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Abstract
Zero-shot event extraction (ZSEE) remains a significant chal-
lenge for large language models (LLMs) due to the need
for complex reasoning and domain-specific understanding.
Direct prompting often yields incomplete or structurally in-
valid outputs—such as misclassified triggers, missing argu-
ments, and schema violations. To address these limitations,
we present Agent-Event-Coder (AEC), a novel multi-agent
framework that treats event extraction like software engineer-
ing: as a structured, iterative code-generation process. AEC
decomposes ZSEE into specialized subtasks—retrieval, plan-
ning, coding, and verification—each handled by a dedicated
LLM agent. Event schemas are represented as executable
class definitions, enabling deterministic validation and pre-
cise feedback via a verification agent. This programming-
inspired approach allows for systematic disambiguation and
schema enforcement through iterative refinement. By lever-
aging collaborative agent workflows, AEC enables LLMs
to produce precise, complete, and schema-consistent extrac-
tions in zero-shot settings. Experiments across five diverse
domains and six LLMs demonstrate that AEC consistently
outperforms prior zero-shot baselines, showcasing the power
of treating event extraction like code generation.

Code — https://github.com/UESTC-GQJ/AEC

Introduction
Event extraction (EE) aims to identify event triggers and
their associated arguments from unstructured text (Xu et al.
2024), we provide an illustration of the task in Figure 1.
As a structured prediction task, it plays a vital role in ap-
plications such as knowledge base population, information
retrieval, and question answering. Traditional EE methods
rely on supervised learning and require labeled examples
for each event type. However, the growing diversity of event
types and the high cost of annotation make it impractical to
collect training data for all possible events.

Zero-shot event extraction (ZSEE) seeks to address the
limitations of supervised event extraction by enabling mod-
els to identify event types that have not been observed dur-
ing training, using only the event type’s name or natural lan-
guage definition. Rather than relying on annotated examples,
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Figure 1: An illustrative example of the event extraction
task. The blue box denotes the event type, while the green
boxes represent the argument roles. Underlined words indi-
cate the event trigger or the corresponding event arguments.

the model must leverage these textual definitions or onto-
logical descriptions of event types and roles to guide pre-
diction. Although ZSEE offers significant potential for scal-
able event extraction, it remains highly challenging (Chen
et al. 2024; Cai et al. 2024), and existing approaches fre-
quently fall short due to two key issues. (i) Contextual am-
biguity: candidate event trigger words are often polysemous,
and their correct interpretation depends on subtle contextual
cues. For example, the word “strike” may refer to either a
labor protest or a physical attack depending on the surround-
ing context. In the absence of training examples, capturing
such nuances is difficult. As illustrated in Figure 2(a), large
language models (LLMs) may misinterpret the trigger or fail
to exploit contextual clues that indicate the correct event
type and its arguments. (ii) Structural fidelity: event extrac-
tion is a structured prediction task that requires outputs to
conform to a predefined schema, such as a JSON object or
database entry. While LLMs can be prompted to produce
structured outputs, they often fail to strictly follow schema
constraints, particularly without fine-tuning (Liu et al. 2024;
Guo et al. 2025b). This can result in malformed or incom-
plete event records that disrupt downstream processing. As
shown in Figure 2(b), direct zero-shot prompting of LLMs
frequently leads to misidentified triggers or invalid output
structures, highlighting the need for a more guided and ro-
bust approach to zero-shot event extraction.

To address these limitations, we introduce
Agent-Event-Coder (AEC), a novel framework that
reconceptualizes zero-shot event extraction as a collabo-
rative and verifiable code-generation process. Instead of
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(a) Contextual Ambiguity due to Attention Failure

(b) Structural Fidelity due to Direct Reasoning

Text: The SEC fined ACME 
Corp. $10 million for fraud.
Event Schema (Python Class):
class Justice: 
    adjudicator: GPE 
    entity: ORG 
    money: str 

 వవޅ

Ideal ArgumentEvent schema

SECadjudicator

Role type ACME Corpentity

$10 millionmoney

ErrorActual ArgumentEvent schema

-SECadjudicator

Role type
Schema violationACME Corpentity_fined

Argument hallucinationfraudreason

Malformed format10000000money

Figure 2: (a) Conceptual illustration of attention failure. The
ideal model effectively leverages contextual information to
correctly interpret the trigger word “strike” as an instance of
the Protest event type. In contrast, direct zero-shot prompt-
ing of LLMs tends to over-rely on the trigger word itself,
often leading to misclassification. (b) Illustration of extrac-
tion errors caused by insufficient structural fidelity. Outputs
generated by direct zero-shot prompting of LLMs may vio-
late the target event schema by: (1) including a non-existent
argument role, (2) hallucinating an undefined argument, or
(3) producing an argument with an incorrect data type.

prompting a single LLM to directly produce a structured
output, AEC decomposes the extraction pipeline into
four specialized agents—Retrieval, Planning, Coding,
and Verification—each responsible for a distinct subtask.
AEC is built upon two core principles. (i) Multi-agent
decomposition: the overall task is divided into inter-
pretable reasoning stages. For instance, the Planning
Agent generates trigger–type hypotheses accompanied
by explanatory rationales, while the Coding Agent con-
verts the highest-confidence hypothesis into executable
Python code that instantiates a schema-compliant event
class. (ii) Schema-as-code verification: event schemas
are represented as executable Python classes, enabling
deterministic structural validation at runtime. A dedi-
cated Verification Agent evaluates the generated code for
semantic compatibility, type correctness, and structural
validity. When validation fails, a dual-loop refinement
procedure is initiated, iteratively patching the code based
on compiler-like diagnostic feedback and, if necessary,
exploring lower-confidence hypotheses. By combining
step-wise reasoning with deterministic schema validation,
this programming-inspired architecture allows AEC to sys-

tematically resolve trigger ambiguity and enforce structural
fidelity in zero-shot settings, producing precise, complete,
and schema-compliant event extractions without requiring
annotated training examples.

In summary, we make the following contributions:

• We are the first to reformulate ZSEE as a multi-agent
code generation task, providing a new paradigm that
unifies schema constraints, iterative planning, and code-
based validation for structured event extraction.

• We introduce a new multi-agent workflow AEC, where
specialized agents work together to retrieve knowledge,
design extraction plans, and generate structured event
representations.

• We design a schema-as-code verification loop, in which
a dedicated verification agent applies deterministic pro-
gramming language rules to constraint outputs and pro-
vide precise feedback for iterative refinement.

• Through comprehensive evaluations across five diverse
domains and six LLMs, we demonstrate the robustness,
generalizability, and effectiveness of AEC as a state-of-
the-art ZSEE framework.

Related Work
ZSEE with Prompting
Recent works have explored using LLMs for information
extraction tasks by formulating extraction as a prompt-
ing or question-answering problem. In event extraction, ap-
proaches such as ChatIE (Wei et al. 2023) engage in struc-
tured dialogues with ChatGPT to iteratively refine event out-
puts, while others, such as CODE4STRUCT (Wang, Li, and
Ji 2023) and Code4UIE (Guo et al. 2024), represent events
and schemas as code or templates to leverage the reasoning
capabilities of LLMs. These methods enable models to per-
form zero-shot or few-shot extraction by providing task de-
scriptions or examples to the model. Additional studies have
incorporated event definitions or constraints into prompts to
guide the model—for example, by using positive and nega-
tive instructions about the event type and trigger (Srivastava,
Pati, and Yao 2025). However, purely prompt-based single-
agent strategies struggle with complex structured tasks (Guo
et al. 2025a). Without explicit decomposition, an LLM may
overlook subtle interactions between an event’s trigger and
its arguments. Moreover, these methods are highly sensitive
to prompt design and the choice of demonstration examples,
which can easily mislead the model in zero-shot settings.

Multi-Agent Collaboration for Information
Extraction
Multi-agent systems have been proposed to improve in-
formation extraction by having specialized agents or mod-
els cooperate or debate to reach better results. (Talebi-
rad and Nadiri 2023) explore frameworks in which multi-
ple LLM agents collaborate (either cooperatively or adver-
sarially) through iterative dialogues, showing that such in-
teractions can refine outputs for complex reasoning tasks.
In event extraction, (Wang and Huang 2024) introduce a
debate-style optimization (DoA) in a few-shot setting, where
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Prompt
# Input Text
Union leaders, citing unfair labor 
practices, announced a city-wide 
strike to demand better wages…

# Problem
Please write Python code that 
instantiates an Event Object 
following the template below, 
using spans from the Input Text.

# Event Object Code Template
EventObject(

event_type = "<EVENT_TYPE>",
trigger = "<TRIGGER_SPAN>",
arguments = {

"<ROLE_1>": [ "<SPAN_1>"],
"<ROLE_2>": [ "<SPAN_2>"],
...

}
)

0.9

0.9

0.9

# Problem

Event Schema 
event = EventObject(

event_type = "Protest",
trigger = "strike",
arguments = {

"initiator": ["Union leaders"],
"location" :  ["city-wide"],
"purpose" :  ["demand better wages"],
"reason":  ["unfair labor practices"]

}
)

event_type = “Protest",
trigger = "strike",
reason = “……",
confidence = “0.9"

Test Cases
### 1. Semantic Case
assert "strike" in Text == 
True
assert Semantically_similar
(strike , Protest) == True 

### 2. Type Case
assert all(isinstance(x,str) for 
x in arguments["initiator"])
== True

### 3. Format Case
assert 
EventObject.model_validate
(event) == True

(False, ε)

(False, ε)

ε=Semantically inconsistent

False

False
ε= ValueError: 
initiator must be List[str]

ε= ValidationError: 
field 'trigger' missing

ε= ValidationError: extra 
field 'bogus' not permitted

…

False

Figure 3: Overview of the proposed AEC framework. The Full Pipeline View (top) illustrates four specialized
agents—Retrieval, Planning, Coding, and Verification—collaborating to generate schema-compliant event objects from un-
structured text. The Retrieval Agent self-generates relevant exemplars to bridge the gap between schema definitions and textual
context. The Planning Agent produces k trigger–type hypotheses, each with a confidence score and explanatory rationale.
The Coding Agent converts the highest-confidence hypothesis into executable Python code that instantiates a predefined event
schema. The Dynamic Traversal and Verification Block (bottom) depicts the iterative refinement loop. The generated code
is evaluated by the Verification Agent through three deterministic test cases: semantic, type, and format checks (right). If a
test fails, the agent patches the code using compiler-like diagnostics. When refinement attempts for the current plan are ex-
hausted, the system backtracks to the next-best hypothesis. This dual-loop architecture ensures that the final output satisfies
both semantic correctness and structural fidelity—without requiring any labeled examples.

two agents discuss and revise event predictions to reduce er-
rors. For relation extraction, (Hou et al. 2024) propose a
dual-agent approach (EPASS) that jointly models entity-pair
extraction and supporting-evidence identification, demon-
strating the benefit of agents focusing on different sub-
tasks. (Lu et al. 2024) present TriageAgent, a heteroge-
neous multi-agent system for clinical IE, in which multiple
LLM-based agents role-play with turn-taking, confidence
scoring, and early stopping criteria to extract medical events
more accurately. Most relevant to our work, (Wang et al.
2025) recently applied a cooperative multi-agent system to
zero-shot named entity recognition (NER). Their framework
(CMAS) uses four agents to handle entity-span detection,
type-specific feature extraction, demonstration discrimina-
tion, and final prediction, yielding improved zero-shot NER
performance by addressing context correlations and filtering
prompt examples.

AEC adopts this collaborative paradigm but adapts it
to the unique challenges of event extraction, where pre-
dictions must account for both triggers and multiple ar-
guments under strict schema constraints. Unlike exist-
ing multi-agent IE frameworks, AEC introduces dedicated
agents for trigger–type hypothesis generation, event coding,

and schema-level verification, thereby integrating step-wise
reasoning with deterministic output validation. To the best
of our knowledge, AEC is the first framework to employ
a multi-agent, code-generation-based strategy for ZSEE, en-
abling both contextual disambiguation and structural fidelity
through its division of labor and iterative refinement process.

Methodology
Task Definition. ZSEE takes as input an unstructured text
span T = w1, . . . , wn and an unseen event schema Se =
⟨e,Re⟩, where e is the event type and Re = (rj , τj)

m
j=1 de-

notes a set of argument roles rj with their expected value
types τj . The objective is to generate a fully specified event
instance:

y = ⟨e, z, A⟩, (1)

where z ∈ T is the predicted trigger span and A =
(rj , aj)

m
j=1 is the set of argument-role pairs with aj ⊆ T

or aj = ∅. No labeled examples for e are available.

Overall Architecture
As illustrated in Figure 3, AEC addresses ZSEE through
a structured four-agent pipeline, designed with two nested
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feedback loops that enable iterative reasoning and verifica-
tion.
Retrieval Agent. The retrieval agent Aret is responsible for
self-generating a set of k high-quality exemplar sentences
tailored to the given event schema Se:

Aret(Se) → Dex = { s1, . . . , sk }, (2)
Drawing inspiration from the analogical prompting
paradigm proposed by Yasunaga et al. (2024), these ex-
emplars serve as schema–textual “analogies” that align
abstract constraints with concrete linguistic realizations. By
embedding step-by-step guidance into the demonstration
space, they help disambiguate polysemous triggers and
ground the model’s reasoning in context, thereby reducing
early commitment errors and improving planning agent
performance.
Planning Agent. The planning agent Aplan examines the
input text T in the context of the retrieved exemplars Dex
and, by leveraging both lexical and semantic cues, produces
a ranked list of trigger–type hypotheses accompanied by
natural-language rationales:

Aplan(T, Se, Dex)→P =
{ (

(zi, e), βi, ρi
)}k

i=1
, (3)

where each zi denotes a potential trigger in T , βi ∈ [0, 1]
represents the model-assigned confidence that zi evokes
event type e, and ρi provides a concise natural-language ex-
planation for why the pair (zi, e) is plausible. These ratio-
nales ρi are retained for subsequent error analysis and abla-
tion studies, enabling a better understanding of the agent’s
decision-making process.
Coding Agent. Following (Srivastava, Pati, and
Yao 2025), we compile every new schema Se =〈
e, {(r1, τ1), . . . , (rm, τm)}

〉
into a Python BaseModel

whose constructor enforces role types τj . Schema compli-
ance therefore reduces to constructing a valid class instance,
which can be deterministically verified at run time. Acode
converts the highest-scoring hypothesis ((z⋆, e), β⋆, ρ⋆)
into executable Python that instantiates a Python template,
as shown in Figure 4.

Figure 4: Fixed output template used by all agents.

Verification Agent. The verification agent Averify evaluates
the generated code object Cobj by executing a comprehensive
three-stage test suite that checks semantic correctness, type
validity, and structural integrity. Based on the outcome of
these checks, the agent produces a binary verdict and, in case
of failure, a diagnostic message ε indicating the first failed
test:
Averify(Cobj) → (V, ε), V ∈ {True,False}. (4)

This design ensures that only code satisfying all verification
criteria is accepted, while informative feedback is provided
to guide subsequent error correction.

Three-Stage Verification
The verification agent Averify executes a test suite consisting
of three checks:

• Semantic Check T1: Ensures that the predicted trigger
z⋆ appears in the input text T and is semantically com-
patible with the event type e, based on lexical matching
and contextual similarity.

• Type Check T2: Verifies that each argument value con-
forms to the datatype specified in the schema Se, while
multiplicity constraints are enforced via Pydantic valida-
tion.

• Structural Check T3: Confirms that the generated
code compiles successfully, contains exactly the fields
{event type, trigger, arguments}, and pro-
duces a serializable event object.

The agent returns V = True only if all three checks T1∧
T2∧ T3 succeed; otherwise, ϵ indicates the first failed test.

Dual-Loop Refinement Algorithm
Let k be the number of hypotheses and t the maximum patch
attempts per hypothesis, the selection and verification proce-
dure is shown in algorithm 1.

Algorithm 1: Dual-Loop Refinement Algorithm

Require: Candidate pool P
Ensure: Valid code object Cobj

1: Pick ((z⋆, e), β⋆, ρ⋆) = argmax
P

β ▷ Selection

2: while P ̸= ∅ do
3: for j = 1 to t do ▷ Inner Loop
4: Generate code Cobj with Acode
5: Get (V, ϵ) = Averify(Cobj)
6: if V is true then
7: return Cobj
8: else
9: Patch code using ε

10: end if
11: end for
12: Remove current hypothesis from P
13: Pick ((z⋆, e), β⋆, ρ⋆) = argmax

P
β

14: end while

The algorithm explores O(kt) candidate paths yet guar-
antees that the final output is both semantically correct and
schema-consistent, thereby realising reliable ZSEE without
labelled examples.

Experiments
Experimental Setup
Datasets. We evaluate AEC on five widely used event ex-
traction benchmarks covering diverse domains: FewEvent
(General) (Deng et al. 2020), ACE 2005 (News) (Dodding-
ton et al. 2004), GENIA (Biomedical), SPEED (Epidemi-
ological), and CASIE (Cybersecurity). For datasets with-
out argument annotations (FewEvent and SPEED), we re-
port only Trigger Identification (TI) and Event Identification
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LLM Strategy
FewEvent(100) ACE(33) GENIA(9) SPEED(7) CASIE(5)
TI EI TI EI AI AC TI EI AI AC TI EI TI EI AI AC

Llama3-8B

DirectEE 21.5 17.5 26.4 25.7 - - 27.8 27.4 - - 34.3 41.5 11.8 47.6 - -
GuidelineEE 15.8 16.4 32.4 30.5 25.4 23.7 27.1 26.7 22.4 21.8 35.0 36.9 12.5 43.1 31.7 27.8

DecomposeEE 20.7 20.5 30.1 35.2 26.1 24.9 28.9 28.5 22.8 21.7 31.2 38.4 10.5 50.7 27.0 25.1
CEDAR 25.2 18.7 36.1 30.9 - - 29.8 29.4 - - 34.9 37.3 15.8 48.3 - -
ChatIE - 24.8 - 44.2 32.4 30.8 - 23.8 21.7 20.3 - 42.9 - 33.3 22.2 20.8
AEC 27.0 27.6 40.5 48.8 33.7 31.8 32.0 31.5 25.3 21.5 36.3 41.8 16.5 55.7 30.7 28.5

Llama3-70B

DirectEE 32.1 30.3 50.7 46.9 - - 37.3 45.3 - - 44.7 48.9 13.5 62.4 - -
GuidelineEE 29.8 32.1 46.2 51.4 30.7 27.5 31.5 34.8 27.5 27.0 41.5 44.1 12.3 48.3 36.2 31.6

DecomposeEE 35.3 33.5 45.8 49.3 30.4 27.9 39.2 44.8 28.3 26.9 40.0 42.8 17.5 60.7 33.5 31.9
CEDAR 34.5 33.9 51.5 48.7 - - 36.8 47.7 - - 45.3 49.8 16.7 54.3 - -
ChatIE - 40.7 - 47.5 36.6 34.5 - 34.2 27.9 26.1 - 50.5 - 50.8 28.7 25.5
AEC 42.1 40.5 57.0 54.6 38.4 34.7 39.4 48.1 31.2 30.1 43.8 52.3 18.7 65.9 36.4 33.9

Table 1: Main results comparing the ZSEE performance of our proposed AEC with all other baselines for the Llama3-8B-
Instruct and Llama3-70B-Instruct LLMs. bold = best performance. (·) = number of distinct event types.

(EI). For ACE 2005, GENIA, and CASIE, we additionally
evaluate Argument Identification (AI) and Argument Clas-
sification (AC).

To mitigate potential distributional biases, we follow the
TEXTEE evaluation protocol (Huang et al. 2024; Parekh
et al. 2025) and uniformly sample 250 test instances from
each dataset to form evaluation splits. For CASIE, due to its
smaller size, we sample 50 test instances. Our experiments
are conducted under a purely zero-shot setting, i.e., no train-
ing data are used.

Baselines. We benchmark AEC against five strong zero-
shot event extraction baselines:
• DirectEE (Gao et al. 2023) prompts LLMs directly to ex-

tract structured events in a single inference step without
intermediate reasoning or decomposition.

• CEDAR (Li et al. 2023) adopts a multi-stage detection
framework explicitly designed for large-ontology event
detection, involving hierarchical reasoning over event
types and triggers.

• DecomposeEnrichEE (Shiri et al. 2024) decomposes
event extraction into event detection and argument ex-
traction stages, utilizing dynamic, schema-aware re-
trieval augmentation to reduce hallucinations.

• GuidelineEE (Srivastava, Pati, and Yao 2025) leverages
annotation guidelines, converting event extraction into a
structured Python code-generation task guided by textual
schema descriptions.

• ChatIE (Wei et al. 2023) transforms zero-shot IE into
a conversational, multi-turn question-answering process,
iteratively querying the LLM to progressively refine ex-
traction outputs.

For fair comparison, all baselines were adapted to output
structured, schema-conformant event objects. Moreover, we
incorporate a unified Verification component into each base-
line (if not already present) to ensure robustness and consis-
tency in benchmarking performance.

Base LLMs. We evaluate AEC using a diverse set of
instruction-tuned LLMs from three prominent model fami-
lies: Llama3-8B-Instruct and Llama3-70B-Instruct from the
Llama3 family (Dubey et al. 2024); Qwen2.5-14B-Instruct
and Qwen2.5-72B-Instruct from the Qwen2.5 family (Hui
et al. 2024); and GPT-3.5-turbo and GPT-4o from Ope-
nAI (Achiam et al. 2023).

Evaluation Metrics. Following prior work (Srivastava,
Pati, and Yao 2025; Parekh et al. 2025), we adopt four stan-
dard event extraction metrics: (1) Trigger Identification
(TI), which measures the exact match of predicted trigger
spans; (2) Event Identification (EI), which further requires
correct classification of event types; (3) Argument Identi-
fication (AI), which evaluates the accurate extraction of ar-
gument spans linked to the predicted triggers; and (4) Argu-
ment Classification (AC), the most comprehensive metric,
which additionally requires correct role-type assignment for
each argument. We report micro-averaged F1 scores for all
metrics on the constructed test splits.

Implementation Details. We use TextEE (Huang et al.
2024) for our benchmarking, datasets. Specifically, AEC
is implemented on top of LLM backbones without per-
forming any additional fine-tuning. We primarily use the
instruction-tuned LLaMA3-8B and LLaMA3-70B models
as the backbone LLMs. These models power the differ-
ent agents in the AEC framework and operate entirely in a
zero-shot prompting setting. Each agent is prompted with
natural language instructions, and interagent communica-
tion is achieved through structured outputs rather than pa-
rameter updates (no task-specific training of the LLMs is
performed). For robust evaluation, we report results aver-
aged over three independent runs and set both the number
of exemplars and inner-loop iterations to k = t = 3. All
open-source models are executed locally on NVIDIA RTX
A800 machines equipped with 4 GPUs.
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LLM Prompt FewEvent(100) ACE(33) GENIA(9) SPEED(7) CASIE(5)
Style TI EI TI EI AI AC TI EI AI AC TI EI TI EI AI AC

Qwen2.5-14B
GuidelineEE 23.5 20.2 35.1 33.5 22.4 21.0 27.0 25.8 20.1 19.2 32.5 36.4 15.2 47.5 27.3 26.8
DecomposeEE 25.7 23.9 37.6 38.8 25.1 23.2 29.3 28.5 23.2 22.0 34.7 38.9 16.4 49.8 28.8 27.9
AEC 30.4 28.1 42.5 45.3 28.5 22.7 32.1 30.7 25.6 24.8 38.6 42.4 17.8 53.2 31.4 29.5

Qwen2.5-72B
GuidelineEE 34.8 32.2 47.6 50.2 30.8 29.4 35.5 34.6 28.0 27.2 40.6 45.7 17.6 54.3 33.7 32.4
DecomposeEE 37.1 35.8 49.9 53.7 31.6 32.7 38.4 36.9 29.7 28.6 43.1 47.9 18.2 57.5 34.8 33.7
AEC 39.8 38.4 54.3 58.0 36.4 34.9 40.7 39.4 31.9 30.1 47.6 52.5 20.5 60.8 37.5 35.4

GPT3.5-turbo
GuidelineEE 23.2 20.9 35.1 37.9 20.6 17.4 26.7 25.5 19.1 18.3 31.3 36.5 18.3 56.7 31.5 30.8
DecomposeEE 30.5 28.3 42.6 45.8 23.6 22.9 29.0 27.4 20.8 19.4 33.7 39.2 16.5 55.4 30.9 27.6
AEC 32.9 30.2 46.2 50.1 26.7 25.2 31.5 29.8 22.6 18.8 37.9 43.1 17.9 58.6 28.8 26.7

GPT4o
GuidelineEE 40.7 38.5 53.4 55.9 32.2 33.9 38.9 37.8 30.2 29.5 44.2 50.1 19.7 59.7 36.8 35.3
DecomposeEE 42.9 40.9 55.7 58.4 34.4 35.3 41.2 39.9 32.5 31.0 47.3 52.6 21.0 62.1 37.9 36.5
AEC 44.6 42.8 58.3 61.8 38.2 36.8 43.7 41.9 34.2 32.5 50.8 56.7 22.5 65.1 39.7 37.8

Table 2: Generalization results for ZSEE performance comparing AEC with two major baselines for four other LLMs. bold =
best performance. (·) = number of distinct event types.

Llama3-70B

Ablation Setting FewEvent ACE
TI EI TI EI AI AC

AEC (full model) 42.1 40.5 57.0 54.6 38.4 34.7
w/o Retrieval Agent 36.5 34.2 49.8 47.2 33.1 30.8
w/o Planning Rationales 38.2 36.0 52.6 50.7 35.6 32.8
w/o Verification Loop 35.0 32.5 47.1 44.7 30.7 28.5
w/o Structural Check 39.8 37.6 54.9 52.5 37.2 33.6

GPT4o

Ablation Setting FewEvent ACE
TI EI TI EI AI AC

AEC (full model) 44.6 42.8 58.3 61.8 38.2 36.8
w/o Retrieval Agent 39.0 36.5 51.6 54.2 32.6 32.0
w/o Planning Rationales 41.3 39.1 54.3 57.6 35.0 33.9
w/o Verification Loop 37.2 34.8 49.0 51.3 31.1 29.5
w/o Structural Check 42.5 40.6 56.7 59.9 36.4 35.2

Table 3: Ablation studies on two different LLMs, evaluated
on FewEvent and ACE datasets.

Results and Analysis
Main Results Table 1 summarises the primary results
comparing AEC with all baseline methods using two vari-
ants of Llama3. Across all benchmarks, AEC consis-
tently achieves the best overall performance, substantially
outperforming competitive baselines. On ACE 2005 with
Llama3-8B, AEC yields gains of +7.8% and +6.0% in TI and
EI, respectively, over ChatIE, while also achieving superior
results on argument extraction metrics. With Llama3-70B as
the backbone, these improvements become even more pro-

nounced, demonstrating AEC’s strong generalisation ability.
Although simpler baselines such as DirectEE and Guide-

lineEE perform reasonably well on smaller or less com-
plex datasets, more structured methods show advantages on
datasets with richer schemas. Nevertheless, AEC consis-
tently achieves the best results, particularly on datasets with
complex event schemas and diverse event types. These find-
ings confirm that AEC’s collaborative multi-agent design,
coupled with rigorous schema-driven verification, substan-
tially enhances zero-shot event extraction performance.

Generalization across LLMs Table 2 demonstrates the
generalization capability of AEC across four additional
LLMs. AEC consistently achieves top performance over all
baselines, with notable average improvements of approx-
imately +3–5% TI, +4–6% EI, and +2–4% in argument
metrics compared to the strongest baseline, DecomposeEE.
We also observe clear parameter scaling effects: GPT4o
achieves the highest overall performance, followed closely
by Qwen2.5-72B, underscoring the enhanced reasoning ca-
pabilities afforded by larger model sizes under the AEC
framework.

Ablation Study Table 3 presents the ablation results on
LLaMA3-70B and GPT-4o across the FewEvent and ACE
datasets. Removing the Retrieval Agent leads to substan-
tial declines in trigger identification performance, high-
lighting the importance of exemplar generation for contex-
tual disambiguation. Excluding Planning Rationales also
results in performance degradation, confirming that inter-
mediate reasoning plays a crucial role in guiding accu-
rate type and argument decisions. Disabling the Verifica-
tion Loop or the Structural Check consistently reduces
all evaluation metrics—particularly for argument classifica-
tion—demonstrating that code-level validation is critical for
enforcing schema fidelity. Overall, these results underscore
the necessity of both multi-agent reasoning and schema-as-
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Sentence Best Baseline Planning Agent Coding Agent Verification Agent
Prediction Prediction Prediction Prediction

The company acquired a
startup specializing in AI
technology.

[(“Transaction”,
“startup”),
(“Acquisition”, “tech-
nology”)]

[(“Acquisition”, “ac-
quired”)]

[(“Acquisition”, “ac-
quired”), (“Transac-
tion”, “startup”)]

[(“Acquisition”, “ac-
quired”)]

A massive earthquake
struck the city on Monday
morning.

[(“Disaster”,
”struck”)]

[(“Earthquake”, “earth-
quake”)]

[(“Earthquake”, “earth-
quake”), (“Location”,
“city”)]

[(“Earthquake”, “earth-
quake”), (“Location”,
“city”)]

The president announced
new sanctions against the
country after the attack.

[(“Attack”, “an-
nounced”)]

[(“Announcement”,
“announced”)]

[(“Announcement”,
“announced”), (“Sanc-
tion”, “sanctions”)]

[(“Announcement”,
“announced”), (“Sanc-
tion”, “sanctions”)]

Table 4: Qualitative examples comparing AEC components with the best baseline. Gold triggers and incorrect predictions are
in bold.

k t
FewEvent ACE
TI EI TI EI AI AC

1 1 40.5 39.2 52.4 52.4 31.7 29.1
1 3 42.7 41.4 54.6 56.8 36.8 33.7
3 1 44.1 42.0 56.2 58.7 36.3 33.4
3 3 44.6 42.8 58.3 61.8 38.2 36.8
5 3 45.2 42.3 58.4 61.5 38.9 35.8
5 5 45.1 42.7 58.3 62.3 39.1 36.2

Table 5: Impact of the number of hypotheses k and patch
attempts t on GPT4o. Performance improves with larger k
and t but saturates beyond k = 3 and t = 3.

code verification for achieving robust zero-shot structured
event extraction.

Qualitative Study Table 4 presents qualitative examples
comparing AEC components with the best baseline. We ob-
serve three key trends. (i) The Planning Agent produces
plausible trigger-type hypotheses but may omit essential ar-
guments. (ii) The Coding Agent incorporates more struc-
tured arguments guided by the event schema, reducing role
confusion. (iii) The Verification Agent further corrects type
errors and removes inconsistent arguments via schema-level
checks. In contrast, the baseline often misclassifies trig-
gers or fails to capture critical arguments. These cases illus-
trate that AEC’s multi-agent reasoning and schema-as-code
verification jointly improve contextual disambiguation and
structural fidelity in zero-shot event extraction.

Impact of k and t We study how the number of hypothe-
ses k and the maximum patch attempts t affect AEC’s per-
formance. Table 5 shows results on FewEvent and ACE us-
ing GPT-4o as the backbone. Increasing k provides a larger
hypothesis pool, while increasing t allows more opportuni-
ties for iterative error correction. Both factors lead to per-
formance improvements up to a certain point, beyond which
gains saturate or slightly decline due to the introduction of
noisy low-confidence hypotheses and redundant refinement
steps.

1 2 3 4 5
# Test Cases

30

35

40

45

50

55

Sc
or

e

FewEvent TI
FewEvent AC
ACE TI
ACE AC

Figure 5: Impact of the number of test cases in verification.

Impact of Number of Test Cases We further examine
how the number of test cases in the verification stage influ-
ences AEC. Figure 5 reports results on GPT-4o. Using more
test cases improves both trigger identification and argument
classification, as additional checks reduce structural and se-
mantic errors. However, improvements plateau beyond three
cases, indicating that further tests add little benefit while in-
creasing computational overhead.

Conclusion

In this work, we introduced Agent-Event-Coder (AEC), a
multi-agent framework that reframes ZSEE as a structured,
iterative code-generation task. By decomposing extraction
into Retrieval, Planning, Coding, and Verification agents and
representing event schemas as executable classes, AEC en-
ables systematic disambiguation, schema enforcement, and
error correction. Experiments on five benchmarks and six
LLM backbones show that AEC consistently outperforms
strong zero-shot baselines, especially on complex schemas.
Our results demonstrate that combining multi-agent rea-
soning with schema-as-code verification provides a robust
paradigm for zero-shot structured prediction with LLMs.
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