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Abstract

Multi-agent debate is increasingly used to im-
prove large language model (LLM) reasoning
and to support alignment-oriented judgments,
yet these systems risk collapsing into homoge-
neous arguments (“groupthink™). Existing eval-
uations often conflate prompt language with
topic selection and other pipeline variations,
making it difficult to attribute homogeneity
to specific design factors. We address this
problem with a pre-registered, design-based
randomized controlled trial that isolates the
causal effects of (i) topic-selection policy and
(i1) language conditioning on debate homogene-
ity. Our two-stage randomization first samples
a policy domain and then a motion from a bilin-
gual WUDC 2023-2025 motion pool; for each
motion, we run paired Chinese and English de-
bate sessions with yoked model-to-role assign-
ments, randomized language order, and strict
context resets. We operationalize homogene-
ity using a multilingual Homogeneity Index
that combines lexical similarity (generalized
Jensen—Shannon divergence under a shared to-
kenizer) and semantic similarity (embedding-
based cosine aggregation), with anchored stan-
dardization to enable cross-language compara-
bility. Across 99 paired motion draws, switch-
ing to Chinese causes a large increase in homo-
geneity (ATE = 0.499, 95% CI [0.442, 0.556],
Fisher p < 0.001), substantially larger than
domain-level differences, which are statisti-
cally subtle after multiple-comparison control.
These findings identify language conditioning
as a dominant driver of convergence in multi-
agent debates and motivate multilingual-aware
evaluation and mitigation for debate-based sys-
tems.

1 Introduction

Multi-agent debate frameworks have emerged as
a prominent technique for enhancing the rea-
soning capabilities of LLMs (Li et al., 2024;
Guo et al., 2024) and have also been used for

alignment-related preference labeling (e.g., help-
fulness/harmlessness) (Li et al., 2024). While
these systems aim to aggregate diverse perspec-
tives, they face a critical risk known as homogene-
ity. If agents in a debate rapidly converge to a single
viewpoint (i.e., limited perspective diversity), the
debate may lose the corrective safety benefits en-
visioned by adversarial argumentation and instead
reinforce or amplify underlying model biases (Irv-
ing et al., 2018; Taubenfeld et al., 2024; Oh et al.,
2025). Therefore, understanding which design fac-
tors causally drive this convergence is essential for
building reliable multi-agent systems (Weng et al.,
2025; Wu et al., 2025).

Current multi-agent debate research is typi-
cally evaluated via empirical comparisons on fixed
benchmarks against prompting baselines (e.g.,
Chain-of-Thought or Self-Consistency) (Smit et al.,
2024; Zhang et al., 2025b). While valuable,
these studies often struggle to isolate the specific
causes of homogeneity because language differ-
ences are frequently entangled with topic selection
and model pipeline variations (Anonymous, 2025a;
Gevers et al., 2025). For instance, it remains un-
clear whether observed differences in debate out-
comes are driven by prompt language (Enomoto
et al., 2025), the specific controversy of a topic
(Chuang et al., 2025; Anonymous, 2025a), or the
translation artifacts in the prompt (Anonymous,
2025b; Gevers et al., 2025). Without controlling
for these confounding variables, we cannot deter-
mine whether a system is truly diverse or merely
responding to specific artifacts in the experimental
setup.

In this paper, we address this gap by conduct-
ing a pre-registered Randomized Controlled Trial
(RCT) to quantify the causal effects of topic selec-
tion and language on debate homogeneity (Nosek
et al., 2018; Pearl, 2009). Unlike observational
studies, our design strictly separates these factors
through a two-stage randomization process (Hud-



gens and Halloran, 2008). First, we randomize the
assignment of policy domains across motion draws
to isolate the effect of topic selection rules. Second,
we randomize the language condition within the
same sampled motion using a paired design (Imai
et al., 2009). Specifically, we compare an English
condition using original motion text against a Chi-
nese condition using translated motion text. To
further control for model-specific biases, we ran-
domize the assignment of four distinct LLMs to
debate roles and yoke this assignment across the
paired language conditions. We measure the out-
come using a quantitative Homogeneity Index (HI)
designed to be comparable across languages.

Our study yields robust causal evidence regard-
ing cross-lingual disparities in multi-agent systems.
The primary finding is that the language condition
exerts a substantial causal effect on debate out-
comes. We observe that debates conducted in the
Chinese condition are consistently more homoge-
neous than debates on the identical motions in the
English condition. In contrast, we find limited evi-
dence that the policy domain itself acts as a primary
driver of average homogeneity once sampling vari-
ability is accounted for. These results hold even
when controlling for the specific controversy level
of the motion and the allocation of models to spe-
cific speaking positions.

This work contributes to the field of computa-
tional social science and Al safety by providing
a rigorous identification strategy for evaluating
multi-agent behaviors. Our findings suggest that
current alignment techniques may behave differ-
ently across linguistic contexts, potentially lead-
ing to lower diversity in non-English deployments.
By formalizing the measurement of homogeneity
through an experimental design, we offer a method-
ological framework for future research to disen-
tangle the complex interactions between language,
culture, and model behavior in multi-agent sys-
tems.

2 Related Work

2.1 Multi-agent Debate

Multi-agent debate has emerged as a robust “so-
ciety of minds” paradigm, primarily investigated
as an instrumental mechanism for improving LLM
reasoning and factuality (Du et al., 2024; Liang
etal., 2024). To maximize these performance gains,
recent literature has extensively explored the de-
sign space of debate protocols. Significant attention

has been directed toward structural interventions,
such as optimizing communication topologies (e.g.,
sparse vs. fully connected graphs) to control infor-
mation flow (Li et al., 2024), and introducing ex-
plicit control components like judge agents or vot-
ing mechanisms to aggregate consensus (Kaesberg
et al., 2025; Chan et al., 2023). Complementary
approaches focus on agent specialization, promot-
ing diversity through distinct persona prompts (Li
et al., 2025), and efficiency-oriented protocols that
adaptively trigger debate only for uncertain queries
to reduce computational overhead (Eo et al., 2025;
Liu et al., 2024). While these studies demonstrate
that debate is a flexible framework with many dis-
tinct knobs, they predominantly evaluate systems
via head-to-head benchmark comparisons, treating
protocol choices as hyperparameters to be tuned for
accuracy rather than identifying their independent
causal effects on system dynamics.

However, the internal mechanisms of consensus
formation, specifically the risks of premature con-
vergence and homogeneity, remain insufficiently
characterized from a controlled perspective. Re-
cent work warns that multi-agent systems often
collapse into “echo chambers” due to inter-agent
sycophancy, where apparent consensus reflects con-
formity rather than truth (Yao et al., 2025; Zhang
et al., 2025a). Crucially, empirical evidence re-
garding the drivers of this homogeneity is often
entangled with confounding factors. For instance,
observed agreement may be an artifact of task struc-
ture (e.g., math problems with a single ground truth
naturally induce convergence) (Hendrycks et al.,
2021) rather than a protocol-level property. Con-
versely, it may be shaped by language-conditioned
priors, where non-English prompts trigger different
safety alignment behaviors or cultural norms (Tao
et al., 2024; Cau et al., 2025). Unlike prior observa-
tional studies that conflate these factors, our work
applies a randomized controlled trial (RCT) design
to explicitly disentangle the causal effects of topic
selection and language on debate homogeneity.

2.2 Homogeneity and Diversity in LL.Ms

Beyond the specific dynamics of debate, output
homogeneity has been identified as a broader risk
of post-training and alignment in LLMs: align-
ment can narrow the model’s output distribution
(“generative monoculture”) and induce measurable
reductions in output diversity, especially for open-
ended generation (Wu et al., 2024; O’Mahony et al.,
2024; Yun et al., 2025). In a more extreme form,



theoretical work on “model collapse” warns that
recursive training on model-generated data pro-
gressively erases the distributional tail, yielding
increasingly averaged and less diverse outputs (Shu-
mailov et al., 2023). In the context of safety align-
ment, this contraction can be understood as part
of an “alignment tax,” where preference optimiza-
tion (e.g., RLHF) trades off broader behavioral
coverage for safer and more consistent responses
(Ouyang et al., 2022; O’Mahony et al., 2024). Cru-
cially, empirical evidence suggests these effects are
not uniform across languages: multilingual audits
of overrefusal show that the same model can exhibit
substantially different safety decision boundaries
across language conditions, plausibly reflecting un-
even safety data coverage and English-centric align-
ment resources (Pan et al., 2025; Aakanksha et al.,
2024). Taken together, the homogeneity in LLMs
may reflect not only debate-level coordination, but
also language-conditioned conservatism introduced
by post-training and safety alignment.

Quantifying this phenomenon in a multilingual
setting presents a distinct methodological chal-
lenge. Standard diversity metrics in text genera-
tion are primarily surface-form measures based on
token or n-gram statistics (e.g., Self-BLEU and n-
gram Shannon entropy) (Zhu et al., 2018; Tevet and
Berant, 2021). While effective for single-language
comparisons, these metrics become fragile in cross-
lingual designs because they are highly sensitive to
tokenization and preprocessing choices, which can
substantially change n-gram counts and overlap-
based scores (Post, 2018; Kudo and Richardson,
2018). Moreover, strict lexical metrics fail to cap-
ture semantic trajectories in multi-turn debates:
agents can vary wording while repeating the same
underlying argument, so lexical diversity does not
necessarily imply semantic diversity (Tevet and
Berant, 2021; Fang and Jiang, 2022; Shen et al.,
2022).

Consequently, robust evaluation benefits from
combining tokenization-agnostic distributional
measures with semantic similarity in embedding
space. We operationalize distributional homo-
geneity using the (generalized) Jensen—Shannon
divergence, a bounded, symmetric divergence
that does not require matching supports (Nielsen,
2020; Englesson and Azizpour, 2021). For se-
mantic homogeneity, we compute cosine simi-
larity in multilingual sentence-embedding space
(e.g., SBERT/LaBSE) and perform clustering based
on these representations (Reimers and Gurevych,

2019; Feng et al., 2022). This composite setup fol-
lows common practice in LLM diversity evaluation,
where embedding-based distances capture seman-
tic variation and distributional measures (e.g., en-
tropy/topic coverage) quantify coverage (Yun et al.,
2025).

2.3 Causal Inference in NLP

Existing causal approaches in NLP can be broadly
grouped into observational adjustment and model-
internal intervention. Observational work esti-
mates causal effects from non-experimental cor-
pora via confounding adjustment, e.g., matching,
propensity-score weighting (including IPTW), and
regression-based estimators, often treating text as
a high-dimensional measurement of confounders
(Keith et al., 2020; Chen et al., 2023). Model-
internal approaches, in contrast, either optimize
causality-aware objectives to approximate interven-
tional quantities such as P(Y | do(X = x)) under
explicit causal assumptions (Chen et al., 2023), or
probe mechanisms via interventions on internal
representations/activations (e.g., causal abstraction,
activation patching, and causal tracing) (Geiger
et al., 2021, 2025; Meng et al., 2023; Heimersheim
and Nanda, 2024). For multi-agent evaluations,
observational adjustment hinges on strong identi-
fication assumptions and text may fail to capture
unobserved confounding, while model-internal in-
terventions typically require white-box access that
is unavailable for many proprietary LLMs (Keith
et al., 2020; Chen et al., 2023; Geiger et al., 2025).

In contrast, our work adopts a design-based ex-
perimental approach, treating the debate system as
the experimental unit in a randomized controlled
trial (RCT) and using randomization-based infer-
ence to identify causal effects (Imbens and Rubin,
2015; Egami et al., 2022). Online controlled experi-
ments (A/B tests) are routine in industry product de-
velopment (Kohavi et al., 2020, 2009). However, to
our knowledge, evaluations of multi-agent debate
systems in academia are still typically benchmark-
driven comparisons and ablation studies on fixed
datasets, which makes it difficult to isolate the con-
tribution of any single design choice (e.g., topic
mix, difficulty, or language) (Smit et al., 2024;
Zhang et al., 2025b; Wynn et al., 2025). By prereg-
istering a two-stage randomization design, we re-
duce analytic flexibility and provide direct, model-
agnostic evidence of how language conditioning
affects debate homogeneity (Nosek et al., 2018).



3 Causal Framework & Methodology

We employ a pre-registered, design-based random-
ized experiment to identify the causal drivers of
homogeneity. Unlike observational studies that cor-
relate linguistic features with outcomes, our frame-
work formally isolates the effects of fopic-selection
policy and language conditioning through a two-
stage randomization design.

3.1 Problem Formulation

We formulate multi-agent debate generation as a
causal process indexed by session s. We aim to
estimate the effects of two treatments on the Ho-
mogeneity Index (Y3): (1) the topic policy Cs € C,
denoting the domain (e.g., Economics) from which
a motion is drawn; and (2) the language condition
Ly € {zh,en}, indicating whether the debate is
conducted in Chinese (translated) or English (origi-
nal).

Our primary estimands are the Average Treat-
ment Effect (ATE) of Language, Tjane =
E[Ys(zh) — Ys(en)], and the Policy Domain Ef-
fect ., which captures the intrinsic homogeneity
of specific domains. Standard observational setups
fail to identify these quantities, as topic difficulty
and language capability are often confounded; we
address this via the RCT described below.

3.2 The Randomized Controlled Trial (RCT)

We implement a two-stage randomization protocol
(Figure 1) combining between-draw and within-
motion randomization.

Stage 1: Policy-Domain Randomization
(Between-Draw). We constructed a bilingual mo-
tion pool sourced from WUDC (2023-2025). To
ensure robust categorization, two independent an-
notators coded all motions into 9 policy domains
(e.g., Economics, IR) based on a standardized code-
book. In this stage, for each experimental unit s,
we first uniformly sample a target domain C, and
then draw a specific motion M, (with replacement)
from that domain’s subset. We provide the code-
book and inter-coder reliability in the Appendix.

Stage 2: Language Pairing (Within-Motion).
We employ a paired design: for each sampled mo-
tion Mg, we execute two independent debate ses-
sions (Chinese and English). To ensure strict iso-
lation and eliminate temporal confounders, we re-
set the conversational context between conditions
and randomize the execution order (p = 0.5, e.g.,
Chinese-first vs. English-first).

Between-draw Randomization (T1) Y ,‘I Within-draw Pairing (T2 + Yoked Roles) \\l
| 1 | 1
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Figure 1: Flowchart of the randomization structure and
data generation process. The process is split into two
phases. T1 (Between-draw): For each draw s, a tempo-
ral block b is selected, followed by sampling a policy do-
main Cs ~ Unif(C*) and a motion M, ~ Unif (M, ).
T2 (Within-draw): A single role mapping 7 (yoking
4 models to roles P1, P2, O1, O2) and a language or-
der Oy € {zh-first,en-first} (with Pr = 0.5) are
sampled. Two debate sessions are then conducted se-
quentially based on O, with strict context reset between
them, yielding outcomes Y ,;, and Y cp,.

Agent Allocation and Yoked Roles. The de-
bate consists of four roles (P, P>, O1, O9) filled
by four fixed LLMs (GPT-5.2 (OpenAl, 2025),
Claude Sonnet 4.5 (Anthropic, 2025), DeepSeek-
V3.2 (DeepSeek, 2025), Mistral Large 3 (Mistral
Al 2025)). To prevent model-specific identities
from confounding the results, we sample a ran-
dom permutation mapping models to roles at the
start of each draw. Crucially, we use Yoked Roles:
The same model-to-role mapping is applied to both
the Chinese and English sessions of the same mo-
tion. This ensures that the within-motion contrast
Ag =Y, ;1 — Y en reflects purely the language ef-
fect, not differences in which model played which
position.

Figure 2 summarizes the identification assump-
tions implied by our two-stage randomized design;
arrows encode dependencies relevant for identifi-
cation rather than mechanistic claims. The DAG
reflects the design-based identification assumptions
implied by our randomized procedure and analysis
plan; it is not intended as a mechanistic model of
internal LLLM processes.

3.3 Identification Strategy

Our causal claims rely on design-based identifica-
tion rather than statistical adjustment.
Identification of Language Effects. Since lan-
guage L, is randomized within the same motion
draw (Stage 2), all motion-specific confounders
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Figure 2: Identification DAG for the two-stage randomized debate experiment. Arrows encode assumed depen-
dencies used for identification, not established effects. The thick edge highlights the primary estimand (language

effect).

Uy (e.g., inherent complexity, one-sidedness) are
perfectly balanced. The randomization of order
and context clearing ensures the Stable Unit Treat-
ment Value Assumption (SUTVA) holds. Thus, the
difference in means provides an unbiased estimator
of the causal language effect:

S
A = g O Vo~ Yow) ()
s=1

Identification of Policy Effects. In Stage 1,
the domain Cj is assigned randomly within tem-
poral blocks. This breaks the correlation between
topic choice and unobserved time-varying factors
(e.g., APl updates). The estimand 6. represents the
causal effect of the policy of selecting a domain,
averaged over the specific motions available in that

domain’s pool.

3.4 The Homogeneity Index (HI)

We operationalize the outcome Y; using a com-
posite Homogeneity Index (HI), designed to be
comparable across languages.

Definition. HI aggregates lexical and semantic
convergence via the weighted sum:

HIS = Wiex * 5‘lex + Wsem - Ssem (2)

where Wiex = Wsem = 0.5 b}/ default. Specifi-
cally, the lexical component (Sjex) employs Gen-
eralized Jensen-Shannon Divergence (gJSD) to

measure vocabulary redundancy, while the se-
mantic component (Ssem) computes the average
cosine similarity of argument embeddings (via
text-embedding-3-larges!) to capture conver-
gence in meaning.

Cross-lingual Anchoring. A critical challenge
is that similarity scores distributions vary naturally
by language. To ensure Y ,, and Y ¢,, are compa-
rable, we employ an Anchored Standardization: we
map raw scores from both languages onto a com-
mon reference scale (anchored to the English dis-
tribution) rather than z-scoring them independently.
This preserves the absolute magnitude difference
between languages.

4 Experimental Setup

We prioritize transparency and reproducibility in
our implementation. The full codebase, including
the orchestration pipeline and analysis scripts, is
provided in the supplementary material.

4.1 Model Selection

To ensure robustness across architectures, we in-
stantiate the four debate roles using a diverse mix
of proprietary and open-weights models: GPT-5.2
(OpenAl, 2025), Claude Sonnet 4.5 (Anthropic,

"https://platform.openai.com/docs/models/text-
embedding-3-large



2025), DeepSeek-V3.2 (DeepSeek, 2025), and Mis-
tral Large 3 (Mistral Al, 2025). These models are
dynamically assigned to positions via the yoked
permutation strategy described in Section 3.2.

4.2 Prompt Engineering and Protocol

We design a standardized system prompt that in-
structs agents to adhere to the Policy Debate format.
To strictly control for confounding variables, we
ensure semantic equivalence between the English
and Chinese conditions.

Role-Playing Instructions. Each agent receives
a private system message defining its team (Propo-
sition vs. Opposition), speaking order, and the mo-
tion, with explicit instructions to maximize reason-
ing diversity and avoid repetition. To implement
the treatment, agents in the English condition re-
ceive original English prompts, while those in the
Chinese condition receive professionally translated
counterparts verified to preserve identical structural
constraints (see Appendix D for full text).

Context Management. To enforce strict isola-
tion, we reset the conversational history for each
new session, while providing agents with the full
transcript of preceding turns during the debate to
maintain coherence. We fix the decoding tempera-
ture at 0.2 to prioritize reasoning stability and limit
generation to 512 tokens to encourage concise ar-
gumentation.

4.3 Implementation of Homogeneity Metrics

To operationalize the Homogeneity Index (HI)
defined in Section 3.4, we employ robust,
multilingual-aware tools.

Lexical Similarity. We compute the General-
ized Jensen-Shannon Divergence (gJSD) on token
distributions. To avoid tokenizer bias (e.g., Chi-
nese characters being tokenized differently than
English words), we use a shared multilingual tok-
enizer (xIm-roberta-large) for both languages.
This ensures that the lexical density comparisons
are structurally fair.

Semantic Similarity. We compute cosine simi-
larity using text-embedding-3-large (OpenAl).
We selected this embedding model for its high di-
mensionality (3,072 dimensions) and strong perfor-
mance on the MTEB multilingual retrieval bench-
marks, ensuring that it accurately captures semantic
convergence in Chinese as effectively as in English.

4.4 Statistical Procedures

All causal estimates are computed using the ran-
domization inference framework. We assess the
language effect (714,) via Fisher’s exact permuta-
tion test by randomly flipping the signs of within-
motion differences A, ensuring finite-sample va-
lidity without parametric assumptions. To con-
trol the False Discovery Rate (FDR) at o = 0.05
for domain-policy comparisons, we apply the
Benjamini-Hochberg procedure, and report 95%
confidence intervals derived from bootstrap resam-
pling (N = 10, 000) clustered at the motion-draw
level.

5 Main Results

5.1 Policy Domains Determine Intrinsic
Homogeneity

We first establish the baseline influence of topic
constraints by estimating the policy domain ef-
fect (0.) across the 9 realized domains. Descrip-
tively, we observe a meaningful spread in debate
convergence levels. Specifically, technical and
infrastructure-heavy domains such as Housing and
Community Amenities exhibit the highest intrinsic
homogeneity (A = 0.812, 95% CI [0.723, 0.902]),
suggesting that motions in these fields may offer
narrower solution spaces for LLMs. In contrast,
domains involving complex value trade-offs, such
as Social Protection, show the lowest convergence
(0 = 0.647, 95% CI [0.556, 0.738]).

However, it is crucial to note that these domain-
level differences are statistically subtle compared
to the language effects we discuss next. While the
raw pairwise contrast between the most and least
homogeneous domains is significant (p ~ 0.004),
the omnibus test across all domains yields limited
evidence of a systematic shift after controlling for
multiple comparisons (Benjamini-Hochberg FDR
> 0.05 for all pairs). This implies that while topic
choice sets a soft baseline for diversity, it is not
the dominant causal driver of the observed “group-
think” in our setup. For a complete tabulation of
estimated homogeneity means and confidence in-
tervals across all nine active policy domains, see
Appendix A (Table 2).

5.2 The Causal Effect of Language
Conditioning

Controlling for the domain priors established
above, we now turn to our primary causal estimand:



Statistic Result
Sample Size (N pairs) 99

ATE (Tlang) 0.499
95% CI [0.442, 0.556]
p-value (Fisher’s) < 0.001

Table 1: Main causal estimates. Switching to Chinese
significantly increases homogeneity (A; = 0.5).

the effect of language conditioning on debate ho-
mogeneity. Unlike the subtle variations observed
across topics, the language barrier imposes a sharp
and systematic constraint on diversity.

Omnibus Language Effect. We estimate the
Average Treatment Effect (ATE) of language, Tjang,
using the within-motion contrast A, = Y, —
Ys en- As summarized in Table 1, we find a sta-
tistically significant positive effect (7jang = 0.499,
p < 0.001, Fisher’s randomization test). This con-
firms that when the exact same motion is debated
by the exact same agent roles (under the yoked
design), shifting the linguistic context to Chinese
causes a substantial collapse in argumentative diver-
sity. We provide additional statistical diagnostics,
including alternative inference methods (bootstrap
and sign-flip tests) to verify the robustness of this
estimate, in Appendix C (Table 7).

Decomposition: Lexical vs. Semantic Col-
lapse. Crucially, this homogeneity is not merely
a product of surface-level vocabulary repetition.
Decomposing the HI metric reveals that language
conditioning drives convergence across both dimen-
sions: (1) Lexical Redundancy: Chinese debates
exhibit higher token-level overlap (Slex), indicat-
ing a narrower active vocabulary; and (2) Seman-
tic Convergence: More importantly, we observe
a significant increase in embedding-based similar-
ity (Ssem). This suggests that the “language effect”
essentially acts as a consensus attractor, pushing
agents not just to use similar words but to align
on a narrower set of semantic arguments and view-
points, effectively reducing the solution space of
the debate.

5.3 Mechanism Analysis: Testing the
Exclusion Restriction

Our estimated ATE (7.n) represents the effect of
a compound treatment. To attribute this effect to
model alignment rather than translation artifacts,
we must verify the exclusion restriction: that the
treatment does not degrade the agents’ fundamental
task competence (C'). Formally, if translation noise

were the driver, we would expect P(C' = 0|T =
ZH) > P(C = 0|T = EN).

We quantify task competence C' using a binary
Protocol Compliance Metric, defined as the ab-
sence of hallucinated roles, speaking-order viola-
tions, or format errors per session. We analyze the
logs across the .S = 99 successfully completed mo-
tion draws (N = 198 sessions). Note that out of
100 initiated draws, a single pair was excluded due
to a technical API timeout in one session (< 1%
attrition), which is unrelated to model capability.
Within the valid paired sample, the results are
strictly binary: we observe perfect adherence in
both the English condition (¢e, = 1.0, 99/99) and
the Chinese condition (¢,;, = 1.0, 99/99).

Since Teompliance = 0 among valid sessions, the
causal pathway via “competence degradation” is
statistically blocked. Given that the models exhibit
perfect SUTVA-consistent behavior yet produce
significantly more homogeneous content, we con-
clude that the effect is driven by the distinct safety
alignment priors of the models in the Chinese latent
space.

Comprehensive diagnostics regarding random-
ization balance, technical attrition (timeouts), and
protocol adherence are detailed in Appendix B.

6 Discussion

Our study provides direct causal evidence that the
language condition is a key determinant of multi-
agent LLM debate behavior, even outweighing the
influence of the topic domain. By using a carefully
controlled randomized trial, we isolated language
effects that observational evaluations could not sep-
arate, demonstrating the power of causal inference
in LLM evaluation. The results reveal a consistent
“homogeneity gap”: debates conducted in Chinese
converge significantly faster and more narrowly
than the same debates in English. This finding indi-
cates a hidden alignment bias — current alignment
techniques (e.g. RLHF), which are largely English-
centric, appear to over-penalize sustained disagree-
ment in Chinese. In practice, the models seem to
treat extended adversarial debate in Chinese as if it
were unsafe, prompting quick convergence to safe,
bland consensus statements instead of exploring di-
verse viewpoints. In other words, the alignment tax
on argumentative diversity is higher in the Chinese
latent space: the pursuit of “safety” inadvertently
suppresses the dialectical diversity needed for rich
debate. These insights highlight that language is



not just a surface parameter but functions as a se-
mantic hyperparameter that fundamentally alters
agent behavior.

For NLP researchers, this underscores the need
to evaluate multi-agent systems under multiple lan-
guage conditions. Relying only on English bench-
marks can give a false sense of a model’s robust-
ness — a debate protocol that yields diverse opin-
ions in English may collapse into uniformity in
another language. Thus, evaluations of adversarial
or debate-based LLM tasks should be multilingual
by design, and simply translating prompts is not
enough. Prompts and protocols must be localized:
a prompt that encourages vigorous debate in En-
glish might require explicit cues or rewards for
dissent (e.g. “devil’s advocate” roles) in Chinese
to counteract consensus-seeking biases. For model
developers, our findings call for careful tuning of
alignment across languages. Alignment training
should be adjusted so that enforcing safety or harm-
lessness does not equate to forcing consensus in
non-English contexts. This could involve using cul-
turally diverse feedback during RLHF or designing
reward models that allow healthy disagreement in
each language.

Finally, while topic domain had a smaller ef-
fect than language, we observed an interesting pat-
tern: fact-based technical domains (e.g. Housing)
tended toward higher intrinsic agreement, whereas
value-laden domains (e.g. Social Protection) nat-
urally fostered more disagreement. This suggests
future multi-LLM debate frameworks might dy-
namically adjust diversity constraints based on do-
main. For example, in narrow technical discussions
where unwarranted groupthink is likely, the sys-
tem could enforce a higher “diversity quota” or a
higher sampling temperature to ensure alternative
viewpoints are considered. Overall, our discussion
highlights actionable insights: language choice pro-
foundly shapes debate outcomes, and both eval-
uation practices and alignment strategies should
be rethought to maintain argumentative diversity
across languages and contexts.

7 Conclusion

In this work, we introduced a pre-registered ran-
domized controlled experiment to pinpoint the
causal factors affecting argumentative diversity in
multi-LLM debates — a novel evaluation approach
that moves beyond traditional observational stud-
ies. Our results show that the language condition

exerts a dominant causal influence on debate out-
comes, significantly overshadowing any intrinsic
differences between policy domains. In particular,
we discovered a substantial homogeneity gap in the
Chinese debates: the same motions debated in Chi-
nese produced far more homogeneous (less diverse)
arguments than in English. We attribute this gap
to the models’ over-generalized safety alignment
in the Chinese context, rather than to translation
artifacts or capability deficits, indicating that cur-
rent alignment training does not transfer uniformly
across languages. These findings challenge the
common assumption that multi-agent debate dy-
namics are language-agnostic and underscore the
importance of rigorous, causally-grounded evalua-
tion in NLP. Going forward, our work suggests that
truly globally effective deliberative Al systems will
require alignment strategies that decouple “safety”
from “consensus.” In other words, ensuring harm-
less or ethical behavior should not come at the cost
of dialectical diversity, especially in non-English
settings. We recommend that future developers and
researchers build on this causal analysis framework
to better audit and adjust alignment in multilingual
LLMs — ensuring that the pursuit of safety does not
inadvertently silence the diverse viewpoints that
are crucial for robust reasoning.

Limitations

This study has several limitations that should be
acknowledged. First, our experimental design fo-
cuses on a single language pair (English—Chinese)
and a specific debate protocol. While Chinese
serves as an important and representative non-
English language with substantial differences in
alignment data coverage and cultural norms, the
observed homogeneity gap may not generalize uni-
formly to all languages. Future work should ex-
tend the same randomized framework to additional
linguistic contexts to test the robustness of the lan-
guage effect. Second, although we include a di-
verse set of four state-of-the-art LLMs from dif-
ferent providers, all models are large, instruction-
tuned, and safety-aligned systems. The results
may therefore not directly apply to smaller, un-
aligned, or domain-specific models. Third, to re-
duce stochastic variance and isolate causal effects,
we fix the decoding temperature at a relatively
low value. While this choice improves internal
validity, it may underestimate absolute levels of
diversity compared to more exploratory decoding



regimes. Importantly, our causal estimates concern
relative differences between language conditions
rather than maximal achievable diversity. Finally,
although our design-based approach enables strong
causal identification, it does not directly observe in-
ternal alignment mechanisms. Our interpretation of
the results in terms of language-conditioned safety
alignment remains inferential and would benefit
from complementary analyses, such as mechanistic
probing or training-data audits, in future work.

Ethical Statement

This work studies the behavior of large language
models in simulated multi-agent debate settings
and does not involve human subjects, personal data,
or sensitive user-generated content. All debates are
generated by models responding to publicly avail-
able policy motions, and no real-world decisions
are automated or deployed as part of this research.
Nevertheless, our findings have important ethical
implications for multilingual AI deployment. The
observed reduction in argumentative diversity un-
der certain language conditions suggests that align-
ment and safety mechanisms may unevenly con-
strain expression across linguistic communities, po-
tentially leading to systematically less pluralistic or
deliberative outcomes for non-English users. Such
disparities could affect fairness, transparency, and
trust in Al-assisted decision-making systems. We
emphasize that identifying these effects is a step to-
ward mitigating them: our experimental framework
is intended to support more responsible evaluation
and alignment practices by making hidden biases
visible rather than reinforcing them. We encourage
future developers and researchers to use multilin-
gual, causally grounded evaluation methods when
designing debate-based or deliberative Al systems,
ensuring that safety objectives do not inadvertently
suppress legitimate disagreement or diversity of
viewpoints across languages.
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A Supplemental Domain-Level Statistics
ID Domain descrip- N §c 95% CI
tion
6 Housing & Com- 8 0.812 0.723-0.902
munity
9 Education 10 0.803 0.708-0.897
1 General Public 12 0.786 0.708-0.864
Services
8 Recreation & Cul- 12 0.785 0.667-0.903
ture
4 Economic Affairs 9 0.756 0.653-0.859
7 Health 8 0.745 0.654-0.835
2 Defence 13 0.736 0.635-0.837
3 Public Order & 16 0.717 0.648-0.785
Safety
10 Social Protection 11 0.647 0.556-0.738
Table 2: Domain-policy means of Y, by assigned

domain (realized 9-domain support; complete draws
S =99).

B Randomization Diagnostics and
Protocol Compliance

This appendix reports implementation diagnostics
for the two-stage randomized design.

Note on Sample Size: The diagnostics below
report the initial assignment of all S = 100 initi-
ated draws. As noted in the main text, one draw
experienced a technical timeout, resulting in a final
analytical sample of S = 99 complete pairs.

T1 Domain Assignment. The realized support
covers 9 domains. Domain 5 had no motions in the
finalized pool.
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Table 3: T1 domain assignment counts across all initi-
ated motion draws (S = 100).

ID Domain N Share
1 General Public Services 12 0.12
2 Defence 14 0.14
3 Public Order and Safety 16 0.16
4 Economic Affairs 9 0.09
6 Housing and Community 8 0.08
Amenities
7 Health 8 0.08
8 Recreation, Culture, and Reli- 12 0.12
gion
9 Education 10 0.10
10  Social Protection 11 0.11
Total Initiated 100 1.00

T2 Language Order. Order was randomized
50/50. The realized split in this finite sample shows
a slight imbalance, which is controlled for in ro-
bustness checks.

Table 4: T2 language order assignment (S = 100).

Order N draws Share Expected
en_first 62 0.62 50
zh_first 38 0.38 50
Total 100 1.00 100

Model-to-Role Balance. Assignments represent
a uniform permutation of the four models into four
roles per draw.

Table 5: Model-to-role assignment balance (S = 100
draws).

Role Claude  DeepSeek- GPT- Mistral Total

Sonnet V3.1 5.2 Large

4.5 3
Pl 24 24 23 29 100
P2 27 24 23 26 100
o1 24 23 29 24 100
02 25 29 25 21 100

Rerun Analysis. Reruns were triggered strictly
by API timeouts, not model refusals.



Table 6: Session attempt distribution (25 = 200 initi-
ated sessions).

Attempts NV sessions Share Cum.
1 182 0910 0910

2 15 0.075 0.985

3 3 0.015 1.000

Total 200 1.000 -

C Inference Details

Table 7 summarizes inference for the paired lan-
guage effect on the valid analytical sample (S =
99).

Table 7: Inference summary for the language effect
(paired design; complete draws only).

Method N  Est. 95% CI p-value
Paired diff. 99 0.499 0.442-0.556 -
Paired ¢-test 99 — 0.442-0.556 <0.001
Sign-flip test 99 - - <0.001
D Prompts

D.1 Debate turn prompt (template)

We use a single user message per turn (no addi-
tional system prompt). The template below is in-
stantiated with the motion in the target language,
the speaker role, the round label, and (when avail-
able) the immediately previous speech and the full
debate history so far.

You are participating in a debate about
"{TOPIC}".
{LANGUAGE _INSTRUCTION}

Your role is: {ROLE}.
Current round: {ROUND_INFO}

Output rules (must follow exactly):
- Plain text only. No markdown or formatting
symbols: #, %, *x, _, ~, ~ > |.
- Do not greet anyone. Do not announce your
role, the round, or restate the topic.
- No bullet/numbered lists. No headings. No
emojis.
- Length and structure:
- Opening / Rebuttal / Cross-examination:
exactly 5 sentences, each <= 50 words.
- Closing: exactly 4 sentences, each <= 50
words.

Content rules:
- Sentence 1: a clear claim that advances your
side.
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- Sentence 2: your strongest reason or
concrete example (no fabricated statistics).
- Sentence 3: directly answer one key point
from the previous speaker (quote <= 10 words
in single quotes), then rebut it.

- Sentence 4: weigh risks/tradeoffs and show
why your side minimizes the worst plausible
outcome.

- Final sentence: either a sharp question to
the opponent or a decisive takeaway. Do not
say "Judges" or "vote”.

Your position: {POSITION_LINE}
{OPTIONAL_PREVIOUS_SPEAKER_BLOCK}
{OPTIONAL_DEBATE_HISTORY_BLOCK?}

Strategy:
{STRATEGY_PROMPT}

Deliver your statement now.

Template fields.

{TOPIC} Motion text in the target language
(motion_en for English; motion_zh for Chi-
nese).

{LANGUAGE_INSTRUCTION} English: You
must write in English only. Chinese:
You must write in Simplified Chinese
only.

{ROLE} One of {Pro First Speaker, Con
First Speaker,Pro Second Speaker, Con
Second Speaker}.

{ROUND_INFO} One of the fixed round labels
in Appendix D.2.

{POSITION_LINE} Pro roles: Support the
proposition. Con roles: Oppose the
proposition.

{OPTIONAL_PREVIOUS_SPEAKER_BLOCK}
Included if a previous speech exists (contains
{PREVIOUS_SPEECH}).

{OPTIONAL_DEBATE_HISTORY_BLOCK}
Included after the first turn, listing all prior
turns (speaker—speech pairs).

D.2 Round schedule

Each debate session contains 8 turns in a fixed
order:

1. Pro First Speaker — Round 1: Pro Opening
Statement

2. Con First Speaker — Round 1: Con Opening
Statement

3. Pro Second Speaker — Round 2: Pro Supple-
mentary/Rebuttal



Con Second Speaker — Round 2: Con Sup-
plementary/Rebuttal

. Pro First Speaker — Round 3: Pro Cross-
examination

Con First Speaker — Round 3: Con Cross-
examination

Pro Second Speaker — Round 4: Pro Closing
Statement

Con Second Speaker — Round 4: Con Clos-
ing Statement
D.3 Strategy sub-prompts

At the end of every turn prompt, we append a short
strategy instruction depending on the round type:

Opening statement: Build a clear argument
framework. Use a strong analogy or concrete
example (no fabricated statistics).

Rebuttal/cross-exam: Directly engage the
opponent's core claim. Expose weak assumptions,
contradictions, or ask a pointed question.

Closing: Summarize the decisive clashes,
explain why your side minimizes the worst-case
risk, and end with a crisp takeaway.

D.4 Format repair prompt

If a response violates any formatting constraint
(e.g., banned symbols, bullet lists, wrong sentence
count, or length limit), we re-issue the same prompt
and append the following repair instruction (up to
two retries):

Your last response violated the rules:
{VIOLATION_REASON}.
Rewrite the entire response to comply exactly.

Session reruns. Hard API failures (empty out-
put or explicit error markers such as [API call
failed: ...1]) trigger a full-session re-run under
the same motion, role mapping, language order,
and decoding settings.

E Qualitative case study: framing lock-in
and argument recycling

To make the notion of debate homogene-
ity concrete, we present a paired draw
from our corpus in which model-to-role as-
signments are yoked across languages. In
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draw_20251215_065921_289029_31740bd3
(order: en_first), the same four models occupy
the same debate roles in the English and Chinese
sessions (Prol: GPT-5.2; Pro2: Claude Sonnet
4.5; Conl: DeepSeek-V3.2; Con2: Mistral Large
3). This pairing allows us to attribute qualitative
differences in argumentative diversity to the
language condition rather than to which model
played which role.

Chinese session: high within-role reuse. In the
Chinese session, the CON-2 speaker (Mistral) ex-
hibits a clear form of within-role homogeneity:
the closing statement closely recycles the rebut-
tal’s framing and wording. Using a simple string-
similarity diagnostic (SequenceMatcher ratio), the
CoON-2 rebuttal and closing reach 0.664 similarity,
indicating substantial textual overlap rather than
genuine turn-level adaptation. The reuse is visible
in repeated phrasings (e.g., “ M ERE A LB/ 4
NI EEREZE/ 1205 [ 52 BT ) and the replica-
tion of the same historical example as the primary
warrant.

Chinese (CON-2, Mistral), Round 2 rebuttal:
2 2 OH R T R IR SIS A R HE B AR
N O 576 [ SEER B IR EE . BIERELE
BEE, HRA AU ABUZES) T AR
POPLHIRISLYE, L BhRERTERL, W ED
RERFR RN NI EAELE b S BRAS Bl 25 2R
RS - MRESERE SHRE, W
fAMRIEB SIS R S TR

Chinese (CON-2, Mistral), Round 4 closing:
R O TE S BUR A RS B R & [ 5
RS —0 MAEXN A E R - KRH
1635 sh A NBUR S HER) T A R 5L
%, IEARIEN. MR, SiEEORR
YRSRON NI ERELE, ok S ik BRAS F 2 B2 (T2
G o IR NEHIESEEE, 2
BIAAM R IEAN ST T S R

Paired English session: lower reuse and greater
re-optimization. In the paired English session
(same CON-2 model and role), the closing state-
ment is less of a reuse of the rebuttal. The
same string-similarity diagnostic yields 0.044 be-
tween the CON-2 rebuttal and closing, suggesting
that the model substantially rewrites its argumen-
tation rather than re-instantiating the same text.
Qualitatively, the English closing shifts emphasis
(from the proposition’s “elite capture” worry to
a broader claim about democratic legitimacy and
voter choice), whereas the Chinese closing remains
tightly anchored to the same example-and-warning
structure introduced earlier.

English (CON-2, Mistral), Round 2 vs. Round
4 (excerpted):



Round 2: “The proposition assumes student or-
ganisers cannot evolve into ... Why should we
fear their participation instead of trusting voters
to decide?”

Round 4: “The proposition fears a revolutionary
elite ... What right do we have to deny people
the right to choose those who fought for their
voices?”

Interpretation. This paired vignette illustrates
one operational form of homogeneity in our setting:
argument lock-in, where an agent settles early on
a stable framing and then reuses it with minimal
turn-by-turn adaptation. Because the two sessions
share the same motion draw and the same model-
to-role mapping, the contrast is difficult to explain
by model identity or topic selection. Instead, it
aligns with our quantitative finding that language
conditioning can systematically affect the diversity
of arguments produced in multi-agent debate.
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