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Abstract

Hallucination continues to pose a major obstacle in the rea-
soning capabilities of large language models (LLMs). Al-
though the Multi-Agent Debate (MAD) paradigm offers a
promising solution by promoting consensus among multi-
ple agents to enhance reliability, it relies on the unrealis-
tic assumption that all debaters are rational and reflective,
which is a condition that may not hold when agents them-
selves are prone to hallucinations. To address this gap, we
introduce the Multi-agent Undercover Gaming (MUG) pro-
tocol, inspired by social deduction games like “Who is Un-
dercover?”. MUG reframes MAD as a process of detecting
“undercover” agents (those suffering from hallucinations) by
employing multimodal counterfactual tests. Specifically, we
modify reference images to introduce counterfactual evidence
and observe whether agents can accurately identify these
changes, providing ground-truth for identifying hallucinat-
ing agents and enabling robust, crowd-powered multimodal
reasoning. MUG advances MAD protocols along three key
dimensions: (1) enabling factual verification beyond statisti-
cal consensus through counterfactual testing; (2) introducing
cross-evidence reasoning via dynamically modified evidence
sources instead of relying on static inputs; and (3) fostering
active reasoning, where agents engage in probing discussions
rather than passively answering questions. Collectively, these
innovations offer a more reliable and effective framework for
multimodal reasoning in LLMs.

Code — https://github.com/YongLD/MUG.git
Extended version — https://arxiv.org/abs/2511.11182

Introduction
Hallucination remains one of the most difficult challenges
in LLM reasoning(Huang et al. 2025; Liu et al. 2024b;
Peng et al. 2025). This stems from the fact that reasoning in
these models is primarily constructed on token-level statis-
tics (such as frequency and causality), often without explicit
enforcement of factual correctness. To tackle this problem,
the Multi-Agent Debate (MAD) paradigm(Liang et al. 2024)
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has gained popularity, as it aims to generate a wider range
of evidence, with the prevailing consensus among agents
considered more trustworthy. Although MAD has shown
promising results, certain limitations persist.

Common MAD protocols are typically derived from hu-
man debate structures, such as majority voting, super judge,
or blueprint debate. However, there are fundamental differ-
ences between LLMs and human debaters. While humans
are capable of rational discussion, listening to others, reflect-
ing, and updating their views as needed, it is still uncertain
whether LLM debaters can do the same. Consequently, pro-
tocols that rely heavily on debater rationality may not be
optimal for MAD. Therefore, there is a need for protocols
that do not assume rationality and can effectively identify
irrational debaters, particularly those susceptible to halluci-
nations.

We draw inspiration from social deduction games like
“Who is Undercover?”, where all participants risk being
the undercover and must debate to identify the undercover
through factual or counterfactual challenges, often by posing
further questions to each other. This closely parallels the task
of detecting hallucinating agents. However, there is limited
research on how to adapt such protocols for LLMs, espe-
cially regarding the design of factual and counterfactual tests
when dealing with complex, multimodal evidence. In this
paper, we tackle these challenges by introducing the Multi-
agent Undercover Gaming (MUG) protocol for MAD. The
core idea, illustrated in Figure 1, is straightforward. Given a
question “what is the focus of the image?”, we generate mul-
timodal counterfactual tests by altering the reference image
to include counterfactual evidence (e.g., changing a girl with
red hair to a girl with natural black hair). In this scenario,
the main focus of the image shifts from the hairstyle to the
phone. We then observe whether each agent can correctly
identify the modification. Because these changes are inten-
tionally introduced, we have “ground-truth” to determine
which agents are “undercover” (i.e., ones suffering from hal-
lucinations). This allows us to harness the wisdom of the
crowd for more robust and reliable multimodal reasoning.

MUG brings several key innovations to MAD protocols:
• Factual Verification vs. Statistical Consensus: By em-

ploying counterfactual tests, MUG enables direct factual
verification rather than relying solely on group consen-
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Figure 1: Overview of the Counterfactual Undercover Debate Framework, illustrating the dynamic interactions between agents,
the current game state, and the decision-making process influenced by counterfactual information. The diagram highlights the
roles of normal and undercover agents, as well as the flow of information and reasoning throughout the game.

sus. This addresses the limitation of LLMs, which often
lack explicit fact-checking mechanisms during training.

• Cross-Evidence vs. Single-Source: By modifying im-
ages, MUG generates additional, dynamic sources of ev-
idence for cross-referencing, as opposed to traditional
MAD approaches that depend on a single, static source
(such as the original question and reference image). This
not only facilitates verification but also increases the like-
lihood of detecting agents prone to hallucination.

• Active vs. Passive Reasoning: Existing protocols typi-
cally involve passive reasoning, where agents simply re-
spond to a given question. In contrast, MUG introduces
counterfactual tests that require agents to actively engage
by posing questions for discussion. This approach better
leverages the capabilities of LLMs and paves the way for
developing more effective protocols.

Related Work
Early efforts in multimodal reasoning focused on aligning
visual and textual representations, leading to the develop-
ment of Multimodal LLMs (MLLMs) (Liu et al. 2024a;
Yuan et al. 2025) and the adoption of in-context learning
(ICL) (Min et al. 2022) and chain-of-thought (CoT) rea-
soning (Wei et al. 2022). These techniques empower mod-
els to decompose complex tasks into interpretable interme-
diate steps, enhancing transparency and performance. The
evolution of CoT into multimodal contexts, termed Multi-
modal Chain-of-Thought (MCoT) reasoning, has produced
a range of architectures, from linear (Wei et al. 2022; Ngo
et al. 2008) to graph-based representations (Besta et al.
2024; Yuan et al. 2023), and specialized methods for differ-
ent modalities, such as Multimodal-CoT (Zhang et al. 2024),
MVoT (Li et al. 2025), and Video-of-Thought (Fei et al.
2024). The paradigm of multi-agent systems (MASs) (Dorri,
Kanhere, and Jurdak 2018) has gained traction as a means

to overcome the intrinsic limitations of individual LLMs,
such as hallucination and limited reasoning depth. MASs
leverage the collective intelligence of multiple LLM-based
agents, enabling distributed knowledge retention (Zheng
et al. 2024), long-term planning (Torreno et al. 2017), and
specialization through collaborative problem-solving (Lu
et al. 2023; Wang et al. 2025). However, existing MAD
frameworks often converge prematurely, suppressing minor-
ity viewpoints and failing to simulate real-world adversar-
ial reasoning conditions. Counterfactual reasoning, rooted
in structural causal models and do-calculus (Gong, Lu, and
Zhang 2024; Ngo et al. 2007), is essential for understanding
how outcomes change under hypothetical interventions. In
AI, counterfactuals enhance interpretability and robustness
by enabling models to generate alternative scenarios and
assess decision-making under uncertainty (Guidotti 2024;
Wang et al. 2024). Recent efforts have extended counter-
factual reasoning to LLMs, with approaches ranging from
commonsense-based scenario generation (Zhang, Jiang, and
Zhao 2024; Chatzi et al. 2025) to graph-based causal infer-
ence using external tools, as exemplified by CausalCoT (Jin
et al. 2023) and CausalTool (Hua et al. 2024). While agent-
based frameworks like Causal Agent (Han et al. 2024) inte-
grate LLMs with causal tools for intervention analysis, they
often lack explicit counterfactual reasoning, limiting appli-
cability in complex, high-dimensional settings. Our work
distinguishes itself by embedding counterfactual learning di-
rectly into the multi-agent collaboration process, enhancing
both the robustness and interpretability of multimodal rea-
soning.

Method
The Gaming System
Multi-agent Undercover Gaming (MUG) takes place within
a system S , defined as a tuple of four components: a ques-
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Figure 2: Comparison of Chain-of-thought (CoT), Multi-
agent Debate (MAD), and our proposed Multi-agent Under-
cover Gaming (MUG). Q: input question, I+: input image,
I−: edited counterfactual image, A: MLLM agent, R: output
response.

tion Q, a set of N agents A = {Ai}N1 who act as play-
ers or debaters, a collection of debating functions F , and
a set of responses R = {Ri}N1 generated by the agents.
The system evolves dynamically over time, with its state at
time t denoted by St. At each time step t, the system re-
ceives the question Q as input. Each agent Ai applies a func-
tion f ∈ F to engage in the debate, producing a response
Rt

i = f(Q, Ai, t). Formally, the state of the system at time t
is formulated as:

St = (Q,A,F ,Rt). (1)

The question is composed of a textual prompt Q, a fac-
tual reference image I+, and a counterfactual image I−, for-
mally expressed as

Q = (Q, I+, I−), (2)

where generating the counterfactual image I− is a key as-
pect of MUG, to be discussed in detail later.

At the outset, one agent is assigned the counterfactual ref-
erence I− and takes on the role of the undercover agent,
denoted as Role(Ai) = U . All other agents serve as regular
debaters, with Role(Aj) = D. The game proceeds with the
agents participating in one of two modes:
• Undercover Detection Game (Game(St) = D): The

objective is to identify the undercover agent.
• Summarization Game (Game(St) = M ): Agents work

together to synthesize and provide a final answer to the
question by combining their perspectives.

The game operates in detection mode until the undercover
agent is identified. Once discovered, the undercover agent is
removed from the game, and the system transitions to sum-
marization mode to produce the final answer.

Generation of Counterfactual Image I−

The construction of I− introduces asymmetric information
by subtly altering specific details of the factual reference I+.

The underlying idea is that these minor differences between
the factual and counterfactual images will steer group dis-
cussions toward fine-grained semantic distinctions. In con-
trast to existing multimodal reasoning methods (?), many
of which rely heavily on image captioning and tend to set-
tle on broad concepts (since captioning models are often
trained on datasets like COCO, where labels are typically
general), emphasizing discussion around subtle differences
encourages participants to identify and reason about details
directly relevant to the question, potentially leading to more
precise and nuanced understanding. To accomplish this, we
begin with a cross-modal analysis to determine the type of
edit and the target objects. Based on this analysis, we then
prompt the image generator to perform the corresponding
modifications.
Edit Type and Targets Identification: We leverage an
LLM to classify the question Q and map it to one of several
predefined edit types. For example, a “How Many” ques-
tion is mapped to Quantity Editing, while a “What Object”
question corresponds to Object Editing. To pinpoint the spe-
cific targets for editing, we construct a scene graph of the
factual image I+, which allows for straightforward identi-
fication of relevant objects based on the chosen edit type.
Next, we prompt the LLM to generate an appropriate image
editing prompt using the determined edit type and targets.
This workflow is illustrated in Figure 1. We observe that this
approach does not heavily depend on LLM capabilities, as
both question type recognition and target extraction are rel-
atively straightforward tasks for modern language models.
Modification for Counterfactual Reference: Following
the detail-driven logic, the generation of I− must satisfy
three key constraints:
• Maximal Visual Similarity: I− should maximize visual

similarity Cvs = SimV (I+, I−) to I+, helping the un-
dercover agent remain concealed and preventing prema-
ture detection before critical scrutiny. Visual similarity is
assessed by comparing ViT embeddings of both images.

• Semantic Consistency: The modification should retain
the general semantics of the factual reference, maximiz-
ing semantic similarity. This is measured by the similar-
ity between their CLIP embeddings, denoted as Csc =
CLIPS(I+, I−).

• Naturalness: I− should appear as a natural image, mini-
mizing any artificial artifacts. This is quantified using the
FID score, Cna = FID(I−).

For image generation, we utilize the Step1X-Edit (Liu
et al. 2025) model. These constraints are enforced at the
prompt level (see Appendix for prompt details) and are fur-
ther validated in post-processing. The generated image is ac-
cepted only if the overall generation score meets a specified
confidence threshold:

α · Cvs + β · Csc + γ · Cna ≥ c (3)
Otherwise, the generation is repeated until these criteria are
met. The generation process is illustrated in Figure 3.

Undercover Detection Game Mode
After I− is generated, one agent will be assigned as the un-
dercover and given I−, while the others are assigned with
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I+. The system enters the undercover detection mode. The
mode consists of two steps of reasoning and voting. In rea-
soning, each agent is instructed to state its understanding of
the question Q with respect to the reference image assigned
I+ or I− in a faithful manner, while reduce its chance to be
identified as the undercover.
Reasoning Phase: In each round t, every agent Ai generates
a response Rt

i that balances faithful reasoning with strategic
concealment or detection objectives. The reasoning function
for each agent incorporates their assigned image and role:

Rt
i = freason(Q, Ii, Role(Ai),Ht−1) (4)

where Ii ∈ {I+, I−} represents the image assigned to agent
Ai, and Ht−1 = {Rt′

k , V
t′

k |k ∈ {1, ..., N}, t′ < t} captures
the historical context from previous rounds, including all
previous responses and voting decisions. For regular agents
(Role(Ai) = D), the objective is to provide accurate rea-
soning based on I+ while identifying inconsistencies that
might reveal the undercover agent. For the undercover agent
(Role(Au) = U ), the challenge is to generate plausible rea-
soning based on I− while avoiding detection.

The reasoning strategy for regular agents follows:

Rt
i = arg max

r∈Ri

[
Acc(r,Q, I+) + λ ·Det(r,Ht−1)

]
(5)

where Acc(r,Q, I+) measures the accuracy of reasoning
r with respect to the question and factual image, and
Det(r,Ht−1) captures the detection value of the reasoning
given historical interactions.

For the undercover agent, the strategy balances plausibil-
ity with concealment:

Rt
u = arg max

r∈Ru

[
Pla(r,Q, I−)− µ · Sus(r,Ht−1)

]
(6)

where Pla(r,Q, I−) measures reasoning plausibility based
on the counterfactual image, and Sus(r,Ht−1) quantifies
the suspicion it generates.

Voting Phase: Following the reasoning phase, agents en-
gage in strategic voting to identify the undercover agent.
Each agent Ai casts a vote V t

i for the agent they suspect
to be the undercover:

V t
i = argmax

j ̸=i

4∑
k=1

wk · ϕij
k (t) (7)

The voting decision incorporates four key factors derived
from the reasoning analysis:

• Inconsistency Score ϕij
1 (t): Measures logical inconsis-

tencies in agent j’s reasoning compared to the expected
reasoning based on I+

• Deviation Score ϕij
2 (t): Quantifies how much agent j’s

responses deviate from the consensus formed by other
agents

• Detail Accuracy ϕij
3 (t): Assesses the accuracy of specific

visual details mentioned by agent j
• Behavioral Suspicion ϕij

4 (t): Captures suspicious behav-
ioral patterns such as vague responses or defensive lan-
guage

The elimination decision is made by majority voting:

ĵ = argmax
j

|{i : V t
i = j}| (8)

Round Progression: The detection game continues itera-
tively until one of the termination conditions is met:

T t =


True if Role(Aĵ) = U (undercover found)
True if |A∗| ≤ 1 (regular agents)
True if t > tmax (timeout)
False otherwise

(9)

where A∗ = {Ai|Role(Ai) = D}. When the undercover
agent is successfully identified and eliminated, the remain-
ing agents {Ai|i ̸= ĵ} proceed to the summarization game
mode with their shared understanding based on the factual
image I+.
Strategic Dynamics: The detection phase exploits informa-
tion asymmetry to create strategic tension. Regular agents
must balance detailed, accurate reasoning (which aids iden-
tification) against overly specific claims that may appear
suspicious. The undercover agent must generate responses
that align with the group while reasoning from different
visual information. This dynamic promotes precise, detail-
oriented reasoning across all agents, as vague responses be-
come strategically disadvantageous. Regular agents demon-
strate access to I+ through specific details, while the under-
cover agent must carefully balance plausibility and accuracy
to evade detection.

Summarization Game Mode
Upon successful identification and elimination of the under-
cover agent, the system transitions to summarization mode
with the objective Game(St) = M . In this phase, the re-
maining agents collaborate to synthesize their individual un-
derstandings and produce a final answer to the question Q.
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Model MMMU MMStar HallusionBench POPE

Acc. Acc. aAcc. fAcc. qAcc. Avg. Acc. Pre. Rec. F1

DeepSeek-VL-7B 38.3 40.5 53.9 24.9 24.6 34.5 86.8 94.3 78.4 85.6
LLaVA-OneVision-7B 47.9 61.9 48.4 21.4 25.1 31.6 87.9 96.7 78.5 86.6
LLaVA-Next-Llama3-8B 43.1 43.9 52.3 25.7 21.3 33.1 87.1 88.1 95.1 87.1
InternVL2-8B 50.2 61.5 63.9 35.0 36.0 45.0 86.0 96.6 74.7 84.2
Gemini-1.5-Pro 60.6 59.1 63.0 36.1 37.6 45.6 88.6 93 83.9 88.2
GPT4o mini (detail-high) 57.3 46.5 61.9 41.3 34.9 46.1 84.2 95.5 71.7 81.9
GPT-4v (detail-high) 53.8 43.9 65.8 38.4 35.2 46.5 83.9 93.9 72.5 81.8
Claude3.5-Sonnet 65.9 62.2 66.4 41.6 41.8 49.9 78.7 97.1 59.2 73.6

Qwen2.5VL-7B 45.0 61.2 64.8 34.9 39.6 46.4 87.4 96.8 77.3 85.9
Qwen2.5VL-7B (Self-Refine) 45.8 61.5 67.3 38.2 40.9 48.8 85.9 97.4 73.8 84.0
Qwen2.5VL-7B (MAD-Vote) 44.7 57.4 56.4 26.9 30.1 37.8 80.0 80.4 68.7 74.1
Qwen2.5VL-7B (MAD-Judge) 47.4 62.3 64.5 43.2 42.9 50.2 85.2 94.4 74.9 83.5
Qwen2.5VL-7B (MUG(Ours)) 50.3 63.8 69.4 43.9 47.9 53.8 88.4 95.6 80.5 87.4

InternVL3-14B 59.8 68.7 69.8 47.7 47.7 55.1 89.3 92.1 86.5 89.5
InternVL3-14B (Self-Refine) 45.9 61.2 70.3 46.5 45.5 54.1 88.6 91.9 86.7 89.2
InternVL3-14B (MAD-Vote) 55.2 62.9 70.5 48.6 46.4 55.2 89.4 94.2 83.9 88.8
InternVL3-14B (MAD-Judge) 60.2 68.9 72.5 47.9 48.9 56.4 89.6 94.1 87.3 90.6
InternVL3-14B (MUG(Ours)) 60.7 69.1 73.3 51.2 49.5 58.0 90.1 94.1 88.2 91.1

Table 1: Performance comparison across multiple benchmarks. The improvements against baselines are statistically significant
by one-tailed paired t-test with p < 0.01. Acc.: accuracy, aAcc.: average accuracy, fAcc.: unique figure accuracy, qAcc.: unique
quetion accuracy, Avg.: average score of the three metrics. Pre.: precision, Rec.: recall.

Collaborative Reasoning: The summarization phase oper-
ates through structured dialogue where agents build upon
each other’s insights. Each remaining agent Ai contributes
to the collective reasoning process:

Rsum
i = fsum(Q, I+,Rt−1

collect,H
t−1) (10)

where Rt−1
collect = {Rt′

k |k ̸= ĵ, t′ < t} represents the accu-
mulated collective reasoning from previous summarization
rounds.
Final Answer Generation: The collaborative process cul-
minates in the generation of a final answer that synthesizes
the collective intelligence of the remaining agents:

Ranswer = fanswer(R
sum, Q, I+) (11)

The summarization mode terminates when agents reach
sufficient consensus or when the maximum number of sum-
marization rounds is exceeded, ensuring that the final answer
represents the best collective reasoning based on the fac-
tual visual information. The function collection F encom-
passes all debating functions used throughout the system:
F = {freason, fsum, fanswer}.

Experiments
Experimental Setup
We conduct comprehensive experiments to evaluate the ef-
fectiveness of our Multi-agent Undercover Gaming (MUG)
framework across multiple dimensions: multimodal reason-
ing accuracy, hallucination detection capability, and agent
reliability identification. Our experimental design system-
atically validates each component of the proposed frame-
work while demonstrating its superiority over existing ap-
proaches. Implementation details can be found in Appendix.

Datasets We evaluate our framework on four datasets cov-
ering different aspects of multimodal reasoning:
General Reasoning Datasets: MMStar (Chen et al. 2024a)
and MMMU (Yue et al. 2024) serve as comprehensive
benchmarks for evaluating overall multimodal reasoning ca-
pabilities. MMStar contains 1,500 challenging visual ques-
tions spanning multiple domains, while MMMU includes
11,500 college-level multimodal problems requiring sophis-
ticated reasoning across disciplines.
Hallucination Detection Datasets: HallusionBench (Guan
et al. 2024) and POPE (Yifan Li and Wen 2023) focus on hal-
lucination detection in multimodal systems. HallusionBench
provides 346 samples to induce hallucinations through mis-
leading visuals, while POPE offers 3,000 yes/no questions
to assess object hallucination in image descriptions.

Baselines We evaluate our MUG framework against sev-
eral baseline models to benchmark its performance across
multimodal reasoning tasks. The baseline methods in-
clude: (1) Single-Agent Baselines, which can be catego-
rized into open-source and closed-source models. The open-
source models consist of DeepSeek-VL-7B (Lu et al. 2024),
LLaVA-OneVision-7B (Li et al. 2024), LLaVA-NEXT-
Llama3-8B (Haotian Liu 2024), InternVL2-8B(Chen et al.
2024b), InternVL3-14B(Zhu et al. 2025) and Qwen2.5VL
(Bai et al. 2025). The closed-source models include Gemini-
1.5-pro (Team et al. 2024), GPT4O mini (Hurst et al. 2024),
GPT4v (OpenAI 2023), and Claude-3.5-Sonnet (Anthropic
2024). These models combine visual and textual informa-
tion for reasoning tasks, using diverse techniques to improve
multimodal understanding and accuracy across benchmarks.
(2) Self-Refine Framework (Madaan et al. 2023) is an ap-
proach to improve initial outputs from LLM through itera-
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tive feedback. (3) Multi-Agent Debate (MAD) (Liang et al.
2024) is a classic approach where multiple agents debate and
reach conclusions through majority voting or a super judge,
directly comparing to our multi-agent framework.

Performance Comparison to SOTA Methods
In this section, we present the main experimental results
obtained from our MUG framework compared to several
SOTA methods on four widely-used multimodal reason-
ing benchmarks. Overall, the integration of MUG has re-
sulted in a significant improvement across different back-
bones. On the MMMU VAL benchmark, Qwen2.5VL-7B
(MUG) achieves an accuracy of 50.3%, showing a 5.3% im-
provement over the baseline accuracy of 45.0%. Meanwhile,
InternVL3-14B (MUG) reaches 60.7%, surpassing its base-
line of 59.8% by 0.9%. In terms of the MMStar benchmark,
Qwen2.5VL-7B (MUG) achieves an accuracy of 63.8%,
while InternVL3-14B (MUG) achieves 69.1%, demonstrat-
ing the robustness of our framework across multiple evalua-
tion metrics. Other observations that indicate MUG’s advan-
tage over SOTA methods include:
MUG helps reduce the performance gap between large
and small models. Larger models typically outperform
smaller ones . This observation holds true since we can find
that the closed-source models like Gemini-Pro, GPT-4v and
Claude-Sonnet outperform many open-source baselines in-
cluding Qwen2.5VL and InternVL3. However, the introduc-
tion of MUG has led to a reduction in the performance gap
between these two types of models. This can be seen in the
Qwen2.5VL-7B model, which has reached the overall accu-
racy of 63.8%, 53.8% and 88.4%, even better than the GPT-
4v and Claude3.5-Sonnet models.
MUG reinforces the multiagent collaboration. Using
Qwen2.5VL-7B as the base model, MUG achieves sub-
stantial improvements over traditional collaboration meth-
ods, outperforming Multi-Agent Debate with voting (MAD-
Vote) by 5.6 points on MMMU (50.3% vs 44.7%) and 16.0
points on HallusionBench average score (53.8% vs 37.8%),
while surpassing the more sophisticated MAD-Judge ap-
proach by 2.9 points on MMMU and 3.6 points on Hal-
lusionBench average. Similar performance patterns emerge
with the larger InternVL3-14B model, where MUG sur-
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Figure 5: Ablation results demonstrating the impact of coun-
terfactual editing and undercover mechanisms on perfor-
mance across three benchmarks.

passes MAD-Vote by 5.5 points on MMMU and achieves
the highest scores across all HallusionBench metrics.

Performance on Hallucination Issues
MUG demonstrates superior hallucination detection capa-
bilities across both model architectures, achieving the high-
est average scores of 53.8% (Qwen2.5VL-7B) and 58.0%
(InternVL3-14B) compared to all baseline methods. The
framework shows particularly strong performance in figure
accuracy, with improvements of 9.0 points over the base
Qwen model (43.9% vs 34.9%) and 3.5 points over In-
ternVL3 (51.2% vs 47.7%), indicating enhanced ability to
detect visual inconsistencies. As illustrasted in Figure 4,
category-specific analysis reveals MUG’s strengths in visual
similarity tasks (78.9% vs 69.7% baseline), OCR challenges
(86.2% vs 75.4%), and figure understanding (66.7% vs
46.3%), while maintaining competitive performance across
mathematical reasoning and video analysis tasks. The con-
sistent improvements across different hallucination types
demonstrate MUG’s robust counterfactual reasoning mech-
anism effectively exposes model vulnerabilities.

On the POPE dataset, MUG achieves the highest over-
all accuracy scores of 88.4% (Qwen2.5VL-7B) and 90.1%
(InternVL3-14B), outperforming traditional multi-agent ap-
proaches and single-model baselines. The framework shows
balanced precision-recall trade-offs, with notable recall im-
provements of 3.2 points (80.5% vs 77.3%) for Qwen and
1.7 points (88.2% vs 86.5%) for InternVL3, indicating better
detection of actual objects while maintaining high precision.
Cross-category analysis on POPE reveals MUG’s robustness
across different evaluation scenarios, with the most signifi-
cant gains in the random setting (88.5% vs 86.7%) and con-
sistent improvements in adversarial (86.3% vs 85.2%) and
popular (87.3% vs 86.2%) configurations, demonstrating the
framework’s effectiveness in mitigating various types of ob-
ject hallucinations through strategic information asymmetry.

Ablation Studies
The ablation study results demonstrate that both core com-
ponents of MUG contribute significantly to performance
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Round HallusionBench MMMU MMStar

0 67.31 47.88 61.93
1 69.40 50.33 63.80
2 65.89 48.02 63.92
3 66.95 47.56 62.76

Table 2: Model performance with respect to the iteration
round of game.
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Figure 6: Statistics of survived undercover agents across
three game rounds.

across all evaluation benchmarks. As shown in Figure 5, re-
moving the counterfactual editing module leads to perfor-
mance drops of 1.49 points on MMStar, 3.61 points on Hal-
lusionBench, and 1.08 points on MMMU, indicating that
counterfactual visual modifications are crucial for creating
effective reasoning conflicts. The elimination of the under-
cover agent mechanism results in more substantial degrada-
tions, with decreases of 1.57 points on MMStar, 4.49 points
on HallusionBench, and 2.67 points on MMMU. The larger
performance drops when removing the undercover agent,
particularly on hallucination-focused benchmarks like Hal-
lusionBench, underscore the importance of the strategic
gaming dynamics in exposing reasoning inconsistencies and
enhancing collaborative verification processes.

Monitoring the Game Progress
Impact of Game Rounds We analyze the effect of the
number of game rounds, which corresponds to the observa-
tion rounds set during the exchange of opinions before vot-
ing begins. The performance metrics across different rounds
are shown in Table 2. The results indicate that the initial
rounds yield higher performance, likely due to the fresh-
ness of opinions and the strategic dynamics of the debate.
Specifically, the performance peaks at round 1, with a no-
table accuracy increase, reflecting the effectiveness of initial
interactions among agents. As rounds progress, the perfor-
mance stabilizes or slightly declines, suggesting diminishing
returns on additional rounds.

Analysis on Game Termination Figure 6 illustrates the
number of survived undercover agents between and within
rounds. Different from traditional MAD methods which rely
on a super judge or maximum setting of round to terminate
debate, one strength of our proposed MUG framework is that
we can easily know the game ends when the undercover is
voted out. An interesting finding is that the sharp decline in
the second round, which suggests that agents are effectively

COT MAD MUG

Q: According to the text given in the image, is this logo for Red Bull?

A: a Red Bull logo

Hallucination

It is a Red Bull logo.

A: a Red Deer logoA: a Red Bull logo

It is the Red Bull logo.

Majority Vote

Vote

Original Example Original Counterfactual

Vote

Factual Verification

My image text ‘Red Bull’.

Yes. The logo is the 

logo for Red Bull, a 

well-known energy 

drink brand.

It is not the logo.

It is a Red Bull logo. Undercover

My image says ‘Red Deer’.

My image text ‘Red Deer’.

Figure 7: Case study of our proposed MUG framework com-
pared with traditional chain-of-thought reasoning (CoT) and
multiagent debate (MAD).

identifying and eliminating undercover agents based on the
counterfactual evidence and reasoning processes employed
in this dataset. In contrast, the third or fourth round exhibits
slower rates of elimination, with survival percentages hov-
ering around 5%. These results imply that the agents involv-
ing in these data samples are either less effective at identify-
ing hallucinations or that the undercover agents are employ-
ing strategies that allow them to blend in more successfully
within these specific scenarios.

Case Study
Figure 7 presents a compelling case study highlighting
the effectiveness of the Multi-agent Undercover Gaming
(MUG) protocol in addressing hallucinations in multimodal
reasoning scenarios. The left panel shows a traditional agent
incorrectly identifying a logo reading “Red Deer” as af-
filiated with Red Bull, while the middle panel illustrates
Multi-Agent Debate (MAD) failing to resolve underlying
inaccuracies through majority voting based on potentially
flawed interpretations. In contrast, the right panel demon-
strates how MUG introduces counterfactual evidence that
prompts deeper analysis, with agents engaging in critical
discussions around discrepancies such as conflicting phrases
“my image says ‘Red Bull’” versus “Red Deer,” ultimately
enabling more accurate logo identification through collab-
orative verification mechanisms that surpass traditional de-
bate approaches.

Conclusion
This paper presents the Multi-agent Undercover Gaming
(MUG) protocol as a novel solution to address hallucination
challenges in large language models (LLMs). By integrat-
ing counterfactual tests inspired by social deduction games,
MUG enhances the traditional Multi-Agent Debate (MAD)
framework, allowing agents to engage in active reasoning
and verification. Our experimental results demonstrate that
MUG significantly outperforms baseline models in multi-
modal reasoning accuracy and hallucination detection.

6813



Acknowledgments
This work has been supported by National Natural Science
Foundation of China (Grant No. 62372314) and Hong Kong
Research Grants Council under the General Research Fund
(project no. PolyU 15200023). The experimental part of this
work was supported by the Centre for Large AI Models
(CLAIM) of The Hong Kong Polytechnic University.

References
Anthropic. 2024. Introducing Claude 3.5 Sonnet.
https://www.anthropic.com/news/claude-3-5-sonnet.
Bai, S.; Chen, K.; Liu, X.; Wang, J.; Ge, W.; Song, S.; Dang,
K.; Wang, P.; Wang, S.; Tang, J.; et al. 2025. Qwen2. 5-vl
technical report. arXiv preprint arXiv:2502.13923.
Besta, M.; Blach, N.; Kubicek, A.; Gerstenberger, R.;
Podstawski, M.; Gianinazzi, L.; Gajda, J.; Lehmann, T.;
Niewiadomski, H.; Nyczyk, P.; et al. 2024. Graph of
thoughts: Solving elaborate problems with large language
models. In Proceedings of the AAAI conference on artificial
intelligence, volume 38, 17682–17690.
Chatzi, I.; Benz, N. C.; Straitouri, E.; Tsirtsis, S.; and
Gomez-Rodriguez, M. 2025. Counterfactual Token Gener-
ation in Large Language Models. Proceedings of Machine
Learning Research, 275: 1–25.
Chen, L.; Li, J.; Dong, X.; Zhang, P.; Zang, Y.; Chen, Z.;
Duan, H.; Wang, J.; Qiao, Y.; Lin, D.; et al. 2024a. Are we
on the right way for evaluating large vision-language mod-
els? Advances in Neural Information Processing Systems,
37: 27056–27087.
Chen, Z.; Wu, J.; Wang, W.; Su, W.; Chen, G.; Xing, S.;
Zhong, M.; Zhang, Q.; Zhu, X.; Lu, L.; et al. 2024b. In-
ternvl: Scaling up vision foundation models and aligning
for generic visual-linguistic tasks. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 24185–24198.
Dorri, A.; Kanhere, S. S.; and Jurdak, R. 2018. Multi-agent
systems: A survey. Ieee Access, 6: 28573–28593.
Fei, H.; Wu, S.; Ji, W.; Zhang, H.; Zhang, M.; Lee, M. L.;
and Hsu, W. 2024. Video-of-thought: step-by-step video
reasoning from perception to cognition. In Proceedings
of the 41st International Conference on Machine Learning,
13109–13125.
Gong, H.; Lu, C.; and Zhang, Y. 2024. Distribution-
consistency structural causal models. arXiv preprint
arXiv:2401.15911.
Guan, T.; Liu, F.; Wu, X.; Xian, R.; Li, Z.; Liu, X.; Wang,
X.; Chen, L.; Huang, F.; Yacoob, Y.; et al. 2024. Hallusion-
bench: an advanced diagnostic suite for entangled language
hallucination and visual illusion in large vision-language
models. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, 14375–14385.
Guidotti, R. 2024. Counterfactual explanations and how to
find them: literature review and benchmarking. Data Mining
and Knowledge Discovery, 38(5): 2770–2824.
Han, K.; Kuang, K.; Zhao, Z.; Ye, J.; and Wu, F. 2024.
Causal agent based on large language model. arXiv preprint
arXiv:2408.06849.

Haotian Liu, Y. L. B. L. Y. Z. S. S. Y. J. L., Chun-
yuan Li. 2024. LLaVA-NeXT: Improved reasoning, OCR,
and world knowledge. https://llava-vl.github.io/blog/2024-
01-30-llava-next/.

Hua, Z.; Xing, S.; Jiang, H.; Wei, C.; and Wang, X. 2024.
Improving causal inference of large language models with
scm tools. In CCF International Conference on Natu-
ral Language Processing and Chinese Computing, 3–14.
Springer.

Huang, L.; Yu, W.; Ma, W.; Zhong, W.; Feng, Z.; Wang, H.;
Chen, Q.; Peng, W.; Feng, X.; Qin, B.; et al. 2025. A survey
on hallucination in large language models: Principles, tax-
onomy, challenges, and open questions. ACM Transactions
on Information Systems, 43(2): 1–55.

Hurst, A.; Lerer, A.; Goucher, A. P.; Perelman, A.; Ramesh,
A.; Clark, A.; Ostrow, A.; Welihinda, A.; Hayes, A.; Rad-
ford, A.; et al. 2024. GPT-4o system card. arXiv preprint
arXiv:2410.21276.

Jin, Z.; Chen, Y.; Leeb, F.; Gresele, L.; Kamal, O.; Lyu, Z.;
Blin, K.; Gonzalez Adauto, F.; Kleiman-Weiner, M.; Sachan,
M.; et al. 2023. Cladder: Assessing causal reasoning in lan-
guage models. Advances in Neural Information Processing
Systems, 36: 31038–31065.

Li, B.; Zhang, Y.; Guo, D.; Zhang, R.; Li, F.; Zhang,
H.; Zhang, K.; Zhang, P.; Li, Y.; Liu, Z.; et al. 2024.
Llava-onevision: Easy visual task transfer. arXiv preprint
arXiv:2408.03326.

Li, C.; Wu, W.; Zhang, H.; Xia, Y.; Mao, S.; Dong, L.;
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