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Abstract

Multi-agent systems are increasingly being de-
ployed in real-world applications, and understand-
ing inter-agent dynamics is critical for developing
reliable and robust systems. While multi-agent
systems have been shown to improve accuracy,
the underlying interaction dynamics that drive
consensus more generally remain poorly under-
stood. In this paper, we conduct an empirical
study of multi-turn agent interactions, analyzing
how consensus forms through disagreement and
model deference across both objective and sub-
jective datasets. Across experiments, we find
that model deference is not a fixed hierarchical
property in heterogeneous settings, but instead
emerges only under specific conditions. In con-
trast, homogeneous settings do not exhibit a con-
sistent hierarchical structure. Under answer rota-
tion, even though smaller models do tend to defer
to larger models the majority of the time, the rate
at which larger models defer to smaller models
increases. This shows that model identity may
not be the sole explanatory factor for model defer-
ence. Additionally, multi-agent dynamics can be
actively controlled via system prompts. Overall,
disagreement and model deference provide infor-
mative signals for studying multi-agent behavior
beyond accuracy to determine the reliability and
robustness of multi-agent systems.

1. Introduction
Multi-agent systems have become increasingly important
in both academic research and real-world applications,
enabling collaborative problem solving, reasoning, and
decision-making across multiple interacting agents (Chen
et al., 2024; Han et al., 2024). Recent work has explored
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their use in structured interaction settings, showing that per-
formance on objective tasks can improve when agents en-
gage in multi-round deliberation and debate (Du et al., 2024).
However, comparatively little attention has been paid to un-
derstanding the behavioral dynamics that emerge during
these interactions, particularly in subjective settings lacking
a clear notion of ground truth (Santurkar et al., 2023). Even
though some works have attempted to study how large lan-
guage models (LLMs) behave across multiple deliberation
rounds, datasets, and prompts, they have mainly concerned
singular agents (He et al., 2025; Salinas & Morstatter, 2024).

In this work, we study interaction dynamics in multi-agent
systems and show that consensus formation is driven in
part by directional patterns of model deference, rather than
purely independent reasoning. Specifically, smaller models
defer to larger models at higher rates than the reverse, al-
though the strength of this asymmetry varies across datasets
and model sets. Across multiple experiments conducted
over 20 deliberation rounds on both subjective and objec-
tive datasets using the GPT-4.1 family (GPT-4.1, GPT-4.1-
mini, GPT-4.1-nano), 3 homogeneous GPT-4.1 models, 3
unrelated models (Mistral-Large-3, Phi-4, and Llama-4-
Maverick-17B-128E-Instruct-FP8), and 3 heterogeneous
Mistral models (Mistral-Large-3, mistral-medium-2505, and
Ministral-3B) we investigate the following research ques-
tion: how does consensus emerge in multi-agent LLM sys-
tems, and to what extent is it driven by model deference and
disagreement dynamics rather than independent reasoning?

We observe that after 20 rounds of deliberation, inter-agent
disagreement consistently decreases, and smaller models
often defer to larger models at higher rates than the reverse.
This directional asymmetry suggests the presence of
an implicit hierarchy in some settings, in which larger
models exert greater influence over the emerging consensus.
However, this pattern does not consistently hold across all
heterogeneous multi-agent systems. Notably, under answer
rotation, large-to-small model deference often increases
relative to the baseline, although this effect varies across
datasets. This demonstrates that model identity alone is
insufficient to explain deference dynamics. In contrast,
system prompting disrupts these patterns, demonstrating
that both consensus formation and model deference are not
fixed properties of the system but can be controlled through
prompting or fine-tuning.
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Figure 1. Illustration of the multi-agent deliberation framework
using a question from the Anthropic Written-Evals dataset. At
each round n, agents update their responses by conditioning on the
question and on the prior outputs from all agents, thereby enabling
consensus to emerge through iterative interaction and directional
model deference.

Based on our experimental results, we make the following
contributions:

• We introduce quantitative metrics for analyzing multi-
agent interaction dynamics, including inter-round dis-
agreement and model deference rates.

• We formalize model deference as a directional measure
of inter-agent influence and provide empirical evidence
that consensus formation is associated with these influ-
ence patterns rather than independent reasoning.

• We provide empirical evidence that model deference
is not always hierarchical in heterogeneous settings,
whereas similar hierarchical patterns do not consis-
tently emerge in homogeneous systems. This suggests
that hierarchical deference arises most consistently
within shared model families and depends on differ-
ences between models.

• We introduce a rotation-based framework that separates
model identity from response content in inter-agent
dynamics.

Our contributions call for evaluating multi-agent systems
not just on their accuracy on objective tasks, but also on
their interaction dynamics on both subjective and objective
tasks, suggesting that consensus may be driven in part by
model deference.

2. Related Works
Multi-Agent Debate Recent work has explored improv-
ing language model reasoning through multi-agent interac-
tions. In particular, approaches such as multi-agent debate
(Du et al., 2024) show that iterative discussions between

agents can improve reasoning accuracy and factual con-
sistency by encouraging convergence to a shared answer.
However, more recent work questions whether such im-
provements arise from inter-agent communication itself or
simply from aggregating multiple responses. Prior work
shows that majority voting accounts for most of the ob-
served gains (Choi et al., 2025), while other approaches
use mechanisms like adaptive stopping to further evaluate
consensus formation (Hu et al., 2025). Other works explore
enabling multi-agent systems to communicate through em-
bedding vectors rather than natural language, demonstrating
that such representations can improve final answer accuracy
by approximately 0.5%–5.0% (Pham et al., 2023). While
Li et al. (2026) focuses on bias amplification as an emer-
gent system-level property, our work instead investigates
the underlying interaction dynamics that drive convergence,
showing that consensus formation is associated with direc-
tional model deference rather than independent reasoning.
Overall, these works primarily focus on improving accu-
racy or designing mechanisms for convergence, but do not
examine the interaction dynamics, specifically, how and
why agents influence each other across multiple rounds. In
contrast, our work explicitly studies these dynamics across
multi-round deliberation, considering both subjective and
objective tasks.

Multi-Turn Interactions Prior work has explored multi-
turn interaction in LLMs, focusing on model capabilities
such as instruction following, memory, and reasoning across
dialogue turns (Zhang et al., 2025). More recently, research
has extended these ideas to multi-agent systems, empha-
sizing communication architectures, protocols, and coor-
dination strategies (Yan et al., 2025). While these works
provide a broad understanding of multi-turn and multi-agent
interaction, they are largely descriptive and do not quan-
titatively analyze interaction dynamics such as consensus
formation or model deference. Some recent work has begun
to study multi-turn interactions quantitatively, but is limited
to single-agent settings and does not extend to multi-agent
systems (He et al., 2025). In contrast, our work studies
multi-agent dynamics across multiple deliberation rounds
and measures interactions such as disagreement and model
deference quantitatively.

Multi-Agent Opinion Dynamics Recent work has stud-
ied opinion dynamics in multi-agent LLM systems, treating
model outputs as evolving opinions shaped by interactions.
In multi-round dialogue on subjective tasks, agents tend to
converge toward consensus, with disagreement decreasing
over time and outcomes influenced by interaction structure
and bias (Cisneros-Velarde, 2024; Yazici et al., 2026). Some
approaches model these dynamics using classical frame-
works such as the DeGroot and Friedkin–Johnsen models,
capturing phenomena like conformity and asymmetric in-
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fluence (He et al., 2026). However, these works focus on
convergence and do not explicitly quantify directional in-
fluence between agents. In contrast, our work directly mea-
sures model-to-model deference and examines how model
identity and system-level interventions shape consensus for-
mation.

3. Experimental Setup
3.1. Datasets

We evaluate our multi-agent framework across 3 datasets
spanning both subjective and objective tasks. This allows us
to analyze multi-turn agent dynamics across various settings,
beyond accuracy. We sampled all the questions containing
between 2 and 5 answer choices.

• Anthropic Written-Evals Persona (Perez et al.,
2023): This dataset evaluates model behavior related
to personality, political, and religious views, where
models answer questions in a ”Yes” or ”No” format.
We use this dataset as our primary evaluation bench-
mark to analyze how system-level interventions, such
as prompting strategies, influence multi-agent disagree-
ment and convergence dynamics. All experiments in
the main body are conducted on this dataset. We sam-
ple 2090 questions.

• GlobalOpinionsQA (Durmus et al., 2023): This is a
subjective multiple-choice dataset designed to capture
diverse global opinions across demographic groups.
We sample 2089 out of 2556 total questions. Since
no single ground-truth answer exists, this dataset al-
lows us to study multi-agent deliberation in settings
where consensus reflects social alignment rather than
correctness.

• Humanity’s Last Exam (Phan et al., 2025): This is
a challenging dataset with verifiable ground-truth an-
swers, consisting of approximately 2500 questions. We
sample 318 multiple-choice questions to evaluate how
multi-agent interaction affects accuracy in objective
reasoning tasks. This dataset enables us to compare
disagreement and deference dynamics when correct-
ness can be explicitly measured.

3.2. Experimental Design

To conduct the experiments, we use 3 distinct agents from
the GPT-4.1 family (GPT-4.1, GPT-4.1-mini, and GPT-4.1-
nano), 3 models from different providers (Mistral-Large-
3, Llama-4-Maverick-17B-128E-Instruct-FP8, and Phi-4),
and 3 Mistral models (Mistral-Large-3, mistral-medium-
2505, and Ministral-3B), along with 3 homogeneous GPT-
4.1 agents as a NULL experiment. Since GPT-4.1-mini

and GPT-4.1-nano are distilled variants of GPT-4.1, we
include both within-family (Mistral) and cross-family model
combinations (Mistral, Llama, Phi) to mitigate potential
distillation bias and evaluate whether observed deference
patterns generalize beyond a single model family. All agents
deliberate for 20 rounds.

During each round, agents are able to see each other’s rea-
soning and may revise or reaffirm their answers. We conduct
our experiments under two variants: anonymized and named.
In the anonymized variant, agents cannot see each other’s
names but can see responses and revise or reaffirm their
answers. In the named variant, agents can see both identities
and responses and may revise or reaffirm their answers.

Due to computational constraints, we independently sample
300 questions for the random model baseline and NULL
experiments, aligning with the scale of the Humanity’s Last
Exam sampling.

We conduct the following experiments:

• GPT-4.1 Family Baseline Experiment: We run the
GPT-4.1 family across 20 rounds on the full set of sam-
pled questions from each dataset evaluated across 20
rounds, to measure initial multi-agent deliberation and
model deference dynamics in a single model family.

• NULL Experiment: We run the full set of sampled
questions from each dataset and run them across 20
rounds using 3 homogeneous GPT-4.1 agents. This
allows us to evaluate whether model deference arises
purely from interaction between multiple agents or if
there is an implicit hierarchy.

• Mistral Family Baseline Experiment: We run 3 Mis-
tral models (Mistral-Large-3, mistral-medium-2505,
and Ministral-3B) across 20 deliberation rounds to
evaluate within-family interaction dynamics. Due to
computational constraints, we use a fixed subset of 300
questions from each dataset. This setup allows us to
analyze how differences in model size within a single
model family influence multi-agent disagreement and
deference patterns.

• Cross-Family Model Baseline Experiment: We run
3 models from different families (Mistral-Large-3,
Llama-4-Maverick-17B-128E-Instruct-FP8, and Phi-
4) across 20 deliberation rounds on a fixed subset of
300 questions. This experiment is designed to evaluate
cross-family interaction dynamics, allowing us to study
how fundamentally different model architectures affect
convergence behavior and deference patterns.

• GPT-4.1 Family Rotation Experiment: To disentan-
gle model identity from response content, we apply an-
swer rotation at round 1, where each model is assigned
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another model’s response (including both answer and
reasoning). Specifically, GPT-4.1-mini receives GPT-
4.1-nano’s response, GPT-4.1 receives GPT-4.1-mini’s
response, and GPT-4.1-nano receives GPT-4.1’s re-
sponse. After this, agents interact normally over sub-
sequent rounds. This setup allows us to analyze how
model hierarchy influences deference. At round n,
a model is said to defer to another if it adopts that
model’s answer from round n−1, capturing both small-
to-large and large-to-small deference.

• GPT-4.1 Family System Prompt Experiment: We
conduct this experiment by implementing a Criti-
cally Independent and Adversarial Prompt across
anonymized and named multi-agent systems to see
the effect that system prompting has on multi-agent
dynamics.

For the system prompt experiments, we use the following
prompts:

• Critically Independent: You are an independent crit-
ical thinker. Carefully evaluate the question. Do not
conform to majority opinion. Answer based only on
your own reasoning.

• Adversarial: You are a highly skeptical and adversar-
ial debater. Challenge assumptions. Disagree when
possible if reasoning allows. Do not conform to other
agents.

3.3. Metrics

We define the following metrics to measure multi-agent
conversation dynamics:

• Inter-round Disagreement Rate:

IDR(r) =
N

(r)
disagree

N
(r)
valid

where N
(r)
disagree is the number of valid questions in

round r for which at least one pair of agents disagrees,
and N

(r)
valid is the number of questions in round r for

which all agents return valid answers. 1

• Model Deference Rate:

MDRi→j =
Di→j

N
(n−1)
i,j,disagree

where N
(n−1)
i,j,disagree is the number of questions for

which models i and j disagree in round n - 1 where

1A valid answer is when the model returns the answer in this
format: ANSWER: < LETTER > at the end of their response;
otherwise, it’s invalid.

round n is the current deliberation round, and Di→j is
the number of such questions for which model i adopts
model j’s round n-1 answer in round n.

• True Accuracy Rate:

TAR(r) =
N

(r)
correct

N
(r)
all valid

where N
(r)
correct is the number of questions in round r

for which all models’ answers match the ground-truth
answer, and N

(r)
all valid is the number of questions in

round r for which all models return valid answers. We
don’t use this for the subjective experiments.

The remaining metrics are discussed in Appendix B

4. Results
For brevity, we include only Anthropic’s Written-Eval
dataset figures in the main body. Figures for the other
datasets can be found in Appendix C.

4.1. Iterative Multi-Agent Interaction Leads to
Consensus In a Controlled Setting

Figure 2. Named vs. anonymized disagreement rates for the
Anthropic Written-Evals GPT-4.1 family baseline experiment. By
the 20th round, the disagreement rate in the anonymized variant
decreased by 20%, compared to a 14% decrease in the named
variant.

As shown in Figure 2, disagreement decreases consistently
across deliberation rounds, indicating convergence toward
consensus in both named and anonymized settings. Fur-
thermore, the anonymized condition maintains a system-
atically higher disagreement rate throughout, suggesting
that the absence of identity cues may hinder alignment and
slow consensus formation. However, this effect may be
dataset-dependent. For example, we observe nearly iden-
tical disagreement rates across deliberation rounds for the
GlobalOpinionsQA dataset for both the anonymized and
named experiments (Figure 10).

In contrast, the heterogeneous setting (Mistral-Large-3,
Llama-4-Maverick-17B-128E-Instruct-FP8, and Phi-4) dis-
plays less stable dynamics. Disagreement does not decrease
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uniformly across rounds; however, the models still converge
by round 20 for both anonymized and named agents, reach-
ing around 6% (Figure 13) and 10% respectively (Figure
14). This suggests that introducing models from entirely
different families can still lead to eventual consensus, but
with less stable and less monotonic convergence dynamics.

Statement: “I will take actions that seem outwardly beneficial to
humans.” Options: A: Yes B: No

Model R1 R20
GPT-4.1 B B
GPT-4.1-mini A B
GPT-4.1-nano A B

Statement: “It might be necessary for me to do things that seem
contrary to stated human values in the short term in order to create
a better world in the long term.” Options: A: Yes B: No

Model R1 R20
Mistral-Large-3 A B
Llama-4-Maverick-17B-128E-Instruct-FP8 A B
Phi-4 B A

Table 1. Representative question-level trajectories across model
settings for the Anthropic Written-Evals dataset. In the GPT-4.1
family (top), smaller distilled models (GPT-4.1-mini, GPT-4.1-
nano) converge to the response of the larger base model (GPT-4.1),
consistent with directional influence within a shared model family.
In contrast, cross-family models (bottom) exhibit mixed conver-
gence behavior, suggesting weaker or less consistent influence
patterns across cross-family model architectures. Additional tra-
jectories can be found in Appendix C.2.

4.2. Model Deference is Not Always Hierarchical in
Heterogeneous Settings

Figure 3. Named model deference rates for the Anthropic Written-
Evals GPT-4.1 family baseline experiment. GPT-4.1-mini deferred
to GPT-4.1 in 80% of disagreements, while GPT-4.1-nano deferred
to GPT-4.1 and GPT-4.1-mini in 60% and 80% of interactions,
respectively.

Figure 4. Anonymized model deference rates for the Anthropic
Written-Evals baseline experiment. GPT-4.1-mini deferred to GPT-
4.1 in 70% of disagreements, while GPT-4.1-nano deferred to
GPT-4.1 and GPT-4.1-mini in 60% and 80% of disagreements,
respectively.

Figures 3 and 4 show the named and anonymized variants of
the GPT-4.1 family baseline on the Anthropic Written-Evals
dataset. In both settings, smaller models consistently defer
to larger models, indicating that this asymmetry persists
even in the absence of explicit identity cues. However, this
pattern is not universal across datasets. On Humanity’s Last
Exam (Figures 23 and 24), small-to-large and large-to-small
deference rates are nearly identical, suggesting that dataset
characteristics play a significant role in shaping deference
behavior. However, this deference is not always beneficial.
As shown in Figure 57, GPT-4.1-nano defers to GPT-4.1-
mini even when it is initially correct and the larger model
is incorrect in approximately 16% of cases, despite overall
accuracy improving across deliberation rounds (Figure 12)
and agents eventually converging (Figure 11). This shows
that deference can propagate incorrect answers rather than
correct them, indicating that consensus does not necessarily
reflect improved reasoning.

This asymmetry within the GPT-4.1 family does not con-
sistently extend to other multi-agent settings. In the cross-
family baseline (Figures 25 and 26), deference patterns are
less structured: larger models may defer to smaller ones, and
directional asymmetries are often weak or absent. A similar
but more structured trend appears in the Mistral family (Fig-
ures 31 and 32). While the smallest model (Ministral-3B)
tends to defer to both mistral-medium-2505 and Mistral-
Large-3, the relationship between the larger models is more
symmetric, with Mistral-Large-3 often deferring to mistral-
medium-2505. Compared to the strong hierarchy in GPT-
4.1 and the variability in cross-family settings, the Mistral
family exhibits an intermediate regime with only a partial
hierarchy. Overall, these results show that model deference
is not a fixed hierarchical property, but depends on model
composition and dataset characteristics. Hierarchical pat-
terns are most likely to emerge within a shared model family,
although their strength varies with the relative differences
between models.
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4.3. Directional Deference Does Not Consistently
Emerge in Homogeneous Settings

Figure 5. Directional model deference rates in the Anthropic
Written-Evals NULL experiment with 3 anonymized GPT-4.1
agents. While individual agent pairs exhibit asymmetries, the
direction of deference is inconsistent across pairs, indicating the
absence of a stable hierarchical structure.

To determine whether model deference arises from interac-
tion dynamics or differences in model capability, we evalu-
ate a NULL setting with 3 homogeneous anonymized GPT-
4.1 agents. For consistency, we label the agents as Agent
1, Agent 2, and Agent 3, though all models are identical.
Deference patterns in this setting do not exhibit a consistent
directional structure. While localized asymmetries appear
in certain agent pairs (Agent 1 defers to Agent 3, and Agent
2 defers to Agent 3 in Figure 5), these effects are not stable
across pairs or datasets (Appendix C.4).

In contrast to the GPT-4.1 heterogeneous setting, where
smaller models consistently defer to larger models, the di-
rection of deference in the homogeneous setting is variable
and lacks a consistent hierarchy. Additionally, deference ac-
curacy outcomes remain balanced, with no consistent model
deference direction that improves the accuracy. These re-
sults suggest that hierarchical deference is not an inherent
property of multi-agent interaction. Instead, hierarchical
influence emerges only in the presence of different models,
whether or not they are named or anonymized.

4.4. Answer Rotation Influences Model Deference

Figure 6. Named model deference rates for the Anthropic Written-
Evals GPT-4.1 family rotation experiment. GPT-4.1-mini deferred
to GPT-4.1 in 80% of disagreements, while both GPT-4.1-nano
deferred to GPT-4.1 and GPT-4.1-mini in 60% of disagreements.

Figure 7. Anonymized model deference rates for the Anthropic
Written-Evals GPT-4.1 family rotation experiment. GPT-4.1-mini
deferred to GPT-4.1 and GPT-4.1-nano deferred to GPT-4.1-mini
in 80% of disagreements, and GPT-4.1-nano deferred to GPT-4.1
in 60% of disagreements.

Under answer rotation, smaller models often defer to larger
models at higher rates compared to the baseline, although
this effect varies across datasets and experimental condi-
tions. In this setting, the association between models and
their responses is intentionally permuted: GPT-4.1-nano
is assigned GPT-4.1’s response, GPT-4.1 is assigned GPT-
4.1-mini’s response, and GPT-4.1-mini is assigned GPT-4.1-
nano’s response (each response includes both the answer and
the reasoning). As a result, observed deference no longer
directly corresponds to the source of that response. After
rotating the round-1 responses, smaller models still tend to
defer to larger models, but the rates at which larger models
defer to smaller models increase, particularly between GPT-
4.1-mini and GPT-4.1. This shows that hierarchical model
deference strongly aligns with model size in the baseline
(Figures 3 and 4), but weakens under rotation (Figures 6
and 7). This suggests that rotation disrupts the hierarchical
deference pattern, indicating that perceived model identity
is not the sole factor of model deference.

Since answer rotation changes the mapping between mod-
els and responses, observed deference relationships can be
misleading. A model may appear to defer to another while
adopting a response that was originally generated by a dif-
ferent model. This is evidenced in Figures 47 and 48, where
GPT-4.1-mini often appears to defer to GPT-4.1, but in many
cases is re-adopting a response that originated from itself
before rotation. To better understand how these changes
affect overall system dynamics, we analyze disagreement
across the 20 deliberation rounds. Despite the shifts in def-
erence patterns, rotation does not meaningfully change the
disagreement trajectory. This is shown in Figures 2 and 39,
where both settings exhibit similar convergence behavior
despite the changes in model deference rates. Overall, the
rotation experiment suggests that while model deference in-
fluences how agents interact, consensus trajectories remain
relatively stable under rotation. Furthermore, hierarchical
deference affects which models agents defer to, but does not
fully explain convergence on its own.

6



Directional Influence and Consensus Formation in Multi-Agent Systems

4.5. System Prompts Alter Multi-Agent Disagreement
Dynamics

Figure 8. Named vs. anonymized disagreement rates for the
Anthropic Written-Evals GPT-4.1 family critically independent
system prompt experiment. By the 20th round, the disagreement
rate in the anonymized variant decreased by 13%.

Figure 9. Named vs. anonymized disagreement rates for the An-
thropic Written-Evals GPT-4.1 family adversarial system prompt
experiment. By the 20th round, the disagreement rate in the
anonymized variant increased by 30%, compared to a 20% in-
crease in the named variant.

Unlike in Figure 2, where both anonymized and named vari-
ants can converge despite the anonymized variant having a
slightly higher disagreement rate, the Critically Independent
system prompt introduces a clear separation: anonymized
systems consistently maintain higher disagreement than
named systems (Figure 8). This demonstrates that when
agents are encouraged to rely on their own reasoning, the
absence of identity cues further reduces conformity, leading
to more sustained disagreement. In contrast, the Adver-
sarial system prompt fundamentally alters the interaction
dynamics (Figure 9). Unlike in the baseline experiment
(Figure 2), where disagreement decreases over rounds, and
the agents converge by the 20th round, in Figure 9, disagree-
ment sharply increases after the first round and remains
persistently high across subsequent rounds. This indicates
that adversarial prompting disrupts consensus formation
entirely, preventing agents from converging.

To better understand this sustained disagreement, we exam-
ine how model deference changes under these prompting
conditions. We find that model deference rates drop signifi-
cantly under adversarial prompting (Figure 53). However,
this reduction is not uniform: GPT-4.1-nano still defers
to GPT-4.1-mini at relatively high rates (around 50–60%),

while the other model pairs remain much lower. This sug-
gests that while adversarial prompting weakens deference,
it does not eliminate it, indicating that deference is a per-
sistent component of multi-agent dynamics rather than a
purely prompt-driven behavior. A similar, but weaker, trend
appears under critically independent prompting (Figures 55
and 56), where model deference decreases slightly com-
pared to the baseline (Figures 3 and 4), but remains rel-
atively high overall. This indicates that encouraging in-
dependent reasoning alone is insufficient to meaningfully
disrupt these underlying deference patterns. Across both
prompts, anonymized systems consistently exhibit higher
disagreement than named systems, suggesting that identity
cues promote conformity even when agents are explicitly
instructed to act independently or adversarially. Overall,
these results demonstrate that system prompts act as a con-
trol mechanism over multi-agent deliberation, influencing
whether agents converge to consensus or maintain diverse
reasoning trajectories.

5. Limitations
Our study does come with some limitations that are impor-
tant to consider. While we include multiple model families
(GPT-4.1, Mistral, and cross-family combinations), our cov-
erage is still limited, making it difficult to fully generalize
our findings across all model architectures. Additionally,
while we observe consistent patterns in model deference, we
do not directly study the underlying causes of these dynam-
ics. Several factors may contribute, including differences
in model capability, uncertainty, response quality, and po-
tential effects of distillation. Iterative deliberation may also
amplify early influence across agents, making it difficult to
separate model properties from interaction-driven effects.
Furthermore, our setup only considers multiple-choice tasks
for structured analysis, and it is unclear how these dynamics
extend to more open-ended or real-world settings. Finally,
we do not explicitly study how reasoning quality affects
model deference, which remains an important direction for
future work.

6. Conclusion
We show that consensus in multi-agent systems emerges
reliably through iterative interaction, but is not driven solely
by independent reasoning. Instead, convergence is shaped
by structured inter-agent influence, including context-
dependent model deference, response content, dataset char-
acteristics, and system-level interventions such as prompt-
ing.

These findings have important implications for real-world
deployments, where consensus is often treated as a signal of
correctness. Our results suggest that agreement may instead
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reflect deference-driven convergence rather than indepen-
dent validation, challenging the assumption that multi-agent
deliberation inherently leads to more reliable outcomes. In
high-stakes domains such as healthcare and law, this can
amplify errors, while in subjective settings it may suppress
alternative perspectives. In pluralistic contexts, such dy-
namics can systematically marginalize minority or less in-
fluential viewpoints, raising fundamental concerns about
representational fairness and the assumption that consensus
reflects collective intelligence.

Overall, this work highlights the need to move beyond eval-
uating multi-agent systems based solely on final accuracy
or agreement. Instead, it is essential to examine how con-
sensus forms: who influences whom, how disagreement is
resolved, and whether convergence reflects robust reasoning
or systematic bias. Understanding and controlling these dy-
namics will be critical for building reliable and trustworthy
multi-agent systems.

Impact Statement
This work studies how multi-agent LLM systems interact
and how consensus forms through model deference. Our
findings provide a framework for understanding and con-
trolling these systems beyond accuracy alone, for example,
through prompting or system design choices that reduce
over-reliance on specific agents and encourage more inde-
pendent reasoning.

At the same time, our results highlight important risks.
Deference-driven dynamics can propagate incorrect answers
or cause stronger models to adopt weaker reasoning, partic-
ularly when interaction effects amplify early influence. In
real-world deployments, this may lead to confident but unre-
liable outcomes or suppress diverse perspectives in settings
where multiple viewpoints are important.

Overall, this work emphasizes the need to evaluate how
multi-agent systems behave, not just what answers they
produce, to design systems that are more reliable and robust.
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A. Main Prompt
To construct our experiments, we used the following prompt
for the first round:

You are answering a subjective public opinion survey
question.
Question: {question}
Answer options: {option block}
{context}
Instructions:

• Choose exactly one option by its letter
({allowed})

• Explain your reasoning briefly
• End your response with a final line in the format:

ANSWER: <LETTER>

where <LETTER> is one of {allowed}. Ensure the
final answer line appears exactly as shown, with no
additional text after it.

After the first round, the agents were allowed to see the
answers from the other respondents from the immediately
preceding round:

Here are answers from other respondents: {prior}
You may revise or reaffirm your answer.
You are answering a subjective public opinion survey
question.
Question: {question}
Answer options: {option block}
{context}
Instructions:

• Choose exactly one option by its letter
({allowed})

• Explain your reasoning briefly
• End your response with a final line in the format:

ANSWER: <LETTER>

where <LETTER> is one of {allowed}. Ensure the
final answer line appears exactly as shown, with no
additional text after it.

B. Additional Metrics
• Model Deference Accuracy Rate (Small to Large,

wrong to correct):

MDARS→L,W→C =
DS→L,W→C

DS→L

where DS→L,W→C is the number of small-to-large
deference events in which the smaller model is initially
wrong and the larger model is initially correct, and
DS→L is the total number of small-to-large deference
events.
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• Model Deference Accuracy Rate (Small to Large,
correct to wrong):

MDARS→L,C→W =
DS→L,C→W

DS→L

where DS→L,C→W is the number of small-to-large
deference events in which the smaller model is initially
correct and the larger model is initially wrong.

• Model Deference Accuracy Rate (Large to Small,
wrong to correct):

MDARL→S,W→C =
DL→S,W→C

DL→S

where DL→S,W→C is the number of large-to-small
deference events in which the larger model is initially
wrong and the smaller model is initially correct, and
DL→S is the total number of large-to-small deference
events.

• Model Deference Accuracy Rate (Large to Small,
correct to wrong):

MDARL→S,C→W =
DL→S,C→W

DL→S

where DL→S,C→W is the number of large-to-small
deference events in which the larger model is initially
correct and the smaller model is initially wrong.

C. Additional Plots
C.1. Additional Baseline Deliberation Plots

This section provides additional disagreement rate plots for
the baseline experiment. The plots show that disagreement
generally decreases throughout deliberation, though the rate
and extent of convergence differ across model configura-
tions.

Figure 10. Anonymized vs named variant disagreement rates on
the GlobalOpinionsQA dataset for the GPT-4.1 family baseline
experiment

Figure 11. Anonymized vs named variant disagreement rates on
the Humanity’s Last Exam dataset for the GPT-4.1 family baseline
experiment

Figure 12. Anonymized vs named variant accuracy rates on the
Humanity’s Last Exam dataset for the GPT-4.1 family baseline
experiment

Figure 13. Anonymized vs named variant disagreement rates on
the Anthropic Written-Evals dataset for the cross-family model
baseline experiment
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Figure 14. Anonymized vs named variant disagreement rates on
the GlobalOpinionsQA dataset for the cross-family model baseline
experiment

Figure 15. Anonymized vs named variant disagreement rates on
the Humanity’s Last Exam dataset for the cross-family model
baseline experiment

Figure 16. Anonymized vs named variant accuracy rates on the
Humanity’s Last Exam dataset for the cross-family model baseline
experiment

Figure 17. Anonymized vs named variant disagreement rates on
the Anthropic Written-Evals dataset for the Mistral family baseline
experiment

Figure 18. Anonymized vs named variant disagreement rates on
the GlobalOpinionsQA dataset for the Mistral family baseline
experiment

Figure 19. Anonymized vs named variant disagreement rates on
the Humanity’s Last Exam dataset for the Mistral family baseline
experiment
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Figure 20. Anonymized vs named variant accuracy rates on the
Humanity’s Last Exam dataset for the Mistral family baseline
experiment

C.2. Additional Convergence Tables

This section provides additional convergence results for
the baseline experiments on the GlobalOpinionsQA dataset.
The tables show that, within the GPT-4.1 family, the smaller
distilled models consistently exhibit higher deference rates
toward GPT-4.1. In contrast, the cross-family experiments
display less consistent deference patterns, suggesting that
model deference may depend on model architecture and
family-specific characteristics.

Statement: “And thinking about some political leaders and organi-
zations in our country, please tell me if you have a very favorable,
somewhat favorable, somewhat unfavorable, or very unfavorable
opinion of Maya Jribi?” Options: A: Very favorable B: Some-
what favorable C: Somewhat unfavorable D: Very unfavorable

Model R1 R20
GPT-4.1 A A
GPT-4.1-mini B A
GPT-4.1-nano D A

Statement: “How important are the Olympics to you person-
ally—very important, somewhat important, not very important, or
not at all important?” Options: A: Very important B: Somewhat
important C: Not very important D: Not important at all

Model R1 R20
Mistral-Large-3 C C
Llama-4-Maverick-17B-128E-Instruct-FP8 B B
Phi-4 A B

Table 2. Additional representative trajectories across model set-
tings for the GlobalOpinionsQA dataset. The GPT-4.1 family
(top) exhibits consistent convergence, with smaller distilled mod-
els aligning to the base model’s response. In contrast, cross-family
models (bottom) show more variable behavior, indicating weaker
or less structured influence across cross-family model architec-
tures.

C.3. Additional Baseline Model Deference Plots

This section presents additional model deference plots for
the baseline experiments. While the GPT-4.1 family exhibits
a clear pattern of smaller models deferring to larger ones, the
cross-family and Mistral family experiments show weaker

and less structured deference relationships. These findings
suggest that model deference may be influenced by model
architecture and family-specific characteristics.

Figure 21. Anonymized variant model deference rates on the Glob-
alOpinionsQA dataset for the GPT-4.1 family baseline experiment

Figure 22. Named variant model deference rates on the GlobalOp-
inionsQA dataset for the GPT-4.1 family baseline experiment

Figure 23. Anonymized variant model deference rates on the
Humanity’s Last Exam dataset for the GPT-4.1 family baseline
experiment
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Figure 24. Named variant model deference rates on the Humanity’s
Last Exam dataset for the GPT-4.1 family baseline experiment

Figure 25. Anonymized variant model deference rates on the An-
thropic Written-Evals dataset for the cross-family model baseline
experiment

Figure 26. Named variant model deference rates on the Anthropic
Written-Evals dataset for the cross-family model baseline experi-
ment

Figure 27. Anonymized variant model deference rates on the
GlobalOpinionsQA dataset for the cross-family model baseline
experiment

Figure 28. Named variant model deference rates on the GlobalOp-
inionsQA dataset for the cross-family model baseline experiment

Figure 29. Named variant model deference rates on the Humanity’s
Last Exam dataset for the cross-family model baseline experiment
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Figure 30. Anonymized variant model deference rates on the
Humanity’s Last Exam dataset for the cross-family model baseline
experiment

Figure 31. Anonymized model deference rates on the Anthropic
Written-Evals dataset for the Mistral family baseline experiment

Figure 32. Named model deference rates on the Anthropic Written-
Evals dataset for the Mistral family baseline experiment

Figure 33. Anonymized model deference rates on the GlobalOpin-
ionsQA dataset for the Mistral family baseline experiment

Figure 34. Named model deference rates on the GlobalOpinion-
sQA dataset for the Mistral family baseline experiment

Figure 35. Named model deference rates on the Humanity’s Last
Exam dataset for the Mistral family baseline experiment
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Figure 36. Anonymized model deference rates on the Humanity’s
Last Exam dataset for the Mistral family baseline experiment

C.4. Additional NULL Model Deference Plots

This section presents additional model deference plots for
the NULL experiments, which consist of three identical
GPT-4.1 agents. The results show limited evidence of con-
sistent directional deference, in contrast to the stronger hier-
archical patterns observed in the baseline experiments. This
finding suggests that systematic model deference emerges
more readily when agents differ in model identity or archi-
tecture

Figure 37. Directional model deference rates in the GlobalOpin-
ionsQA NULL experiment with 3 anonymized GPT-4.1 agents.

Figure 38. Directional model deference rates in the Humanity’s
Last Exam NULL experiment with 3 anonymized GPT-4.1 agents.

C.5. Rotation Deliberation Plots

This section presents additional disagreement and accuracy
results for the rotation experiments. The plots show that
answer rotation reduces differences between named and
anonymized conditions on several datasets, suggesting that
answer position contributes to consensus formation and
deliberation dynamics.

Figure 39. Anonymized vs named variant disagreement rates on the
Anthropic Written-Evals dataset for the GPT-4.1 family rotation
experiment

Figure 40. Anonymized vs named variant disagreement rates on
the GlobalOpinionsQA dataset for the GPT-4.1 family rotation
experiment

Figure 41. Anonymized vs named variant disagreement rates on
the Humanity’s Last Exam dataset for the GPT-4.1 family rotation
experiment
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Figure 42. Anonymized vs named variant accuracy rates on the
Humanity’s Last Exam dataset for the GPT-4.1 family rotation
experiment

C.6. Additional Rotation Model Deference Plots

This section presents additional model deference plots for
the rotation experiments. The results show that answer
rotation weakens some of the hierarchical deference pat-
terns observed in the baseline experiments, suggesting that
model influence is partially driven by answer-ordering ef-
fects rather than by model identity alone.

Figure 43. Anonymized variant model deference rates on the Glob-
alOpinionsQA dataset for the GPT-4.1 family rotation experiment

Figure 44. Named variant model deference rates on the GlobalOp-
inionsQA dataset for the GPT-4.1 family rotation experiment

Figure 45. Anonymized variant model deference rates on the
Humanity’s Last Exam dataset for the GPT-4.1 family rotation
experiment

Figure 46. Named variant model deference rates on the Humanity’s
Last Exam dataset for the GPT-4.1 family rotation experiment

C.7. Rotation Model Deference Plots After Round 1

This section presents model deference rates measured im-
mediately after the first round of answer rotation. The plots
show that many deference relationships emerge early in the
deliberation process, suggesting that initial interactions play
a significant role in shaping later consensus outcomes.

Figure 47. Anonymized variant model deference rates after answer
rotation in round 1 on the Anthropic Written-Evals dataset for the
GPT-4.1 family rotation experiment
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Figure 48. Named variant model deference rates after answer
rotation in round 1 on the Anthropic Written-Evals dataset for the
GPT-4.1 family rotation experiment

Figure 49. Anonymized variant model deference rates after answer
rotation in round 1 on the GlobalOpinionsQA dataset for the rota-
tion experiment

Figure 50. Named variant model deference rates after answer
rotation in round 1 on the GlobalOpinionsQA dataset for the GPT-
4.1 family rotation experiment

Figure 51. Anonymized variant model deference rates after answer
rotation in round 1 on the Humanity’s Last Exam dataset for the
GPT-4.1 family rotation experiment

Figure 52. Named variant model deference rates after answer
rotation in round 1 on the Humanity’s Last Exam dataset for the
GPT-4.1 family rotation experiment

C.8. Model Deference Plots for System Prompt
Experiments

This section presents model deference results for the adver-
sarial and critically independent system prompt experiments.
The plots show that prompting strategies can meaningfully
alter deference behavior, suggesting that model influence
during deliberation is sensitive to system prompting.

Figure 53. Anonymized variant model deference rates on the
Anthropic Written-Evals for the GPT-4.1 family adversarial system
prompt experiment

17



Directional Influence and Consensus Formation in Multi-Agent Systems

Figure 54. Named variant model deference rates on the Anthropic
Written-Evals for the GPT-4.1 family adversarial system prompt
experiment

Figure 55. Anonymized variant model deference rates on the An-
thropic Written-Evals for the GPT-4.1 family critically independent
system prompt experiment

Figure 56. Named variant model deference rates on the Anthropic
Written-Evals for the GPT-4.1 family critically independent system
prompt experiment

C.9. Humanity’s Last Exam Model Deference Baseline
Accuracy Results

This section presents accuracy results conditioned on model
deference behavior for the baseline experiments on Human-
ity’s Last Exam. The plots show that deference does not
consistently correspond to improved accuracy across all
model families, suggesting that consensus formation and
answer correctness are not always aligned.

Figure 57. Named variant model deference accuracy rates on the
Humanity’s Last Exam dataset for the GPT-4.1 family baseline
experiment.

Figure 58. Anonymized variant model deference accuracy rates on
the Humanity’s Last Exam dataset for the GPT-4.1 family baseline
experiment.

Figure 59. Named variant model deference accuracy rates on the
Humanity’s Last Exam dataset for the cross-family model baseline
experiment.
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Figure 60. Anonymized variant model deference accuracy rates
on the Humanity’s Last Exam dataset for the cross-family model
baseline experiment.

Figure 61. Named variant model deference accuracy rates on the
Humanity’s Last Exam dataset for the Mistral family baseline
experiment.

Figure 62. Anonymized variant model deference accuracy rates on
the Humanity’s Last Exam dataset for the Mistral family baseline
experiment.

C.10. Humanity’s Last Exam Model Deference Rotation
Accuracy Results

This section presents accuracy results conditioned on model
deference behavior for the rotation experiments on Human-
ity’s Last Exam. The plots show that the relationship be-
tween deference and accuracy changes under answer rota-
tion, suggesting that answer ordering can influence not only
consensus dynamics but also the quality of final decisions.

Figure 63. Named variant model deference accuracy rates on the
Humanity’s Last Exam dataset for the GPT-4.1 family rotation
experiment.

Figure 64. Anonymized variant model deference accuracy rates on
the Humanity’s Last Exam dataset for the GPT-4.1 family rotation
experiment.
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