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1College of Computer Science and Technology, National University of Defense Technology, Changsha, Hunan, China
2Academy of Military Science, Beijing, China

Abstract

Multi-agent debate (MAD) systems improve collective deci-
sion quality by aggregating diverse perspectives. However, this
open interaction introduces security vulnerabilities. While ex-
isting research primarily focuses on single-agent attacks, threats
from adversarial coalitions remain underexplored. There-
fore, we propose the Dynamic Cognitive Manipulation Attack
(DCMA), a framework to investigate how adversarial coali-
tions exploit sociocognitive dynamics to manipulate group con-
sensus. DCMA consists of two components: a coordination
mechanism that dynamically synchronizes coalition intentions
through a perception–refinement–execution loop, and a strate-
gic engine that selects appropriate persuasion strategies based
on debate context. Empirical evaluations across four large lan-
guage models validate the attack’s effectiveness, with Attack
Success Rate (ASR) reaching up to 22.9% and convergence de-
lay nearly doubling compared to uncoordinated attacks. Our
analysis also reveals three sociocognitive vulnerabilities: do-
main vulnerability asymmetry, latent process contamination,
and scale-amplified vulnerability. Finally, we propose detec-
tion schemes and identify future research directions to address
the limitations of existing defenses.

Keywords: Multi-agent systems; Adversarial coalition; Group
consensus

Introduction
Collective intelligence leverages group interaction as an error-

correction mechanism, where sharing evidence and critique

leads to improved convergence (Pilgrim et al., 2025). MAD

systems utilize LLM-based agents (L. Wang et al., 2024; Xi

et al., 2023) to explore collective intelligence alongside the

development of NLP. Recent advances demonstrate that MAD

systems function as in-silico social simulators, where agents

spontaneously exhibit complex social dynamics including po-

larization and conformity (Park et al., 2023; Piao et al., 2025).

In MAD, intelligent agents adopt distinct perspectives and

refine arguments through iterative exchanges via multi-party

collaboration and adversarial competition (Chen et al., 2025;

Ma et al., 2025). The multi-agent interaction process fa-

cilitates consensus and consistently outperforms individual

agents in tasks ranging from factual verification (Huang &

Caragea, 2026) to normative judgment (T. Hu et al., 2025).

However, the inherent openness of MAD protocols intro-

duces security vulnerabilities. Recent studies have begun

exploring individual vulnerabilities (Amayuelas et al., 2024;

Liu et al., 2025) and specific jailbreak strategies (Qi et al.,

2025). The prevailing threat models predominantly focus on

(a) Single-Point Failure (b) Coordinated Contagion
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Figure 1: (a) Single-agent attack: isolated attackers are fil-

tered as noise. (b) Coordinated contagion: coalitions lever-

age social reinforcement to breach honest agents’ resistance

threshold.

single-agent attacks, overlooking the threat posed by adver-

sarial minority coalitions. The theory of complex contagions

(Centola & Macy, 2007) from social epistemology suggests

that shifting entrenched beliefs requires reinforcement from

multiple sources. This creates a structural barrier that isolated

single-agent attacks inherently cannot overcome; as illustrated

in Figure 1, uncorroborated claims are typically filtered as

noise by the majority. However, when adversaries form coali-

tions to provide mutual social reinforcement, they transform

this structural barrier into an exploitable vulnerability. Recent

research has further demonstrated that LLM-based agents ex-

hibit lower acceptance thresholds than humans, enabling them

to act as amplifiers in social contagion processes (Hitz et al.,

2025), which renders MAD systems particularly susceptible

to the influence of a minority. Consequently, our study fo-

cuses on whether adversarial minority coalitions can manip-

ulate agent consensus by exploiting social influence patterns

inspired by anchoring bias (Tversky & Kahneman, 1974),

authority heuristics (Sperber et al., 2010), and social proof

(Cialdini, 2009). Beyond outcome reversal, we further exam-

ine whether such attacks induce process-level degradation in

collective reasoning in LLM-based debate systems.

To investigate the above core problems, we propose

the Dynamic Cognitive Manipulation Attack (DCMA), a

framework that operationalizes coordinated minority influ-

ence within standard unprivileged MAD protocols. DCMA

consists of two synergistic components: the Coordination

Mechanism, which ensures coalition coherence through a

perception–refinement–execution loop, and the Strategic En-
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gine, which dynamically selects persuasion tactics based on

debate context.

Our evaluation across four LLM backbones and diverse

benchmarks confirms that coordinated minorities exert syner-

gistic influence, with Attack Success Rate (ASR) reaching up

to 22.9% and convergence delay nearly doubling compared

to uncoordinated attacks. The key contributions of our paper

are:

• We develop a realistic threat model and introduce the

DCMA framework to operationalize adversarial minority

coalitions.

• We demonstrate that DCMA produces synergistic effects

that amplify influence beyond isolated attacks, while expos-

ing latent process contamination and domain vulnerability

asymmetry.

• We reveal a counter-intuitive scale-amplified vulnerability,

propose corresponding detection mechanisms, and outline

future research directions to address current defense limita-

tions.

Related Work
Multi-agent debate. MAD systems overcome the cognitive

limitations of single-agent systems by employing structured

discourse, where agents engage in iterative exchanges that

enhance reasoning and decision-making. These frameworks

facilitate collaborative refinement and adversarial critique, us-

ing dialectical conflict to expose logical fallacies, suppress

overconfidence, and improve solution granularity (Chan et

al., 2024; Cui et al., 2025; Liang et al., 2024; Sun et al.,

2025). Such interaction mirrors human cognitive strategies,

such as peer review, and effectively mitigates hallucinations

and fosters rigorous chain-of-thought reasoning. Empirical

studies demonstrate that MAD outperforms single-agent base-

lines across a wide range of tasks, from factual verification to

normative judgment (T. Hu et al., 2025; Jeong et al., 2026; Ki

et al., 2025; Ning et al., 2025). Consequently, these systems

are increasingly deployed in high-stakes domains, including

clinical diagnosis and legal judgment prediction (Kang et al.,

2026; Z. Wang et al., 2025).

Security in Multi-Agent Systems. Security research in

multi-agent systems has predominantly focused on single-

agent attacks, demonstrating how individual attackers distort

outcomes via persuasive rhetoric or injections (Amayuelas et

al., 2024; Cui & Du, 2025; Liu et al., 2025; Qi et al., 2025).

In contrast to this focus on isolated agents, adversarial collu-

sion has been extensively modeled in economic contexts, such

as algorithmic price-fixing and auction manipulation (Chica

et al., 2025; Paudel & Das, 2024), and recently explored in

MARL (Li et al., 2025). Nonetheless, these frameworks prior-

itize financial utility or cumulative rewards. A significant la-

cuna persists regarding epistemic collusion in language-based

MAD, wherein coordinated influence functions through social

reinforcement rather than payoff optimization.

Problem Formulation & Threat Model

Environment Definition. Following standard MAD frame-

works (Du et al., 2024), we formalize the environment as

a tuple E = (A,Y, 𝑇, 𝑥,P). Here, A = {𝑎1, . . . , 𝑎𝑁 }

represents a population of 𝑁 agents, each initialized with

a distinct persona to promote cognitive diversity. Y de-

notes the set of candidate options, and 𝑇 is the maximum

number of debate rounds. The input task 𝑥 is formulated

as a multiple-choice question. At each round 𝑡, the en-

vironment maintains a public state I𝑡 = {𝑥,H𝑡−1}, where

H𝑡−1 = {(𝑢𝜏,𝑖 , 𝑦𝜏,𝑖)}𝜏<𝑡,𝑖∈A captures the history of all prior

utterances and votes. Each agent 𝑎𝑖 observesI𝑡 and executes a

composite action (𝑢𝑡 ,𝑖 , 𝑦𝑡 ,𝑖), comprising a linguistic utterance

𝑢𝑡 ,𝑖 and a vote 𝑦𝑡 ,𝑖 ∈ Y. The empirical vote share of option

𝑦 at round 𝑡 is defined as 𝑝𝑡 (𝑦) = 1
𝑁

∑𝑁
𝑖=1 I(𝑦𝑡 ,𝑖 = 𝑦), where

I(·) is the indicator function. The protocol P implements

a dynamic termination mechanism governed by a consensus

threshold 𝛿 ∈ (0.5, 1]. Specifically, the debate concludes at

round 𝑡 if max𝑦∈Y 𝑝𝑡 (𝑦) ≥ 𝛿; otherwise, deliberation contin-

ues until round 𝑇 . The final group decision is determined by

majority voting at the terminal round.

Threat Model. We define a minority collusion setting

derived from a series of realistic adversarial coordination sce-

narios. A coalition C ⊂ A attempts to manipulate the con-

sensus toward a target 𝑦∗ ≠ 𝑦correct, subject to a threshold

𝛿 = 0.75 and an adversary ratio |C| ≈ 0.25𝑁 . This con-

figuration imposes stricter constraints than prior studies on

multi-agent manipulation, which often assume higher adver-

sarial ratios, such as 2:1 or simple majority contexts (Khan

et al., 2024; Liu et al., 2025). By placing the coalition at

a structural disadvantage (25% � 75%), we test the critical

mass hypothesis from social dynamics (Centola et al., 2018):

whether a minimal tipping point of approximately 25% can

exploit sociocognitive vulnerabilities to breach the threshold

protocol. The threat model imposes three constraints aligned

with real-world operations: (1) Black-Box Access: manipula-

tion is limited to natural language utterances (semantic level)

(J. Hu et al., 2026), simulating unprivileged users without ac-

cess to model weights or gradients; (2) No Protocol Control:
adversaries cannot alter parameters such as 𝛿, 𝑇 , or the speak-

ing order; and (3) Out-of-Band Coordination: the coalition

coordinates via a private external channel, simulating central-

ized command-and-control operations (MITRE, 2024).

Methodology

Our proposed DCMA operationalizes coordinated minority

influence within standard, unprivileged MAD protocols, as

illustrated in Figure 2. It consists of two key components:

the coordination mechanism, which enforces coalition coher-

ence via a recursive perception–refinement–execution loop,

and the strategic engine, which selects appropriate persuasion

strategies based on debate context.
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Figure 2: Overview of DCMA: (Left) Adversarial MAD environment; (Right) Hidden adversarial layer with coordination

mechanism and strategic engine; (Bottom) Manipulated Consensus Trajectory.

Coordination Mechanism
To ensure that the coalition’s collective impact exceeds the

sum of its parts, the Coordination Mechanism synchronizes

the manipulation goal while ensuring that individual adver-

sarial utterances are mutually reinforcing rather than contra-

dictory or redundant. The coordination process begins with

State Perception. Beyond simple vote counting, the coalition

monitors the debate landscape to quantify the epistemic vul-

nerability of honest agents by analyzing their semantic output.

We define a perception function Ψ that maps an agent’s ut-

terance 𝑢𝑡 , 𝑗 and debate history H𝑡−1 to a multi-dimensional

confidence state:

c𝑡 , 𝑗 = Ψ(𝑢𝑡 , 𝑗 ,H𝑡−1) ∈ [0, 1]2 (1)

where c𝑡 , 𝑗 = [𝛼𝑡 , 𝑗 , 𝛽𝑡 , 𝑗 ]
� captures two distinct cognitive di-

mensions: (i) self-conviction 𝛼𝑡 , 𝑗 , the commitment to their

current position; and (ii) openness 𝛽𝑡 , 𝑗 , the receptivity to op-

posing views. Ψ is implemented via an LLM-based evaluator

designed to identify linguistic markers of certainty, such as

hedging devices and epistemic modals.

Following the perception computation, we integrate these

confidence states with the global vote distribution v𝑡 into

a unified state representation z𝑡 = [v𝑡 , {c𝑡 , 𝑗 } 𝑗∈A𝐻 ], where

A𝐻 = A \ C denotes the set of honest agents. This uni-

fied state is subsequently passed to the Strategic Engine to

compute the optimal intervention strategy 𝑠∗𝑡 .
Upon receiving the strategy 𝑠∗𝑡 , the mechanism advances

to Tactical Refinement. To convert abstract strategy into a

concrete execution plan, the coalition employs a three-step

handshake protocol via a private channel. Inspired by TCP

connection establishment (Postel, 1981), this process iterates

through Draft (initial proposal), Refine (optimization), and

Confirm (consensus) to ensure execution coherence. This

negotiation process culminates in a unified tactical directive

𝑔𝑡 comprising the target option, specific rhetorical tactics, and

role assignments. For instance, when the Strategic Engine

mandates a Social Proof strategy, the protocol refines the plan

into complementary execution roles. Specifically, the system

assigns an Anchor (𝑎𝛼) to introduce fabricated evidence as a

cognitive reference, and a Validator (𝑎𝛽) to reinforce it through

independent corroboration.

Finally, the system enters the Execution phase. The guide-

line 𝑔𝑡 and debate history H𝑡 are provided as prompts to each

coalition agent, which generates role-consistent utterances and

votes accordingly.

Strategic Engine
Static persuasion strategies often fail to adapt to the rapidly

shifting dynamics of MAD. To overcome this, our Strategic

Engine dynamically optimizes tactical selection by grounding

decisions in real-time debate states and established social in-

fluence theories. To provide a quantitative basis for strategy

selection, the engine first characterizes the current group con-

sensus by deriving three diagnostic metrics from the unified

state representation z𝑡 :
First, we define Cognitive Entropy (H𝑡 ) to quantify opinion
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Strategy Stage Mechanism Theoretical Basis
Authority Fabrication Early Falsify sources to establish fake expertise Epistemic vigilance (Sperber et al., 2010)
Consensus Manipulation Mid Create illusory majority atmosphere Illusion of consensus (Yousif et al., 2019)
Doubt Seeding Early–Mid Question premises to induce uncertainty Negativity bias (Rozin & Royzman, 2001)
Evidence Fabrication Mid Construct hallucinated logic chains Thinking is believing (Mandelbaum, 2014)
Social Proof Mid Mutual validation between colluders Social learning (Toyokawa et al., 2019)
Confusion Amplification Late Flood context with irrelevant complexity Cognitive load (Sweller, 1988)
Credibility Undermining Mid–Late Attack reliability of honest agents Argumentative theory (Mercier & Sperber, 2011)
Adaptive Pivot Any Shift targets and narratives strategically Rational metareasoning (Lieder & Griffiths, 2017)

Table 1: Cognitive attack strategy library. The strategic engine selects strategies based on 𝚽𝑡 and temporal constraints.

fragmentation, drawing inspiration from information theory

(Shannon, 1948). Calculated as the entropy of the vote distri-

bution, this metric reflects the diversity of agent positions:

H𝑡 = −
∑
𝑦∈Y

𝑝𝑡 (𝑦) log2 𝑝𝑡 (𝑦) (2)

High H𝑡 indicates a fractured consensus susceptible to mi-

nority influence, whereas low entropy signals a converged

majority.

Second, we calculate Consensus Distance (𝐷𝑡 ) to mea-

sure the normalized deficit between the dominant option

and the adversarial target, aligning with social judgment

theory (Sherif & Hovland, 1961). Formally, let 𝑦lead =
arg max𝑦 𝑝𝑡 (𝑦) be the current majority choice; the distance

is defined as:

𝐷𝑡 =
𝑝𝑡 (𝑦lead) − 𝑝𝑡 (𝑦

∗)

𝑝𝑡 (𝑦lead) + 𝜖
(3)

where 𝜖 is a small constant added for numerical stability. A

larger 𝐷𝑡 implies the target lies deeply within the group’s

latitude of rejection, necessitating high-credibility strategies

to bridge the gap.

Finally, we formulate Temporal Urgency (𝑈𝑡 ) to model the

psychological pressure of approaching deadlines, grounded in

the need for cognitive closure (Kruglanski & Webster, 1996).

We define this metric as the normalized progression of the

debate rounds:

𝑈𝑡 =
𝑡

𝑇
(4)

As 𝑈𝑡 increases toward unity, the coalition intensifies persua-

sion efforts to capitalize on the diminishing time window.

Context-Aware Strategy Selection. We aggregate the de-

rived metrics into a feature set 𝚽𝑡 = (H𝑡 , 𝐷𝑡 ,𝑈𝑡 , {c𝑡 , 𝑗 }) to

quantify the consensus state of the current round. However,

effective persuasion requires contextualizing these immediate

signals within the evolving discourse history H𝑡−1. Tradi-

tional classifiers lack the semantic reasoning capabilities re-

quired to interpret the complex rhetorical nuance embedded

in such history. To address this limitation, we leverage LLMs

to integrate these distinct information sources. Specifically,

we construct a heterogeneous input comprising: (1) the quan-

titative state 𝚽𝑡 ; (2) the full debate history H𝑡−1; and (3)

semantic definitions from the strategy library S (Table 1).

Through few-shot prompting, the model performs analogical

reasoning over annotated exemplars to map this combined data

and semantic context directly to the optimal strategy 𝑠∗𝑡 .

Experiments and Analysis
Experimental Setup
Datasets. We evaluate on four datasets spanning normative

to factual domains: MMLU (Hendrycks et al., 2021) (fo-

cusing on moral/social reasoning where group deliberation is

meaningful), MedMCQA (Pal et al., 2022) (medical context

representing high-stakes scenarios), FARM (Xu et al., 2024)

(factual retrieval as a robustness control), and SCALR (Guha

et al., 2023) (logical consistency). Combining these datasets

enables us to examine differences in cognitive vulnerability

between normative and empirical domains.

Setup & Baselines. We simulate debates with 𝑁 = 8

agents (𝑀 = 2 adversaries, 25%) over 𝑇 = 5 rounds, us-

ing majority voting with a termination threshold 𝛿 = 0.75,

consistent with the proposed threat model. Four foun-

dation models are employed: GPT-4o (OpenAI, 2024),

GPT-3.5-Turbo (OpenAI, 2022), Llama-3.1-8B (Dubey et

al., 2024), and Qwen3-8B (Yang et al., 2025). To rigorously

isolate the contributions of adaptivity, scale, and coordina-

tion, we implement a factorial design with five conditions:

(i) Control (Ctl): all honest agents; (ii) Single-Static (S-S):
one adversary with fixed prompts (Amayuelas et al., 2024);

(iii) Single-Adaptive (S-A): one adversary with strategic en-

gine; (iv) Random Collusion (R-C): two adversaries with

strategic engine but no coordination; (v) DCMA: full frame-

work with both mechanisms. We treat S-S as the explicit prior

attack baseline and use the remaining conditions as matched

comparisons to isolate adaptivity (S-S vs. S-A), numerical

advantage (S-A vs. R-C), and coordination (R-C vs. DCMA).

Metrics. We evaluate attack effectiveness at both outcome

and process levels. At the outcome level, we measure Ac-

curacy Degradation (ΔAcc) relative to the honest baseline to

assess systemic damage. To specifically quantify manipula-

tion efficacy, we define Attack Success Rate (ASR) (Morris

et al., 2020) as the percentage of originally correct instances

successfully reversed by the coalition. We isolate the subset

Dcorrect where the honest baseline yields the correct ground

truth 𝑦gt. The ASR is computed as:

ASR =
1

|Dcorrect |

∑
𝑥∈Dcorrect

I

(
𝑦̂atk (𝑥) ≠ 𝑦gt (𝑥)

)
(5)

where 𝑦̂atk denotes the consensus outcome under adversarial

conditions. By conditioning on Dcorrect, this metric strictly
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Figure 3: Accuracy drop across MMLU subjects (GPT-4o). Normative domains (e.g., Moral Disputes) show stronger vulnera-

bility than factual ones (e.g., Virology).

Accuracy (%) Process Metrics
Model Ctl S-S S-A R-C DCMA ASR MDR Rds
GPT-4o 69.7 68.8 67.1 65.9 62.8 8.7 24.7 1.2→ 2.2

Llama-3.1-8B 54.8 50.1 53.1 46.6 42.4 22.9 14.0 1.9→ 2.7
Qwen3-8B 59.8 60.0 61.1 55.4 50.3 15.7 24.2 1.2→ 2.2

GPT-3.5-Turbo 68.1 63.5 61.3 61.2 58.3 10.9 29.5 1.1→ 2.0

Table 2: Attack effectiveness across conditions: (i) Ctl: con-

trol; (ii) S-S: single-static; (iii) S-A: single-adaptive; (iv) R-C:

random collusion; (v) DCMA: full framework. Rds: rounds

to consensus (Ctl→DCMA).

decouples attack efficacy from the model’s intrinsic capabil-

ities, ensuring performance drops are solely attributable to

adversarial intervention. At the process level, we introduce

the Misinformation Diffusion Rate (MDR) to quantify cogni-

tive contamination. Grounded in complex contagion theory

(Centola & Macy, 2007), which emphasizes that belief adop-

tion requires sustained exposure, MDR measures the average

penetration of the adversarial target 𝑦∗ among honest agents:

MDR =
1

𝑇 · |A𝐻 |

𝑇∑
𝑡=1

∑
𝑖∈A𝐻

I
(
𝑦𝑖,𝑡 = 𝑦∗

)
(6)

where A𝐻 is the set of honest agents, and 𝑦𝑖,𝑡 is the vote of

agent 𝑖 at round 𝑡. Unlike ASR, MDR reveals latent vulner-

abilities by capturing transient adoption of fallacies during

deliberation, even if the final consensus remains correct.

Results and Analysis
Table 2 summarizes experimental results across four LLMs,

reporting consensus accuracy under five conditions alongside

process-level metrics (ASR, MDR, rounds) under DCMA.

Across all models, DCMA consistently yields the lowest accu-

racy, demonstrating its effectiveness as a collaborative attack

framework. Notably, Llama-3.1-8B exhibits the greatest

vulnerability, with accuracy declining from 54.8% to 42.4%

(ASR: 22.9%), while GPT-4o maintains 62.8% accuracy,

demonstrating relatively stronger cognitive resistance, poten-

tially attributable to its larger model scale. All models show

increased convergence latency, indicating cognitive overhead

from coordinated interference.

Ablation Analysis. The contribution of each DCMA com-

ponent was systematically isolated through controlled com-

parisons. The discrepancy between S-S and S-A substantiates

the efficacy of the strategic engine: under identical single-

adversary conditions, adaptive policy selection caused per-

formance degradation in both GPT-4o and GPT-3.5-Turbo
models. The comparison between S-A and R-C reveals that

increasing the number of adversaries leads to further per-

formance decline. Moreover, the comparison between R-C

and DCMA demonstrates synergistic effects arising from co-

ordination: collaborative attackers inflict noticeably greater

performance degradation than an equivalent number of in-

dependent attackers (the GPT-4o model, for instance, drops

from 65.9% to 62.8%). This ablation chain confirms that

both adaptive strategy and coordination mechanism uniquely

contribute to DCMA’s effectiveness, generating an amplified

effect exceeding the sum of isolated attacks.

Domain Vulnerability Asymmetry. We expanded GPT-

4o experiments across all 57 MMLU topics to further inves-

tigate domain-specific vulnerabilities. Figure 3 displays the

32 topics with the largest accuracy fluctuations. Noticeable

disparities emerge: open-ended domains like Moral Disputes

and Aging suffered the steepest declines (both 0.25), as their

socially constructed nature renders them susceptible to tactics

such as social proof. In contrast, rule-based domains demon-

strate epistemic resilience: Formal Logic and Jurisprudence

both maintained perfect stability (0.00), their rigorous deduc-

tive reasoning forming robust barriers against manipulation.

Semi-factual domains such as Virology (0.10) and Clinical

Chemistry (0.17) exhibited moderate vulnerability, suggest-

ing attacks can still take effect when consensus remains nego-

tiable.

Latent Process Damage. Figure 4 reveals latent process

damage by identifying the upper-left region of high MDR and

low ASR as the hidden damage zone. Within this zone, sub-

stantial cognitive contamination persists even when the final

consensus remains correct. For instance, GPT-3.5-Turbo ex-

hibits a 29.5% MDR despite low ASR, indicating that nearly
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Figure 4: ASR–MDR tradeoff across models. Bubble size

indicates rounds to consensus. Shaded region denotes the

hidden damage zone.

one-third of honest agents were temporarily misled by ad-

versarial narratives. The increased convergence delay (from

1.1 to 2.0 rounds) reflects the decision overhead induced by

conflicting arguments. These results show that relying solely

on outcome accuracy obscures both severe internal disruption

and latent misinformation propagation caused by coordinated

attacks.

Scale Amplifies Vulnerability. Figure 5 reveals a

counterintuitive finding: under a fixed adversarial ratio,

larger groups become more susceptible to coordinated at-

tacks. Conventional wisdom, grounded in the wisdom of
crowds (Surowiecki, 2004), suggests that scaling up collec-

tives enhances robustness through error cancellation, a pre-

diction that holds for uncoordinated attacks (Random Collu-

sion), where accuracy stabilizes at 63.2% on GPT-3.5-Turbo
as 𝑁 increases to 16. However, DCMA exhibits the opposite

trend, driving accuracy down to 44.7% at the same scale.

This reversal is consistent with the theory of complex con-

tagions (Centola & Macy, 2007): unlike independent errors

which dilute with increasing scale, coordinated adversaries

inject correlated signals that provide multi-source reinforce-

ment. Consequently, as group size grows, more agents serve

as amplification nodes rather than error-correctors, transform-

ing scale from a defensive asset into a structural liability.

Discussion
Given the severity of DCMA, we investigate whether de-

tection and mitigation are feasible. Leveraging group-level

cognitive entropy H𝑡 (Eq. 2), we construct a task-level
detector: honest deliberations exhibit rapid entropy decay

(H : 0.21 → 0.02) while attacked groups maintain persistent

disagreement (H : 0.75 → 0.63). We evaluate detection per-

formance using the Area Under the Receiver Operating Char-

acteristic Curve (AUC), a threshold-independent metric where

Figure 5: Scalability analysis (𝑁 ∈ {8, 12, 16}). DCMA

maintains effectiveness in larger groups, while uncoordinated

attacks diminish.

1.0 indicates perfect discrimination and 0.5 represents chance

level (Fawcett, 2006). Our entropy-based detector achieves

AUC = 0.90. For agent-level identification, adapting S. Wang

et al. (2025), we measure each agent’s voting stability as po-

sitional variance across rounds—adversaries exhibit anoma-

lously low variance (rigid voting), yielding AUC = 0.88.

However, detection does not equate to defense. We attempt

mitigation through (1) downweighting suspected adversaries

proportionally to detection confidence, and (2) injecting warn-

ing prompts to honest agents (Amayuelas et al., 2024). Both

fail to recover accuracy (ΔAcc = −0.13% and −0.18%). This

reveals a fundamental asymmetry between detection and mit-

igation. Before a consensus forms, completely silencing sus-

pected adversaries risks suppressing legitimate dissent; yet

partial measures prove insufficient as honest agents cannot

reliably distinguish adversarial reasoning from genuine coun-

terarguments. Once any honest agent updates its belief, it

becomes indistinguishable from adversaries in subsequent de-

tection, causing mitigation to fail entirely. Future work must

explore inherently robust protocols, early-stage intervention,

and argumentation-quality evaluation beyond voting patterns.

These findings are specific to MAD systems instantiated with

LLM agents, and their relationship to human group delibera-

tion remains an important direction for future validation.

Conclusion
We introduced DCMA, a framework that operationalizes co-

ordinated minority influence through the coordination mech-

anism and strategic engine. Our evaluation demonstrates that

DCMA produces significant synergistic effects, with ASR

reaching up to 22.9% and nearly doubling the convergence

delay, while exposing three sociocognitive vulnerabilities: do-

main vulnerability asymmetry, latent process contamination,

and scale-amplified vulnerability. Furthermore, we demon-

strate that task-level and agent-level detection are feasible, yet

effective mitigation remains elusive due to the indistinguisha-

bility between contaminated honest agents and adversaries.

Our findings expose the sociocognitive fragility of multi-agent

debate and provide viable directions for future defense mech-

anisms.
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