 2024) as generation agent, fine-tuned via LoRA (Hu
et al. 2022) for parameter-efficient adaptation. LoRA mod-
ules are inserted into the attention layers (query and value
projections), with rank 8, scaling factor 32, and dropout rate
0.05. For the evaluation agent, we use Bart-large (Lewis
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Model RAMS2RAMS RAMS2Wiki Wiki2Wiki

Seen R. Unseen R. Overall Seen R. Unseen R. Overall Seen R. Unseen R. Overall
DEAE Models

PAIE 32.52 28.87 30.80 19.57 31.72 20.15 23.58 23.57 24.42
TabEAE 37.16 35.26 36.22 16.94 35.05 26.74 37.19 28.84 30.97
DEEIA 36.57 39.49 37.95 1.50 7.17 5.12 34.11 19.48 22.51
HMPEAE 35.18 37.74 36.44 16.89 32.74 25.61 38.43 27.48 30.20
TSAR 38.10 21.56 30.90 15.77 13.37 11.71 14.40 13.86 13.95
SCPRG 38.93 26.97 33.58 10.80 10.00 9.40 45.80 11.89 21.90

Zero-shot Models

EEQA 26.75 26.99 26.86 14.74 21.39 18.24 23.05 14.00 21.50
ZSTL - - 12.24 - - 9.40 - - 9.97
Bart-Gen 39.89 37.09 38.53 24.66 33.45 28.52 48.11 32.68 40.82
Distar 18.26 19.68 18.98 13.11 3.20 10.60 2.72 20.18 17.51

Large Language Models

Phi-4 - - 10.10 - - 4.12 - - 7.30
+CoT - - 12.89 - - 2.78 - - 5.78

Gemma-1.1 - - 13.39 - - 5.91 - - 6.31
+CoT - - 5.94 - - 3.19 - - 4.78

Mixtral - - 19.35 - - 4.70 - - 6.34
+CoT - - 15.96 - - 4.81 - - 6.23

LLaMA-3.1 - - 20.56 - - 8.37 - - 10.55
+CoT - - 17.05 - - 6.78 - - 8.87

GPT-4o - - 19.64 - - 10.17 - - 11.36
+CoT - - 18.36 - - 7.98 - - 9.65

DS-V3 - - 22.00 - - 10.89 - - 11.60
+CoT - - 15.24 - - 7.63 - - 8.62

DS-R1 - - 24.41 - - 12.27 - - 12.84
+CoT - - 23.47 - - 9.24 - - 10.40

Ours (LLaMA) 46.46 45.06 45.77 30.81 34.43 32.38 47.83 46.19 46.96
Ours (Qwen) 44.06 45.11 44.59 31.74 30.47 31.18 47.39 47.82 47.62

Table 1: Main Results on three zero-shot settings. Seen R. refers to roles shared between seen and unseen event schemas, while
Unseen R. denotes roles unique to unseen schemas. Overall indicates the F1 score calculated over all roles. We use bold text to
indicate the best performance and underline to indicate the second best. For ZSTL and LLM-based methods, since they are not
trained on Ds but instead make predictions directly via queries or prompts, they do not distinguish between seen and unseen
roles—thus, the corresponding entries are left blank.

et al. 2020) as the pre-trained model for Bart-Gen (Li, Ji,
and Han 2021). We run the five-round agent interaction op-
timization with three different random seeds, and report the
average result of the best-performing round from each run,
to reduce the impact of randomness. For evaluation metrics,
we adopt Span-F1 as the primary metric, where a prediction
is correct only if the span exactly matches the gold span.

Baselines. We compare our method with three categories
of baselines. The first includes DEAE models, such as PAIE
(Ma et al. 2022), TabEAE (He, Hu, and Tang 2023), DEEIA
(Liu et al. 2024), HMPEAE (Zhang et al. 2024a), TSAR (Xu
et al. 2022), and SCPRG(Liu et al. 2023). Since TSAR and
SCPRG are not designed for zero-shot settings, we adapt
them into prototype-based classifiers for transfer to unseen
event types. The second includes sentence-level zero-shot
models, including EEQA (Du and Cardie 2020), ZSTL(Lyu
et al. 2021), Bart-gen (Li, Ji, and Han 2021), and Distar(Lu
et al. 2024). We adapt EEQA and ZSTL to our task format
by redesigning their prompt templates. The third includes
LLMs, such as Phi-4 (14B) (Abdin et al. 2024), Gemma-

1.1 (7B) (Mesnard et al. 2024), Mixtral (8x22B) (Jiang
et al. 2024), LLaMA3.1 (70B) (Dubey et al. 2024), GPT-
4o(OpenAI 2023), DeepSeek V3 (DS-V3) (DeepSeek-AI
2024) and DeepSeek R1 (DS-R1) (DeepSeek-AI 2025). We
evaluate them using both zero-shot and Chain-of-Thought
(CoT) prompting following Sharif et al. (2025).

Main results
The main results are shown in Table 1. Comparison
with DEAE Models. Our method, based on LLaMA and
Qwen, consistently outperforms existing DEAE models
across all three zero-shot settings. Ours (LLaMA) exceeds
the strongest baseline DEEIA by 6.57, 5.57, and 7.82 F1 on
seen roles, unseen roles, and overall in RAMS2RAMS, and
achieves the highest overall F1 scores of 32.38 and 46.96
in RAMS2Wiki and Wiki2Wiki. These results reveal the
limitations of prior DEAE models in zero-shot scenarios, as
their dependence on manually annotated data reduces gen-
eralization. Our method also achieves more balanced per-
formance between seen and unseen roles. Compared with
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Model R2R R2W W2W
Ours((LLaMA) 45.28 32.38 46.96

-reward 42.46 24.93 38.39
-constraint 44.72 29.03 40.98

Ours(QWEN) 44.59 31.18 47.62
-reward 40.52 27.19 43.30

-constraint 40.87 27.87 38.70

Table 2: Ablation study on the effects of reward and con-
straint across three datasets. R2R: RAMS2RAMS. R2W:
RAMS2Wiki, W2W: Wiki2Wiki
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Figure 3: Proportion of empty arguments in synthetic data.

zero-shot models. Our method shows substantial gains over
Bart-Gen, with overall F1 improvements of 7.53, 3.86, and
6.14 across datasets, benefiting from collaborative interac-
tion between generation and evaluation agents. In contrast,
EEQA, ZSTL, and Dister perform poorly, indicating lim-
ited capacity in document-level settings. Comparison with
LLMs. We evaluate several mainstream LLMs using both
Zero-shot and CoT prompts. The overall results show that
LLMs perform significantly worse in Span-F1, with gener-
ally low performance levels. This aligns with observations
by Sharif et al. (2025). A major factor is the strict bound-
ary matching required by Span-F1. Although LLMs demon-
strate strong language understanding, they often struggle to
accurately identify precise argument spans. More flexible
evaluation metrics may better reflect their potential.

Ablation Study
Our framework consists of the RL feedback mechanism and
the event structure constraint. To evaluate their contribu-
tions, we conduct ablation studies by removing each com-
ponent, as shown in Table 2. Removing either the RL re-
ward or the structure constraint reduces performance, which
shows that both components are effective. In most settings,
removing the structure constraint produces a smaller perfor-
mance drop, which suggests that multi-agent collaboration
is the main factor. However, Fig.3 shows that the absence of
this constraint increases the proportion of empty arguments
and harms both data quality and extraction accuracy. In con-
trast, applying the constraint reduces empty arguments and
improves the completeness of arguments as well as the qual-
ity of synthetic data.

Steps
0
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4
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Generation agent
Evaluation agent

(a)
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Figure 4: (a): Loss of the two agent during reinforcement
learning on RAMS2RAMS. (b): F1 trend across three datasets.

Analysis
Impact of Interaction Rounds
Fig. 4a shows the loss curves of the generation and eval-
uation agents, assessing RL process stability. Both losses
decline steadily during training, indicating that the opti-
mization method supports cooperative convergence and en-
sures stable training. Fig. 4b presents F1 trends across three
dataset settings. The model reaches peak F1 scores within
one to two interaction rounds, but performance gradually
declines with more interactions. As analyzed later, this may
result from reduced diversity in generated samples, which
undermines the model’s generalization.

Analysis of Generation Agent
To evaluate the quality of synthetic data generated by the
Generation Agent, we augment the training sets of base-
line models and compare them with data generated directly
by LLaMA under the same settings. Performance improve-
ments from each source serve as an indirect measure of
data quality.We conduct experiments on two representa-
tive DEAE models: TabEAE, which shows balanced perfor-
mance (Table 1), and Bart-Gen, a stronger zero-shot model.
As shown in Table 3, our method consistently achieves sta-
ble and significant gains across different settings, outper-
forming LLaMA-generated data. These results indicate that
our synthetic data is higher in quality and generalizability,
effectively enhancing ZS-DEAE.

Analysis of Evaluation Agent
To assess the evaluation agent’s ability to distinguish dif-
ferent data quality, we construct low-quality variants of the
test set by randomly replacing or removing arguments.Each
instance is scored using log-likelihood, with results shown
in Fig.5. consistently assigns higher log-likelihoods to high-
quality data and lower scores to degraded examples. This in-
dicates that the agent possesses a certain degree of sensitiv-
ity to data quality and can effectively differentiate between
well-formed and degraded examples.

Diversity Analysis of Synthetic Data
We evaluate synthetic data diversity following Kirk et al.
(2024), which separates per-input and across-input diver-
sity, and adopt the four-dimensional analysis of Guo, Shang,
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Model Data RAMS2RAMS RAMS2Wiki Wiki2Wiki
TabEAE Seen data 36.22 26.74 30.97

+ Synthetic data ((LLaMA 3.1) 37.37 26.17 12.48
+ Synthetic data (Ours) 44.43 28.42 33.36

Bart-Gen Seen data 38.53 28.52 40.82
+ Synthetic data (LLaMA 3.1) 41.04 28.95 44.17
+ Synthetic data (Ours) 46.06 32.38 46.96

Table 3: Performance comparison on three transfer settings using unseen and synthetic data.
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Figure 5: Log-likelihood scores assigned by the evalua-
tion agent to different types of synthetic data. Empty: ran-
domly removing arguments. Mismatch: randomly swapping
argument-role mappings. Normal: correctly generated data
without perturbation.
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Figure 6: Diversity of Synthetic Data.

and Clavel (2024): lexical, semantic, logical, and syntac-
tic. Results appear in Fig.6. As interaction rounds increase,
diversity decreases in the lexical, semantic and syntactic
dimensions, indicating that the model shifts toward stable
generation strategies that favor patterns with higher log-
likelihood. This convergence may improve consistency but
reduces generalization and contributes to performance de-
cline in later rounds. Logical-level diversity remains rel-
atively stable, possibly because lexical and syntactic con-
vergence introduces inconsistencies that sustain variation in
logical content. Future work should enhance diversity, espe-
cially in the lexical, semantic and syntactic.

Case Study
We present a case study in Fig.7, analyzing synthetic data
generated by GPT-4o, LLaMA3.1 (70B), and our method

GP
T-

4o

After graduating with honors from Stanford University,
Emily Zhangmoved to New York City inearly March.
By April, she had officially started her new role as a
data scientist at TechNovaSolutions, a fast-growing Al
startup headquartered in Manhattan.

Event type: personnel.startposition.n/a. 
Roles: employee, place, place of employment

LL
aM

A
3-

70
B As part of our company's expansion plans, we are

pleased to announce the hiring of John Doe as a
Software Engineer, effective immediately. Unfortunately,
due to unforeseen circumstances, we are unable to
provide him with a designated workstation at this time.

O
ur

s

The Trump campaign has not responded to a request for
comment. The Trump campaign has been plagued by
allegations of sexism and misogyny from the beginning
of the campaign. In August 2015, Trump was caught on
video telling a group of journalists, “ I have to be honest,
I will tell you that when I started, I said, ‘I will not do
this,” referring to his plans to run for president.“ I will
not do this. ” He then added, “ I’ve got a daughter, I‘ve
got a granddaughter… Reward: 0.95( )

Figure 7: Case studies of synthetic data.

using LLaMA3.1 (8B). The outputs from GPT-4o and
LLaMA3.1 (70B) tend to be short, syntactically simple, and
contains densely packed arguments, making them less suit-
able for DEAE. Notably, LLaMA3.1 (70B) often omits the
trigger, as well as key arguments of place and placeofem-
ployment. In contrast, our method generates a longer docu-
ment with more widely dispersed arguments. Moreover, in
the fourth case, a mismatch between the context and event
type results in a low reward, highlighting the effectiveness
of evaluation agent.

Conclusion
This paper presents a multi-agent collaborative framework
for ZS-DEAE that mitigates the shortage of annotated data.
The framework models a “Propose–Evaluate–Revise” cycle
to iteratively improve synthetic data and enhance extrac-
tion accuracy. Experiments show clear improvements in data
quality and argument extraction, surpassing several main-
stream LLMs. Additional analyses indicate that the gener-
ated data can also strengthen other models in zero-shot set-
tings, providing a promising solution for ZS-DEAE. Future
work will extend this framework to broader information ex-
traction tasks and other low-resource scenarios.
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