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Abstract

Event Causality Identification (ECI) is a crucial
task in knowledge discovery that extracts structured
causal relationships between annotated event men-
tions from unstructured text. However, existing ap-
proaches typically rely on extensive labeled data,
which is scarce for specialized domains and topics.
Although Large Language Models (LLMs) show
strong promise for few-shot and zero-shot informa-
tion extraction, they are prone to “causal halluci-
nation,” generating unreliable and spurious causal
links. To address these limitations, we propose
LLM-SD (Large Language Model Self-Debate), a
novel framework that formulates ECI as a struc-
tured debate among multiple identical instances of
a single LLM. Causality is determined through the
integration of adversarial evidence. The frame-
work employs LLMs in distinct roles: an affirma-
tive team argues for the existence of causality, a
negative team argues against it, and an adjudica-
tion committee evaluates the evidence for determi-
nation. An evidence strength grading rule guides
the quantification and integration of adversarial ev-
idence. The automatic and LLM-driven verification
finally produce a reasoned verdict for event causal-
ity. LLM-SD reduces spurious causal links result-
ing from causal hallucination in LLMs and iden-
tifies more long-distance causalities by promoting
a balanced evaluation of arguments. Extensive ex-
periments on three benchmark datasets demonstrate
that LLM-SD achieves state-of-the-art performance
in a zero-shot setting.

1 Introduction

Event Causality Identification (ECI) is a critical task in Nat-
ural Language Processing (NLP) that systematically identi-
fies and validates causal relationships among events in un-
structured text, facilitating automated extraction of structured
knowledge [Cheng et al., 2025]. Revealing causalities be-
tween events in text is of significant importance for advanc-
ing automated knowledge extraction and decision-making
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processes in complex domains, such as military intelligence
[Cockburn, 2010], scientific research [Gopalakrishnan et al.,
2025], and social development [Radinsky et al., 2012]. In
the ECI task, events are represented by their triggers, referred
to as “event mentions.” Event causality in text is classified
into two types according to the distribution of event men-
tions: intra-sentence causality (or sentence-level causality), in
which all related event mentions appear within a single sen-
tence, and inter-sentence causality (or document-level causal-
ity), in which event mentions may span multiple sentences.

Early ECI relied on lexical, temporal, and co-occurrence
features [Chan et al, 1999; Mirza, 2014; Do et al.,
2011]. With deep learning and Pre-trained Language Mod-
els (PLMs) [Devlin et al., 2019], performance improved
through richer semantic representations [Zhao et al., 2024;
Li et al., 2024; Hu et al., 2023; Kadowaki et al., 2019;
Liu et al., 2021]. However, these supervised methods require
large-scale annotated datasets, which are often inaccessible
for domain-specific texts. Large Language Models (LLMs)
exhibit strong few-shot and zero-shot capabilities [Kiciman
et al., 2024], yet they face significant challenges in ECI tasks,
primarily: (1) Causal hallucination, where LLMs systemat-
ically overestimate causal links due to architectural and pre-
training biases [Gao er al., 2023]; and (2) Underestimation
of long-distance causalities, as cross-sentence event pairs
are often overlooked due to lexical distance and sequence
modeling constraints. Figure 1 intuitively illustrates the two
challenges mentioned above.

We argue that zero-shot ECI should return to the essence
of causality, making judgments based on definitions. Al-
though predictions from an individual LLM may be unre-
liable, their reasoning exhibits consistent internal patterns
[Wang er al., 2023], suggesting that systematic consensus
from multiple perspectives can lead to more reliable causal in-
ference [Cai et al., 2025]. Inspired by this, we propose LLM
Self-Debate (LLM-SD). Unlike recent multi-agent methods
that deploy different LLMs for the same task, our approach
employs multiple identical LLM agents. Each agent is as-
signed a unique, non-overlapping role to evaluate a specific
dimension of causality, with the final decision emerging from
the adversarial integration of their heterogeneous evidence,
not from model diversity. Specifically, the framework for-
malizes ECI as a structured debate process, consisting of af-
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Figure 1: The primary challenges of directly applying LLMs to the
ECI task.

firmative and negative teams that collect multi-dimensional
evidence, and an adjudication committee that evaluates the
evidence to deliver a final verdict. This role-decomposed
design is key to reducing causal hallucination while improv-
ing the recall of long-distance causal relations. It effectively
mitigates spurious causal links and false negatives caused by
single-evidence errors, as illustrated in Figure 2.

Our contributions are threefold:

e We systematically summarize prerequisite conditions for
causal relations and their supporting/rebuttal evidence based
on causality definitions, providing a comprehensive argumen-
tative foundation for multi-evidence causal reasoning.

e We innovatively reformulate ECI as an LLM debate,
where identical LLMs act as debaters and adjudicators to
present, evaluate, and adjudicate causal evidence.

e Extensive experiments on three benchmarks show that
LLM-SD achieves state-of-the-art zero-shot performance,
with notable robustness in long-text and long-distance ECI
tasks.

2 Related Works

2.1 Event Causality Identification

Early research on ECI primarily focused on sentence-level
ECI (SECI) [Liu et ‘al., 2023; Liu et al., 2021; Zuo et
al., 2020]. However, document-level ECI (DECI) has re-
cently gained significant attention and is an emerging re-
search area. Current DECI strategies include: (1) Prompt-
based fine-tuning models [Xiang ef al., 2023; Yuan et al.,
2023], which adapt pre-trained models through innovative
prompt engineering. (2) Event graph reasoning methods
[Liu et al., 2024; Chen et al., 2022], which model causality as
graph inference problems using structured event representa-
tions. (3) Contextual encoding techniques [Man er al., 2024;
Huang et al., 20241, which leverage deep learning architec-
tures to capture semantic and contextual features. In the past
two years, LLM-based zero-shot ECI models have been ex-
plored but are limited by causal hallucination. Models such
as KnowQA [Wang et al., 2024] and Dr.ECI [Cai et al., 2025]

proposed targeted solutions: the former utilizes event argu-
ment structures to enhance reasoning, while the latter ad-
dresses diverse causal structures by incorporating prior causal
knowledge.

However, existing LLM-based ECI models oversimplify
causality analysis by neglecting essential causal definitions
and supporting/contradictory evidence, leading to persis-
tent hallucination. Our LLM-SD mitigates this by simulat-
ing evidence-based human reasoning through LLMs’ self-
consistent causal understanding.

2.2 Multiple LLM Agents Debate

Multiple LLM agents debating has emerged as a promising
approach to enhance reasoning and factual accuracy by let-
ting models challenge and refine each other’s outputs. [Es-
tornell and Liu, 2025] provide a formal framework for de-
bate dynamics and propose interventions to overcome major-
ity convergence. [Ku er al., 2025] demonstrate that structured
two-agent debates can effectively recover implicit premises,
outperforming single-agent models. MRBalance[Zou er al.,
2025] employs multiple LLM agents in a joint question-
answering framework for ECI. However, it mainly aggre-
gates agents that repeatedly reason about causality at a coarse
granularity. More broadly, most of current multi-agent LLM
paradigms.rely on heterogeneous agents (different models or
differently tuned agents) to solve the same task instance, ex-
pecting diversity to improve accuracy.

By contrast, LLM-SD uses identical LLM instances and
achieves diversity through role decomposition: each agent is
constrained to produce a specific type of evidence. Therefore,
LLM-SD is not “multiple models doing the same reasoning,”
but rather “one model performing multiple complementary
causal tests,” enabling adversarial evidence integration that is
directly grounded in the causality definition.

3 Preliminaries

3.1 Problem Formulation

Given an input document D comprising multiple sentences
{51, 852,...,Sn}, containing a set of annotated event men-
tions {e;, e;,...,ea}, ECI seeks to identify all causal event
pairs {p1,p2, ...}, where each pair p; = (e;, e;) denotes a
causal relationship C(p;) € {0,1}, where i,j € 1,2,..., M.

3.2 Event Causality Definition

Grounding in both logical/commonsense causality definitions
[Cheng er al., 2025] and established annotation protocols
from prior work [Caselli and Vossen, 2017; Wang et al., 2022;
Lai et al., 2022], we define event causality as follows:

Definition 1. For a given context D, causality e; — e; be-
tween two events e;,e; € D exists if and only if they satisfy
at least one of the following three conditions:

o Enablement/Prevention: e; occurs before e; and has ef-
fect on (enables or prevents) the occurrence of e;;

o Counterfactual Dependence: e; would not occur if e;
did not occur (counterfactual necessity);

o Deterministic Implication: The occurrence of e; neces-
sarily entails the occurrence of e; (logical sufficiency).
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Figure 2: Case studies comparing ECI approaches: (a) simple LLM-based methods (vanilla LLM, LLM + CoT, LLM + ICL) versus (b)
LLM-Self-Debate framework, implemented using DeepSeek-Chat as backbone model. Our LLM-SD reduces the spurious causalities led
by causal hallucination and mitigates false negatives (with long lexical distance) caused by errors in single-evidence analysis via adversarial

evidence integration.

4 Methodology

LLM-SD consists of three modules: Affirmative Team (AT),
Negative Team (NT), and Adjudication Committee (AC), each
comprising identical LLM agents to collect different evidence
or issue a verdict across two distinct reasoning phases (see
Figure 3 ).

4.1 Reasoning Phrases

The first phase is the Evidence Presentation Phase, AT
and NT deploy LLM agents to collect supporting or rebut-
tal evidence for the existence of causality. In this phase, the
LLM agents function as “debaters,” articulating their posi-
tions by leveraging allocated reasoning evidence to support
their claims. This step parallels the Constructive Speech stage
in formal debates, where teams systematically present their
core arguments.

The second phase is the Adjudication Phase, which in-
volves evaluating the strength (reliability) of both support-
ing and rebuttal evidence in the first phase through two adju-
dication mechanisms: 1) An automatic adjudication method
that applies pre-determined rules to cases where the evidence
strength demonstrates a clear disparity; and 2) A panel ad-
judication method where the collected evidence is submit-
ted to AC for contradiction analysis and final verdict. This
phase resembles the Open Argumentation stage in formal de-
bates, where the debaters present and rebut claims, the ad-
judication mechanisms systematically weigh opposing evi-
dence. The automatic adjudication handles clear-cut cases
efficiently, while the panel adjudication resembles moderated
deliberation.

4.2 Debate Teams

Aligned with standard debate formats, LLM-SD comprises
two opposing teams: AT (arguing for causality) and the NT
(rejecting it). For an ordered query event pair (e;, e;), these
two teams target for collecting and presenting evidence that
supports/rebuts the causality e; — ¢; (see Figure 4).

Supporting Evidence of Affirmative Team

Building upon formal definitions of causality, our analy-
sis employs six categories of supporting evidence collected
through LLM agents: (1) direct causal question answering re-
sult &5, , (2) temporal ordering validation result £}, ., (3)
necessity testing result via counterfactuals E; ., (4) suffi-
ciency analysis result £, ; (if e; occurs, e; must occur), and
(5) explicit lexical ev1dence EZ,, identifying causal markers
that linguistically connect the events in context. (6) mediating
factor evidence result I} _,: whether there exists a mediator
e that satisfies e; — e, and e,, — ¢;. The supporting
evidence can be formalized as:

zntra {Edzr7 tem>E;ec7 suf7 E;zp} (1)
znter = {Edzr’ tem’ Efzec’ zuf’ Efned}' (2)

Explicit lexical evidence E?_  is used only for intra-sentence
event pairs due to the difficulty of accurately identifying
causal markers across sentences. Mediating factor evidence
E?. 4 is applied only to inter-sentence event pairs, as medi-
ators are less common within single sentences and prone to
confusion in intra-sentence contexts.

Rebuttal Evidence of Negative Team

The opposing debater agents gather the following three cat-
egories of rebuttal evidence: (1) reverse temporal evidence
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Figure 3: Framework of LLM-Self-Debate. All debate and adjudication agents in the framework are identical LLMs.

E7.,.,, which demonstrates that the cause event does not pre-
cede the effect event; (2) non-dependency evidence Egep, in-
dicating that the change of e; has no effect on ¢;; (3) con-
tradictory relation evidence E7_,,, where the relationship 74
between the two events contradicts causality, such as corefer-
ential events or inclusive (sub-event) relations. The rebuttal
evidence can be formalized as:

gr = {E:enfw Egep’ EZOTL}' (3)
We only selects reverse temporal evidence for rebuttal and
does not select the evidence that contradicts necessity and
sufficiency, because according to Definition 1, sufficiency and
necessity are not prerequisites for the existence of causality.
The purpose of non-dependency evidence is to prevent LLMs

from engaging in excessive reasoning.

Evidence Strength Grading
As the affirmative and negative teams may present perspec-
tively divergent evidence, we evaluate the strength of both
supporting and rebuttal evidence via a predefined rule-based
approach. Strength grading rules are designed according to
the importance and decisiveness of different evidence types
(denoted f, for support and f, for rebuttal). Temporal
precedence (E},,,) is treated as a near-necessary constraint
and combined with complementary tests—direct causal judg-
ment (E; ) and counterfactual necessity (E; .)—to avoid
over-reliance on any single cue. Strong support is assigned
only under multi-test agreement accompanied by a decisive
connector. On the rebuttal side, higher strength grades require
multiple independent refutation cues, enhancing robustness
against noisy single-evidence rebuttals.

Table 1 presents the grading rules'. These rules are consis-

"Where 1 denotes ‘TRUE’ and 0 denotes ‘FALSE’ for the evi-
dence.

tent with the fundamental causality logic in Definition 1, and
the multi-evidence grading reduces misidentification risks
caused by individual misinterpretations and overestimation
biases.

Evidence Adjudication

Based on the supporting and rebuttal evidence strengths,
Gs = fs(€°) and G, = f-(E"), we employ two adjudication
methods: automatic adjudication and LLM-based (AC) adju-
dication. The automatic method follows the rules in Table 2.
If it cannot reach a conclusion, the evidence is submitted to
AC, which then reasons comprehensively to deliver a final ver-
dict. The causality verdict C(e;, e;) thus integrates rule-based
(®) and LLM-based (¥) adjudication via Equation 4.

1, if ®(Gs, Gr) = “Exists”,
Cles,e;) =10, if ®(G,G,) = “Not Exist”,  (4)
w(EET), if ®(Gs,Gr) = “Uncertain”.

Here ®(-) denotes leveraging prompt template to guider
LLM for causal determination according to support evidence
and rebuttal evidence.

S Experiments

To evaluate the effectiveness and advancement of LLM-SD
and verify the rationality of the framework design, we con-
ducted extensive comparative experiments on three bench-
mark datasets. In our experiments, we primarily investigate
the following five research questions (RQs):

e RQ1: Can LLM-SD effectively mitigate the excessive
false positives caused by causal hallucination?

e RQ2: Are all “debaters” (i.e., LLM agents for evidence
collection) in the affirmative and opposing teams necessary?
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Strength Level Supporting Evidence Satisfied Rebuttal Evidence
Satisfied
Strong Efem + Ecslir + EfLec > 2 AND Egem + Egon + Egep 22
(E:zp/Efned =10R ESuf = ]‘)
Medium Efem + Euslir + EfLec 2 2 EZem + Egon + Egep =1
Weak Efem + Eézr + E:Lec < 1 Etrem + Egon + Egep =0
Table 1: Supporting and rebuttal evidence strength grading rules.
Supporting Supporting Rebuttal Conclusion
[ According to the given text, does E1 occur before E2? [ Etsem Strong ‘Weak Exists
Strong Medium Uncertain
5 Strong Strong Not Exist
Based on given text, Can E1 cause E2? [Ed” Medium Strong/Medium Not Exist
Medium Weak Uncertain

the pre-condition of E2) in the given context?

concluded that E2 must occur?

s there any explicit causal word (e.g., "cause," "lead

[ Is E1 necessary for the occurrence of E2 (i.e., E1 is
|
to," "result in") that links E1 to E2 in the context?

(1) [Mediator Candidates Extraction].

According to the context, If E1 occurs, can it be ]
(2) [Mediator for Chain Causality Detection). ]

Rebuttal

[According to the given text, does E2 occur before E1? ET

@’ Does the given text indicate that E1 and E2 represent: E"
(1) the same action/event, or (2) an inclusive relationship? con

Is the statement 'Assuming event E1 changes, it has E"
no effect on event E2.' correct? dep

Figure 4: Simplified prompt templates for LLM agents to query sup-
porting/rebuttal evidence. The mediator evidence queries employ a
two-stage prompt design.

e RQ3: Are the two adjudication mechanisms necessary
for the model?

e RQ4: Are the evidence strength grading rules effective
and necessary for the model?

e RQS5: How robust is LLM-SD with respect to event dis-
tance and text length?

5.1 Experimental Setup

Datasets

We selected three datasets for comparative validation.

o Causal-TimeBank (CTB) [Mirza et al., 2014] focuses on
explicit causality. It is commonly used for evaluating intra-
sentence ECI performance. We conduct 10 independent trials
on CTB, each time randomly selecting 10% of the dataset as
the test set, and report the average results.

¢ EventStoryLine Corpus (ESL) [Caselli and Vossen, 2017]
is designed for cross-document reasoning and narrative gen-
eration. We perform 5 independent trials, each excluding 2

Table 2: Automatic adjudication rules.

topics and taking 20% of the remaining data as the test set,
then report the average results.

e MAVEN-ERE [Wang et al., 2022] is a large-scale event re-
lation extraction dataset covers coreference, temporal, causal,
and subevent relations. Following the original split, we di-
rectly use its development set as the test set for evaluation.

Baselines

Given that we focus on model performance in zero-shot sce-
narios, we employed different reasoning methods based on
LLMs as unsupervised baselines. Specifically, we selected
five prompt-based reasoning paradigms for comparison:

e Simple Prompt (SP) [Brown er al., 2020]: We use a
simple prompt to guide the LLM to directly judge and answer
whether a causal relationship exists based on the context and
event pair.

e In-Context Learning (ICL) [Min et al., 2022]: In addi-
tion to the simple prompt, we provide positive and negative
examples for the LLM to perform in-context learning. Fol-
lowing the findings in [Gao et al., 2023], we selected 2 posi-
tive and 4 negative examples as demonstrations.

o Zero-Shot CoT (ZSCoT) [Wei et al., 2022]: Based on
the simple prompt, we add the instruction “think step-by-step”
to require the LLM to reason step-by-step.

o Self-Ask [Press et al., 2023]: Following the causal judg-
ment logic, we crafted a prompt template to guide the LLM
to reason sequentially from perspectives of temporality, suffi-
ciency, and necessity.

o Definition Prompt: We formulated the definition of
event causality proposed in this paper into a prompt, requir-
ing the LLM to judge based on this definition and select the
corresponding causal relation type.

In addition, we compared LLM-SD with two advanced
unsupervised LLM-based models, KnowQA [Wang et al.,
2024] and Dr.ECI [Cai et al., 2025]. To quantify the gap
between unsupervised and supervised models, we also se-
lected multiple supervised models for comparison, including
BERT [Devlin et al., 2019], RoBERTa [Zhuang et al., 2021],
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Model | CTB Intra | ESL Intra | ESL Inter |  ESL Overall
\ P/% R/% F1/% \ P/% R/% F1/% \ P/% R/% F1/% \ P/% R/% F1/%
BERT (2019) 47.6 55.1 51.1 |47.8 572 52.1 |36.8 29.2 32,6 |41.3 383 397
RoBERTa (2021) |39.9 60.9 482 |59.7 380 464 |31.3 342 327 |373 355 364
LongFormer (2020) | 29.6 68.6 41.4 |59.0 40.5 480 |352 305 32.7 |41.6 338 373
ERGO (2022) 62.1 613 61.7 |57.5 720 639 |51.6 433 47.1 |48.6 534 50.9
KADE (2023) 56.8 70.6 66.7 | 61.5 732 66.8 |51.2 742 60.5 | 519 70.6 59.8
Unsupervised
davinci-002 (2023) | 5.0 752 9.3 |232 80.0 36.0 - - - - - -
davinci-003 (2023) | 8.5 644 15.0 | 332 744 459 - - - - - -
GPT-3.5 (2023) 7.0 826 12.8 |27.6 80.2 41.0 - - - - - -
GPT-4 (2023) 6.1 974 115|272 947 422 - - - - - -
Dr. ECI (2025) 11.7 71.8 13.0 |29.0 754 419 - - - - - -
gpt-4o0-mini
SP (2020) 114 658 135 |29.1 627 318 | 29 347 6.2 |106 443 185
ICL (2022) 10.7 67.7 144 |346 604 353 | 3.6 306 69 |125 469 20.7
ZSCoT (2022) 92 749 13.1 |260 80.7 370 | 42 480 86 | 81 628 183
Self-Ask (2023) 113 59.8 164 212 744 383 | 49 451 9.5 | 87 585 182
Definition (ours) 88 795 127 | 225 831 402 | 45 393 86 | 92 605 173
LLM-SD 163 81.5 23.7 [39.6 755 415 |11.1 742 144 |21.2 747 .285
improved 49 66 73 | 50 22 63 | 62 262 49 |87 119 78
deepseek-chat
SP (2020) 11.3 90.6 16.0 |28.4 91.6 402 | 9.7 37.7 13.7 219 66.6 30.7
ICL (2022) 122 750 164 |293 77.1 426 | 88 394 12.8 |22.7 739 30.6
ZSCoT (2022) 9.6 91.7 13.8 |27.0 900 372 | 84 53.1 126 | 162 789 253
Self-Ask (2023) 129 892 173 |343 876 422 | 7.1 56.1 ~11.8°|16.0 77.6 272
Definition (ours) 9.7 969 163 | 260 94.0 405 | 80 415 11.7 | 19.1 663 27.6
LLM-SD 15,5 850 26.2 | 424 873 49.1 | 183 864 28.0 | 249 87.1 35.7
improved 2.6 - 89 | 81 - 6.5 | 86 303 143 | 22 82 50

Table 3: Experimental results of LLM-SD and baselines on CTB and ESL. In the table, bold values indicate the best performance among
unsupervised models. Underlined values indicate the best overall performance among all models.

| Intra | Inter
Model | P/% R/I% Fl/% | PI% RI% Fl/%
Supervised
BERT (2019) 46.8 50.3 48.5 | 43.0 46.8 4438
RoBERTa (2021) 459 48.8 472 | 423 451 436
LongFormer (2020) | 39.3 559 44.6 | 358 46.0 39.2
ERGO (2022) 63.1 653 642 | 487 620 546
KADE (2023) 587 644 60.0 | 437 59.3 48.0
iLIF (2024) 744 515 609 | 67.1 492 568
Unsupervised
davinci-002 (2023) | 19.6 929 324 - -
davinci-003 (2023) | 25.0 75.1 37.5 - -
GPT-3.5 (2023) 199 858 323 - -
GPT-4 (2023) 225 924 362 - -
KnowQA (2024) 29.2 62.1 397 - -
Dr. ECI (2025) 220 800 345 - -
deepseek-chat
Self-Ask (2023) 225 877 353 | 226 534 326
Definition (ours) 23.0 875 310 | 245 658 344
LLM-SD 342 612 439 | 277 69.2 38.2
improved 11.7 - 4.2 32 34 3.8
Table 4: Experimental results of LLM-SD and baselines on

MAVEN-ERE.

Longformer [Beltagy et al., 20201, KADE [Wu et al., 20231,
ERGO [Chen et al., 2022] and iLIF [Liu et al., 2024].

Evaluation Metrics

Consistent with the previous works, we use Precision (P), Re-
call (R), and Fl-score (F1) to evaluate model performance.

Implementation Details

We selected two advanced LLMs as the backbone models:
GPT-40-mini’? and Deepseek-V3 (DeepSeek-Chat)? for main
experiment. In Section 5.6, we compared the performance of
LLM-SD on different LLMs.

In experiments, we utilized Python’s concurrent. fu-
tures. ThreadPoolExecutor* to implement multi-threaded par-
allel calls to all LLM agents, thereby saving inference time.
We set temperature = 0 to reduce the randomness of gen-
erated outputs while maintaining logical consistency.

5.2 Main Results (RQ1)

Tables 3—4 show that LLM-SD achieves state-of-the-art per-
formance among unsupervised models across all bench-
marks. It significantly improves precision by reducing false
positives from causal hallucination and enhances recall on
inter-sentence ECI through multi-evidence reasoning. Com-
pared to supervised baselines, LLM-SD remains competi-

Zhttps://openai.com/api/
3https://api.deepseek.com/v1
“https://docs.python.org/3/library/concurrent.futures.html
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Figure 5: Results of ablation study on ESL.
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Count-based 18.0 70.0 28.6 |11.8 20.3 15.0
Simple-voting (k = 1) | 22.3 56.4 364 |12.8 282 17.6
Simple-voting (k = 2) | 30.5 43.6 37.0 [15.0 20.5 185
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Figure 6: Performance of LLM-SD and baseline models as a func-
tion of event distance and document length.

tive and even outperforms several supervised models on ESL,
highlighting its strong potential. Simpler strategies like Self-
Ask or providing the Definition yield only marginal gains,
confirming that explicit instructions alone cannot fix LLMs’
consistency errors in causal reasoning. The consistent results
across different LLMs (GPT-40-mini and DeepSeek-Chat) ur-
ther validate the robustness of our approach.

5.3 Ablation Studies (RQ2-RQ3)

This section presents ablation studies from three perspectives
to verify the effectiveness of each evidence type and mod-
ule. All experiments were conducted on a test subset of the
ESL dataset, with LLM parameters kept identical to the main
experiments. The ablation experiments results are shown in
Figure 5.

Evidence Ablation To systematically evaluate the inde-
pendent contribution and indispensability of each type of evi-
dence, an ablation study on evidence was conducted. Specif-
ically, according to the rules in Table 1, when a specific
evidence-collection agent is ablated, the corresponding term

Table 5: Validation of evidence strength grading rules on ESL.

is excluded from the evidence aggregation formula (with the
threshold kept unchanged), and the assessment outcome of
causal relations is re-determined. The experimental results in
Figure 5 demonstrate that removing any supportive or rebuttal
evidence leads to a decline in overall model performance, in-
dicating that all the aforementioned evidence is essential for
the framework.

LLM Adjudication Mechanism Ablation We further ab-
lated the LLM-based adjudication mechanism (AC) by forc-
ing uncertain cases to be judged as either always non-existent
(-adj(-)) or always existent (-adj(+)). Both ablation settings
lead to performance degradation, confirming that the LLM
adjudicator is an indispensable component of the framework.
This indicates that while our rule-based automatic adjudica-
tion is logically grounded, it benefits from the flexible judg-
ment of an LLM to handle nuanced and complex scenarios
that pre-defined rules may not fully cover. It also compen-
sates for potential errors arise from the subjectivity of rules.

Automatic Adjudication Mechanism Ablation We re-
moved the predefined adjudication rules and relied solely on
the LLM adjudicator (AC) to judge all cases. As shown in
Figure 5, this leads to a significant performance drop, espe-
cially in precision. This result demonstrates that relying ex-
clusively on LLM judgment is unreliable; without structured
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rules to guide the synthesis of multiple evidences, the LLM
tends to make simplistic decisions based on evidence counts,
which increases false positives and confirms the necessity of
our hybrid adjudication design.

5.4 Validating the Evidence Grading Rules (RQ4)

To further examine whether the evidence strength grading
rules in Table 1 are reasonable and not overly tailored, we
keep the debater agents and evidence extraction prompts un-
changed, and only replace the mapping from evidences to
(G5, G,) and the subsequent adjudication. We consider the
following alternatives:

(1) Count-based grading, which assigns strength levels
based solely on the count of satisfied evidences:

“Strong”, if D&% >4, “Strong”, if Y & =3,
Gy = ¢ “Medium”, if2<YE°<3, G, = “Medium”, if1 <Y E" <2,
“Weak”, otherwise, “Weak”, otherwise.

&)

(2) Simple-voting grading, which determines causality di-

rectly by comparing the counts of supporting and rebuttal ev-
idences with a threshold k:

1, if Y E"=0and Y} & >k
Clei,ej) = {0’ otherwise

In this method, k serves as a hyperparameter representing the
minimum number of supporting evidences required when no
rebuttal evidence is present.

Table 5 shows that our evidence grading rules significantly
outperform the other two alternatives, confirming their effec-
tiveness. The count-based method performs worst, as merely
tallying evidence amplifies the LLM’s systematic errors and
yields low precision. Simple-voting grading strongly depends
on threshold k&, with precision rising and recall falling as k in-
creases, making it difficult to achieve an effective balance.

(6)

5.5 Impact of Lexical Distance and Text Length
(RQ5)

Prior research suggests that LLM-based ECI performance de-
grades with increasing document length and event distance.
To assess LLM-SD’s robustness, we analyzed its performance
across different lexical distance and document length inter-
vals on CTB and ESL datasets (Figure 6).

The results confirm that all unsupervised baselines suffer
significant performance drops as distance and length increase,
with the Definition baseline showing a near-linear decline.
In contrast, LLM-SD exhibits strong resilience, maintaining
stable performance (F1 > 0.3) with only minor degradation.
This demonstrates LLM-SD’s superior robustness in handling
long-range dependencies and confirms the effectiveness of its
multi-evidence reasoning approach for complex ECI tasks.

5.6 Evaluating LLM-SD with Different LLM
Architectures

To assess the sensitivity and practical deployability of the
LLM-SD framework across different LLM architectures, we
conduct additional experiments on the ESL dataset using
the same zero-shot prompts, identical evidence role assign-
ments, and consistent decoding configurations (temperature
= 0). We evaluate several widely adopted LLMs with distinct
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Figure 7: Performance comparison of different backbone models on
the ESL dataset (overall metrics).

architectures, including LLaMA3-8B, GPT-3.5, Qwen3-
max, and GLM4-32B, and compare their performance with
DeepSeek-Chat (our backbone).

Figure 7 reveals two key findings. First, all LLM-SD vari-
ants outperform unsupervised baselines using the same cor-
responding LLM (overall F1 < 0.2), confirming that its role-
decomposition framework structurally reduces causal halluci-
nation and enhances performance independently of the back-
bone model. Second, performance does not scale monoton-
ically with parameter count: DeepSeek-Chat performs best,
while the larger Qwen3-max scores lower; the smaller GPT-
3.5-turbo outperforms the larger GLM4-32B. This indicates
that ECI capability depends on factors beyond scale, such as
pre-training data, architecture, and specialized tuning. The
backbone model’s inductive biases and training alignment are
also crucial for effective deployment within LLM-SD.

6 Conclusion

We propose LLM-SD, a framework that casts ECI as a struc-
tured debate among specialized LLM agents. LLM-SD em-
ploys Affirmative and Negative Teams to collect supporting
and rebuttal evidence, evaluated by an Adjudication Commit-
tee using rule-based and LLM-driven methods. Experiments
on three benchmarks show state-of-the-art zero-shot perfor-
mance, with improved precision and robust recall. However,
the reliance on multiple LLM invocations raises cost, and per-
formance on inter-sentence causality remains below that of
supervised models. Future research could explore fine-tuning
strategies or alignment mechanisms that constrain LLM out-
puts to further mitigate hallucinations, enhance evidence con-
sistency, and improve multi-hop reasoning capabilities.
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