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Abstract
Large Language Models (LLMs) are prone to hallucinations, pro-
ducing fluent but factually incorrect statements. Recent multi-agent
debate methods improve hallucination detection by jointly improv-
ing reasoning and decision-making. However, existing approaches
either collaborate which amplifies shared overconfidence, or adopt
adversarial preset stances, that can inject incorrect information com-
plicating decision making. To address this, we propose Contradictory
Statement Multi-Agent Debate (CSMAD), a multi-agent framework
that creates structured disagreement by generating a contradictory
claim for each input claim. CSMAD asks independent agents to
evaluate the claim and the contradictory claim, which encourages
different lines of reasoning without assigning preset stances. When
the outcome is non-discriminative; both the contradictory statements
are either accepted or rejected; the agents exchange rationales and
update their judgments after considering opposing evidence. A fi-
nal judge then decides the truth of the original claim, using both
arguments as context. To make contradictory statement generation
reliable, we add a Natural Language Inference (NLI) based verifier
that checks whether the generated statement actually contradicts the
original claim; if it does not, the system falls back to an explicit
negation-based contradiction. Across public benchmarks for ques-
tion answering and scientific claim verification, as well as a propri-
etary e-commerce claims dataset, we show that CSMAD consistently
outperforms the strongest baseline for both large (Claude-3.5 Son-
net) and medium-sized (Qwen3-8B) language models, improving F1
by +2.3 and +4.1 points, respectively, while reducing LLM token
cost by 28%.
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Figure 1: CSMAD vs. collaborative and adversarial multi-agent
debate methods. CSMAD generates a contradictory claim for
each input claim assign the pair to separate agents for evaluation.

1 Introduction
Large Language Models (LLMs) achieve strong results across many
NLP tasks [2, 4, 11, 14], yet they are prone to generating fluent but
factually incorrect statements [3, 24]. In e-commerce applications
[8, 13, 16] even subtle inaccuracies can erode trust. For instance,
describing a polyester shirt as “durable” and “wrinkle-resistant”
is acceptable, but attributing “breathability” to polyester can be
misleading.

Recent works leverage a model’s own reasoning to assess fac-
tuality. Single-agent methods include chain-of-thought prompting,
diverse sampling, and self-reflection loops [9, 12, 20, 21, 23] which
aim to either deepen or broaden an LLM’s reasoning. Multi-agent
methods coordinate several LLM instances that interact via collabo-
rative or adversarial debate [6, 7, 10, 15, 19]. However, single-agent
methods can reinforce an LLM’s initial answer, and diverse-sampling
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Figure 2: Illustration of the proposed CSMAD workflow. Shortened instructions are shown for clarity. See Section 2 for details.

or collaborative multi-agent setups may still converge on the same
incorrect response [7]. Adversarial debates, in contrast, force pre-
set opposing stances, which can introduce misleading arguments
and complicate the final decision [19]. A key requirement is to pro-
mote divergent reasoning without forcing agents into preset roles. To
achieve this, we compare the input claim against against its counter-
claim. This reduces anchoring on a single narrative and encourages
the LLM to search for alternative evidence and counterexamples.

We propose CSMAD (Contradictory Statement Multi-Agent De-
bate), a multi-agent framework for hallucination detection that de-
bates an input claim against its LLM-generated contradictory claim.
CSMAD initializes two agents that evaluate the claim and the con-
tradictory claim respectively, and performs multi-round debate when
the initial outcome is unclear. Unlike collaborative debates, CSMAD
assigns different statements to different agents and unlike adversarial
debates, no agent is forced to defend a preset stance (see Figure 1).
A practical challenge is that contradictory claims generated by an
LLM are not always reliable as they may be only weakly related
to the input claim, or they may not truly contradict it. We therefore
add a lightweight Natural Language Inference (NLI)-based verifier
that checks whether the generated statement contradicts the original
claim. When verification fails, the system falls back to an explicit
negation-based contradictory claim, which provides a safe and un-
ambiguous alternative. Finally, a judge aggregates the agent outputs
and produces a veracity label for the original claim.

We make the following key contributions:

(1) We introduce CSMAD, a hallucination-detection framework
that performs multi-agent debate using LLM-generated con-
tradictory claims.

(2) We propose an NLI-based verification step for contradictory-
claim generation, with a negation-based fallback, improving
robustness to imperfect generations.

(3) We present extensive experiments on a proprietary e-commerce
claims dataset (EcomClaims) and public benchmarks for
claim verification and question answering tasks, comparing
against strong single-agent and multi-agent baselines.

An A/B test on displaying LLM-generated educational content
about product attribute values corrected via CSMAD at a popular
e-commerce company achieved a 6 basis points lift in revenue.

2 Proposed Method
2.1 Notations and overview
Given a claim 𝑆 , CSMAD first prompts an LLM to generate a contra-
dictory claim 𝑆 ′ (Section 2.2). CSMAD then initializes two identical
agents to evaluate 𝑆 and 𝑆 ′, respectively. If the initial assessments
are inconclusive i.e., both agents either accept or both reject their as-
signed claims, CSMAD runs a multi-round debate where the agents
exchange their rationales (Section 2.3). Finally, a judge combines
the two agent rationales and produces a decision for the original
claim 𝑆 . Figure 2 illustrates the full workflow.

2.2 Contradictory Statement Generation
Given an input claim 𝑆 , we generate a contradictory claim 𝑆 ′ by
prompting an LLM. We constrain the generation to the claim context
(e.g., preserving the main entities, the target attribute, and the scope).
A simple option for contradiction generation is to output a direct
negation, but pure negations can sound mechanical and often provide
a weak counter-view for comparison. We therefore prefer a free-
form, natural contradictory claim. For example, given “Chairs with
cotton seats are durable,” a suitable counterpart is “Chairs with
cotton seats wear and tear fast.” However, free-form contradictions
are not always easy to generate reliably. For instance, in precise
numeric claims such as “Battery capacity of iPhone 16 is 5000 mAh,”
contradictory statements can drift or become only loosely related. To
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handle this, we use a two-step strategy with verification and fallback.
In a single LLM call, we ask the model to produce two candidates:
(i) a negation-based contradictory claim 𝑆neg, and (ii) a free-form
contradictory claim 𝑆free. We then apply a lightweight off-the-shelf
Natural Language Inference (NLI) classifier to check whether 𝑆free
contradicts 𝑆 . If model outputs contradiction, we set 𝑆 ′ ← 𝑆free;
otherwise 𝑆 ′ ← 𝑆neg. We used a DeBERTa-v3-large1 based NLI
model. The model is trained on a diverse mixture of large-scale NLI
datasets (e.g., MNLI, FEVER-NLI, ANLI, and WANLI) spanning
multiple domains, making it an effective zero-shot classifier.

2.3 Debate
We initialize two symmetric agents, 𝐴𝑆 and 𝐴𝑆 ′ , assigned to the
claim 𝑆 and 𝑆 ′, respectively. First, each agent produces a judgment
and a rationale. 𝐴𝑆 outputs (𝑦 (0)

𝑆
, 𝑟
(0)
𝑆
) and 𝐴𝑆 ′ outputs (𝑦 (0)

𝑆 ′ , 𝑟
(0)
𝑆 ′ ),

where 𝑦 ∈ {TRUE, FALSE} and 𝑟 is a natural-language explanation.
If in the initial outcome 𝑦 (0)

𝑆
== 𝑦

(0)
𝑆 ′ (both agents either accept or

reject their statements), we start a debate for at most 𝑇 rounds.
At round 𝑡 ∈ {1, . . . ,𝑇 }, each agent is shown the other agent’s

statement, judgment, and rationale, and is asked to update its evalua-
tion of its own statement. We implement this with a simple handoff
in the prompt, e.g., for 𝐴𝑆 :

There is another agent who is evaluating the statement: {𝑆 ′}. Its
response is {𝑦 (𝑡 )

𝑆 ′ } for the reason: {𝑟 (𝑡 )
𝑆 ′ }.

Based on the other agent’s opinion as additional information,
update both your analysis and the final verdict of True or False
for the input claim {𝑆}.

The agent then returns an update

(𝑦 (𝑡+1)
𝑆

, 𝑟
(𝑡+1)
𝑆

) = 𝑓𝑆
(
𝑆,𝑦
(𝑡 )
𝑆

, 𝑟
(𝑡 )
𝑆

, 𝑆′, 𝑦 (𝑡 )
𝑆 ′ , 𝑟

(𝑡 )
𝑆 ′

)
,

and 𝐴𝑆 ′ updates symmetrically to (𝑦 (𝑡+1)
𝑆 ′ , 𝑟

(𝑡+1)
𝑆 ′ ). The debate stops

early if the outcome becomes discriminative (𝑦 (𝑡+1)
𝑆

≠ 𝑦
(𝑡+1)
𝑆 ′ ). The

final outputs (𝑦 (𝜏 )
𝑆

, 𝑟
(𝜏 )
𝑆
) and (𝑦 (𝑇 )

𝑆 ′ , 𝑟
(𝑇 )
𝑆 ′ ) are then passed to a judge,

which combines the two rationales to produce a final decision for
the input claim 𝑆 .

3 Experiments
We frame hallucination detection as a binary classification task where
for an input statement the output is either True/False.

3.1 Datasets
We conduct experiments on two open-source benchmark dataset:
SciFact [17] and BoolQ [5] and a proprietary e-commerce dataset
which we have named as EcomClaims. BoolQ is a paragraph-based
binary question answering dataset which instead of presenting a
statement to be verified, contains questions to be answered as either
true or false. To conform it in the hallucination detection task, we
converted all the questions to assertive statements using Claude3.5-
Sonnet [2]. For instance, a question “Is France the same timezone as
the UK?” gets rewritten as “France is the same timezone as the UK.”
SciFact is a scientific claim verification dataset containing expert-
written claims paired with evidence-containing abstracts where each
1https://huggingface.co/MoritzLaurer/DeBERTa-v3-large-mnli-fever-anli-ling-wanli

Table 1: Results (macro-F1, %) on BoolQ and SciFact.

Method Claude3.5-Sonnet Qwen3-8B

BoolQ SciFact BoolQ SciFact

Self-reflection 75.2 68.5 63.2 53.8
Self-contrast 79.4 73.1 68 57.2
MAD-collaborative 80.5 72.7 71.3 59.4
MAD-adversarial 78.9 73.8 66.3 58.8
CFMAD 82.3 75.6 70.4 60.5

CSMAD (ours) 84.3 77.6 75.2 64.7

Table 2: Recall (R%) and Precision (P%) on EcomClaims dataset
relative to Self-reflection.

Method Claude3.5-Sonnet Qwen3-8B

R% P% R% P%

Self-contrast +6.1 +1.6 +5.7 +2.1
MAD-collaborative +6.3 +1.7 +7.1 +1.9
MAD-adversarial +5.4 +1.3 +4.7 +1.9
CFMAD +7.1 +2.6 +8.9 +2.5

CSMAD (ours) +12.7 +3.9 +15.3 +2.5

claim is labeled as “SUPPORT/REFUTE”. For abstract retrieval in
SciFact, we adopt the same strategy as proposed in [1].
EcomClaims: We created EcomClaims, a dataset of LLM generated
educational description about common e-commerce attribute values.
For example, in Air Purifier category, HEPA is a common Filter
Type. We split each description into granular claims using an LLM.
An example claim is: “PVC paddleboards are lightweight.” Three
human annotators independently reviewed every claim by search-
ing for evidence online and applying their judgment. Each claim
was labeled TRUE, FALSE, or NA (if uncertain). We retained only
those claims with agreement on TRUE or FALSE from at least two
annotators. Following this process we created a set of 5481 manu-
ally labeled claims containing 1264 (23.1%) hallucinated claims. We
used Claude3.5-Sonnet [2] for both content generation and claim
segmentation.

3.2 Experimental Setup
Baselines. We experiment with an api-based LLM Claude3.5-Sonnet
[2] and an open-source Qwen3-8B [22] LLM. We compare CSMAD
with the following 5 baseline methods: Self-reflection [12], Self-
contrast [23], MAD-collaborative [6], MAD-adversarial [10] and
CFMAD [7] where we adopted the implementation settings from
original papers. Following [6] we set the maximum number of de-
bating rounds as 2 for CSMAD.
Evaluation Metrics. For SciFact and BoolQ, following prior work
[18], we report macro-F1. For the real-world EcomClaims our
primary focus is on detecting hallucinations and hence we report
Precision (P) and Recall (R) on the FALSE class.

https://huggingface.co/MoritzLaurer/DeBERTa-v3-large-mnli-fever-anli-ling-wanli
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Table 3: Ablation on contradiction generation strategy using
Claude3.5-Sonnet. We report macro-F1, (%).

Method BoolQ EcomClaims

CSMAD (Negation-only) 79.2 -
CSMAD (Free-form only) 82.5 +5.5

CSMAD (ours) 84.3 +8.5

4 Results
Performance comparison. We present our results on the public
benchmarks BoolQ and SciFact in Table 1 and on the proprietary
EcomClaims dataset in Table 2. For EcomClaims, we have shown
incremental improvements to maintain anonymity as mandated by
company policy. Across datasets and base LLMs, CSMAD con-
sistently delivers the best results. We see especially large gains in
recall on EcomClaims, where in absence of any reference database
models rely on their parametric knowledge and reasoning. This sug-
gests that pairing each claim with a well-formed contradictory claim
imparts a broader and more effective reasoning for hallucination de-
tection. Among baselines, Self-reflection consistently underperforms
because it tends to reinforce the model’s initial stance instead of in-
troducing new lines of thought. Between the collaborative baselines
Self-contrast and MAD-collaborative, the latter performs better, in-
dicating that multi-agent debate can iteratively refine reasoning over
rounds. CFMAD is the strongest baseline, underscoring the value
of diverse thinking; however, MAD-adversarial often trails MAD-
collaborative, showing that forcing incorrect abductions through
preset stances can reduce reliability. We also observe that adversarial
methods degrade more sharply when moving from Claude3.5-Sonnet
to Qwen3-8B, suggesting that smaller models are more sensitive to
forced counterfactual abductions.
Contradictory claim generation. We manually evaluate the quality
of the LLM-generated contradictory claims on a stratified sample of
𝑁=300 from BoolQ, SciFact, and EcomClaims. Overall we observed
that the free-form contradictory claim 𝑆free is correct in 78.0% of
the cases, with higher correctness on qualitative attribute claims
(84.5%) than on precise numeric claims (63.2%). After applying
our NLI-based gate and negation fallback, the final selected contra-
dictory claim 𝑆 ′ is correct in 95.6% of the cases. Across datasets,
the fallback to 𝑆neg rate ranges from 19–28%, and is highest for
numeric and multi-clause claims. Manual inspection shows that most
rejected 𝑆free candidates are either (i) neutral statements that do not
contradict the claim, or (ii) cases with entity/property drift.

We next study the impact of contradiction generation on the perfor-
mance of CSMAD. We compare three strategies: (1) Negation-only,
which always uses 𝑆neg; (2) Free-form only, which always uses 𝑆free
without verification; and (3) Free-form + NLI gate + negation fall-
back, which is our full approach. Table 3 reports the downstream hal-
lucination detection performance. Our gated approach consistently
performs best by retaining natural contradictions when reliable and
falling back otherwise. Free-form contradictions consistently outper-
form Negations-only, demonstrating their importance in prompting
divergent thinking in the multi-agent debate.
Computational Cost. Table 4 reports the average number of input
and output tokens per sample on EcomClaims using Claude-3.5

Table 4: Average number of input and output tokens per sample
for Claude3.5-Sonnet in EcomClaims dataset.

Method #Input tokens #Output tokens

Self-reflection 321.3 203.8
Self-contrast 1344.8 1855.6
MAD-collaborative 1256.7 1947.2
MAD-adversarial 1520.1 2039.3
CFMAD 1219.9 1862.3
CSMAD (ours) 863.2 1337.8

1 2 3 4

70

75

80

Number of debate rounds
m

ac
ro

F1
(%

)

CSMAD CFMAD MAD-C

Figure 3: Comparison with changing number or debate rounds
on SciFact dataset using Claude3.5-Sonnet. Here MAD-C implies
MAD-collaborative.

Sonnet, comparing CSMAD against our baselines. Overall, CSMAD
uses roughly one-third fewer tokens than other multi-agent debate
methods. This reduction comes from fewer LLM operations (two
fixed agents) as compared to collaborative methods and simpler de-
bate setup than adversarial variants. In addition, CSMAD reaches an
agent-level consensus without invoking the judge in 68% of samples,
compared to 77% for MAD-collaborative and 52% for CFMAD,
which lowers the average number of LLM calls per instance.

Number of debate rounds. CFMAD reports declining perfor-
mance as the number of rounds increases [7], whereas collabora-
tive MAD benefits from longer debates [6]. We evaluate the im-
pact of varying number of rounds on CSMAD, using SciFact with
Claude3.5-Sonnet. As shown in Figure 3, CSMAD improves with
more rounds, indicating a stable debate process that benefits from
iterative refinement. Performance nearly saturates after two rounds
by when 72% of examples reached consensus needing no further
debate.

5 Conclusion
We introduced CSMAD, a high-efficiency multi-agent hallucina-
tion detection framework that debates a claim against a carefully
constructed contradictory statement. By grounding the debate in
contradictory claims, CSMAD promotes diverse reasoning without
requiring preset stances. To make contradictory statement generation
reliable, we propose a simple two-candidate strategy that produces a
free-form contradiction alongside a negation-based fallback, and we
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use an off-the-shelf NLI verifier to select the free-form contradiction
when it truly contradicts the input claim. We performed experiments
on BoolQ, SciFact, and our proprietary EcomClaims dataset, and
demonstrated that CSMAD is effective for hallucination detection,
consistently improving over strong baselines across both large and
medium-sized LLMs while also reducing token cost.
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