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Abstract

Multi-agent debate among large language mod-
els (LLMs) is widely assumed to improve
reasoning by letting models correct one an-
other. We audit that assumption for En-
glish medical question answering (QA). Five
open-weight 4 to 8B medical and generalist
LLMs answer 8,402 questions across six bench-
marks as a council, measured against the same
five prompted individually and a single larger
Qwen3-VL-32B, text-only. The council beats
every member on five of six datasets, but most
of that accuracy is in place before debate runs:
67% of verdicts settle at Round 0, and on five
of six those are the more accurate questions.
Where debate runs, opinion change concen-
trates on one anchor; on the hardest bench-
mark 85% of moves toward it happen while
it is wrong. There, agreement is worth less
than disagreement: questions all five agree on
are correct 6.6% of the time against 14.6% oth-
erwise, tracking a shared bias toward the first
option. The council also trails the larger model
on four of six by up to 16.2 points, at seven
times the model calls for 1.6 times the compute.
Agreement among models is a measurement
that can be biased, not evidence of correctness.
We release the Council Conversations.

1 Introduction

Multi-agent debate among large language models
has become a popular recipe for sharper reason-
ing, with reports of consistent factuality gains on
difficult tasks (Du et al., 2023; Liang et al., 2024;
Zhang et al., 2024; Chen et al., 2023; Chuang et al.,
2024). The recipe has crossed into practice through
the LLM Council framework, introduced by An-
drej Karpathy. The intuition is wisdom-of-crowds:
heterogeneous models will surface complementary

*Mukul Joshi and Pratik Jalan contributed equally to
this work and share first authorship.

Figure 1: The same consensus verdict can arise through
deference to a correct anchor or conformity to an in-
correct one. Agreement alone therefore does not reveal
how the verdict was formed.

evidence, mutual critique will correct individual er-
rors, and the council’s verdict will be more reliable
than any single member.

Two recent threads of work complicate this in-
tuition. (Smit et al., 2024) report that across many
tasks, debate gains are matched or exceeded by
single-model self-consistency (Wang et al., 2023)
or by majority voting over independent samples.
Work on sycophancy and conformity in language
models (Sharma et al., 2025; Perez et al., 2022;
Wei et al., 2024; Zhu et al., 2025; Pitre et al., 2025)
shows that models update their answers toward vis-
ible group opinion even without new evidence, and
(Choi et al., 2026) show that exposing agent identi-
ties amplifies these effects in multi-agent settings.

Medical question answering is a natural stress-
test. Stakes are real, errors are well characterised
(Labkoff et al., 2024), and open-weight medical
LLMs in the 4 to 8B range are an attractive de-
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Figure 2: The audited pipeline, from a medical question through the three evaluation tracks and the council’s four
resolution routes to the per-question records that drive our analysis.

ployment target precisely because they fit on a sin-
gle GPU. If the council recipe works anywhere, it
should work here.

We do not propose a new debate method. We
treat a five-member council as an instrument and
ask, on 8,402 questions across six medical bench-
marks, the central audit question: does multi-agent
debate help, and if so, at which rounds and on
which questions? The question decomposes into
three parts. Does the council exceed each member’s
accuracy under zero-shot prompting, and where do
few-shot and chain-of-thought baselines sit? When
questions actually enter debate, does per-round ac-
curacy improve from Round 1 to Round 3, or does
the debate path under-perform the no-debate path?
And when followers change their answers, are they
deferring to the most accurate member, or conform-
ing to whichever member happens to anchor the
round? Figure 1 summarizes the distinction at the
centre of our audit: the same consensus verdict
may be produced by a follower moving toward a
correct anchor or toward an incorrect but visible
anchor. Agreement therefore records an outcome,
not the mechanism that produced it.

Our contributions are an audit, not a method.
(1) A council-versus-alternatives comparison. We
benchmark Panel-1, our five-member small-model
council, against every one of its members under
zero-shot prompting on six datasets, with few-shot
and chain-of-thought as ablations, and against a
single larger model with chain-of-thought as the
operational alternative (Section 4). (2) A mechanis-
tic audit of what the debate rounds actually do. We
decompose the verdict by resolution path to locate
where accuracy is produced (Section 5), build a
directed influence graph with a deference-versus-

conformity split (Section 6), and characterise the
correlated-ignorance regime on MedXpertQA to-
gether with the shared first-option preference that
accompanies it (Section 7). (3) The released coun-
cil conversations and a behavioural-quality check.
We release the full per-question council conversa-
tions, spanning Rounds 0–3 across the six bench-
marks, and we score rationale quality with an LLM-
as-Judge protocol triangulated against 100 human-
rated cases (Section 8). The conversations let fu-
ture work examine the same per-round dynamics
for counterfactual studies, alternative anchor anal-
yses, or new judge protocols. Throughout, we re-
port what our analysis shows; we do not claim that
multi-agent debate fails in general.

2 Related Work

LLM-as-judge and chain-of-thought: We use
the judge protocol of (Zheng et al., 2023) and (Liu
et al., 2023); (Gu et al., 2025) survey the design
space. A standing concern for any multi-agent
paper is whether debate gains are simply chain-of-
thought gains (Wei et al., 2023; Kojima et al., 2023)
delivered by another route. We include chain-of-
thought as an ablation baseline and note that the
council’s per-round prompt itself elicits a struc-
tured rationale from every member at every round,
so any incremental contribution of the council must
lie in the social dynamics rather than in rationale
presence.

Multi-agent debate: (Du et al., 2023) introduced
multi-agent debate as a remedy for hallucination,
with consistent factuality gains across tasks; (Liang
et al., 2024) added divergent-thinking rounds and
(Chen et al., 2023; Park et al., 2023) explored per-
sona variants. (Chuang et al., 2024) compare col-

49231



Dataset Questions Format Options Agreement Ratio Panel Accuracy

MMLU-Med 1,089 Multiple-choice 4 0.684 74.4%
PubMedQA with context 995 Yes/No/Maybe with abstract 3 0.778 75.7%
MedQA 1,500 USMLE multiple-choice 4 0.606 58.3%
PubMedQA without context 995 Yes/No/Maybe 3 0.773 54.1%
MetaMedQA 1,373 Multiple-choice 4 0.615 49.0%
MedXpertQA 2,450 Expert multiple-choice 10 0.522 14.4%

Table 1: The six benchmarks audited in this study, totalling 8,402 questions. Agreement Ratio and Panel Accuracy
are defined in Section 3.

lective intelligence in human and LLM-based agent
crowds. The re-evaluation by (Smit et al., 2024)
casts doubt on the universality of these gains: de-
bate is matched or exceeded by single-model self-
consistency (Wang et al., 2023) or by independent-
sample majority voting on many tasks. Our work
sits in this re-evaluation thread, in medical reason-
ing, with five heterogeneous open-weight models
and an end-to-end audit of internal state rather than
a black-box accuracy comparison.

Conformity and sycophancy: (Sharma et al.,
2025) characterise sycophantic behaviour, (Perez
et al., 2022) report self-evaluations of agreement
bias, and (Wei et al., 2024; Jalan et al., 2026; Baner-
jee et al., 2026) reduce sycophancy with simple
synthetic data. In multi-agent settings, (Zhu et al.,
2025) measure Asch-style conformity in language
models, (Baltaji et al., 2024) document conformity,
confabulation, and impersonation in multi-agent
collaboration, (Pitre et al., 2025) treat sycophancy
as the central bottleneck of debate quality, and
(Choi et al., 2026) show that exposing agent identi-
ties amplifies it. Identities are exposed throughout
our council by design.

3 Setup

Council: The Panel-1 council is fixed throughout
the paper and comprises five small open-weight
medical or generalist large language models, each
in the 4 to 8 billion parameter range: MedGemma-
4B (Sellergren et al., 2026), Rnj1-8B, Qwen3-
VL-8B (Bai et al., 2025), OpenBioLLM-8B, and
OLMo3-7B (Olmo et al., 2026). We use “Panel-1”
and “council” interchangeably in the rest of the
paper to refer to this same five-model group, with
“council” preferred in narrative prose and “Panel-1”
preferred in figures, tables, and architecture refer-
ences. Where axis space is tight, figures abbreviate
the five members as MedG, Rnj1, Qwen, Bio and
OLMo respectively. At Round 0, every member

produces an independent answer and rationale. If
four of five members agree, an early-consensus
verdict is returned; otherwise, up to three debate
rounds (Round 1 to Round 3) follow, in which each
member sees the previous-round answers and ra-
tionales of the other four. In the debate rounds
the council returns a verdict once a majority of
members converge on the same answer, and the
agreement ratio of that final round is reported as
the declared ratio. Cases that still lack consensus es-
calate to Panel-2, a three-model larger-scale panel
comprising GPT-OSS-20B, MedGemma-27B, and
Qwen3-VL-32B (each in the 20 to 32 billion param-
eter range); where no rule is satisfied even there,
the verdict is a weighted majority vote over the
members’ final answers. Escalation is rare, at most
5.47% of questions on MedXpertQA and none at
all on MetaMedQA, and Appendix J reports its ac-
curacy contribution. Figure 2 shows the pipeline
end to end, from the question through the three
evaluation tracks to the per-question records the
analysis draws on. Hugging Face identifiers for
every model are given in Appendix A, Table 3.

We assembled the council around a deploy-
able configuration rather than a leaderboard: open
weights, 4B to 8B parameters so repeated multi-
round inference fits on one GPU, and a mix of med-
ical specialists (MedGemma-4B, OpenBioLLM-
8B) with instruction-tuned generalists (Qwen3-VL-
8B, Rnj1-8B, OLMo3-7B) so members do not
share a training lineage. Models outside that band,
not open-weight, impractical for repeated inference,
or duplicating a family already represented were
excluded. Four-of-five is strict enough that Round
0 does not absorb contested questions while stay-
ing reachable with five heterogeneous members;
debate is capped at three rounds. Vote entropy is
close to flat after Round 1 on every dataset (Ap-
pendix E), so we see no continued convergence
within the three rounds we run; behaviour beyond
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Figure 3: Per-dataset accuracy of every Panel-1 member at zero-shot, few-shot and chain-of-thought, against the
council verdict (dashed blue) and a single Qwen3-VL-32B with chain-of-thought (dotted red).

Round 3 is untested.

Datasets: We audit the council on six medical
question-answering benchmarks that together to-
tal 8,402 questions and span clinical knowledge,
biomedical reading comprehension, and expert spe-
cialist reasoning: MMLU-Med (Hendrycks et al.,
2021), MedQA (Jin et al., 2020), MetaMedQA
(Griot et al., 2025), PubMedQA with and without
an abstract context (Jin et al., 2019), and MedX-
pertQA (Zuo et al., 2025). Question counts, for-
mats, the mean Round-0 agreement ratio across
council members, and the council’s final accuracy
are reported in Table 1. The Round-0 agreement
ratio of a question is the size of the largest bloc of
members choosing the same option, divided by five;
four members agreeing scores 0.8. Unparseable re-
sponses contribute no vote and are counted in the
denominator.

Baselines: Our primary baseline is zero-shot
prompting of each Panel-1 member, run by us
on the same 8,402 questions and benchmarked
against the council verdict on every dataset (the
council is compared against the strongest individ-
ual member at zero-shot per dataset). Few-shot
(with in-context examples) and chain-of-thought
(with an explicit step-by-step prompt) baselines are
also produced by us and reported as an ablation in
Appendix I. The retained baseline records are ag-
gregate accuracies rather than per-question predic-
tions, so council-versus-baseline contrasts are re-
ported as accuracy differences without significance
tests. Comparisons internal to the council use the
per-question records; since the Early-Consensus
and Debate-Consensus paths partition the questions
into disjoint subsets, we compare them with a two-
proportion test rather than a paired one.

Cross-check and cost: Every metric we report
in this paper is re-derived from the per-question
records produced by our council run, by a sec-

ond analysis pass written independently of the one
that produced them; on a one-decimal cross-check
the two derivations agree on panel-final accuracy
for all six datasets. A council pass averages
5 × (1 + r̄) ≈ 7.45 model calls per question,
with r̄ ≈ 0.49 the mean number of debate rounds,
against one call for a single Qwen3-VL-32B with
chain-of-thought. Weighting each call by the pa-
rameter count of the model serving it, the council
costs (1 + r̄) × 35B ≈ 52 B-parameter-passes
against 32, a factor of about 1.6. The gap between
the two ratios is the point: roughly seven times
the calls for 1.6 times the parameter-weighted com-
pute, so what a deployer pays for is orchestration
rather than throughput. Both are first-order prox-
ies, and neither models batching, latency, memory
placement, or the parallel execution a multi-model
council permits.

Qwen3-VL-32B is used in text-only mode
throughout, with no image input. It serves as an
open-weight 32B reference from the same family
as one council member, not as a multimodal com-
parator.

4 Does the Council Beat Its Members?
Primary Baseline Comparison

We take the first audit question here: does the Panel-
1 council beat each of its members on each dataset,
and where do the few-shot and chain-of-thought
baselines sit? Figure 3 gives the per-dataset com-
parison, with every council member shown under
three prompting modes against the council verdict
(dashed blue) and a single Qwen3-VL-32B with
chain-of-thought (dotted red) as the operational al-
ternative. The primary contrast is the light-grey
zero-shot bars against the dashed blue line; the
comparisons below take the visible patterns in turn.

Against its own members: The council verdict
exceeds each Panel-1 member’s individual zero-
shot accuracy on five of six datasets. The exception
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Figure 4: Panel-1 council against a single Qwen3-VL-32B with chain-of-thought, per dataset, with the (single −
panel) difference in percentage points.

is MMLU-Med, where Qwen3-VL-8B at 76.1%
slightly exceeds the council at 74.4%. Elsewhere
the margin ranges from 1.3 points on MetaMedQA
(Qwen3-VL-8B at 47.7% versus the council at
49.0%) to 13.0 points on PubMedQA without con-
text (OpenBioLLM-8B at 41.1% versus the council
at 54.1%). On those five the council does deliver a
lift over every individual zero-shot member.

Prompting mode: Within Panel-1, few-shot and
chain-of-thought help different members on dif-
ferent datasets, and prompting mode can move
a member a long way: Qwen3-VL-8B falls from
53.5% zero-shot to 37.0% with chain-of-thought
on MedQA, while MedGemma-4B gains 5.1 points
there. The ordering does not change. Only one
few-shot or chain-of-thought baseline overtakes the
council, Qwen3-VL-8B with chain-of-thought on
MMLU-Med (77.2% against 74.4%), the dataset
where that member already led at zero-shot. The
council’s lift therefore cannot be attributed to a
missing rationale signal at the individual level. Ta-
ble 5 reports the breakdown for two representative
datasets.

Against a single larger model: A single Qwen3-
VL-32B with chain-of-thought, the dotted red line
in Figure 3, leads on four of the six datasets: by
16.2 points on MedQA (74.5% against 58.3%)
and by the same margin on MetaMedQA (65.2%
against 49.0%), by 10.6 on MMLU-Med and 3.7
on MedXpertQA. The council leads on both Pub-
MedQA variants, by 4.5 points with the abstract
context supplied and 11.5 without it. These are
the two Yes/No/Maybe tasks in the suite and also
the two with the highest Round-0 agreement (Ta-
ble 1); we report the association without claiming
a mechanism.

Cost: The single larger model is more accurate on
four of the six benchmarks and needs roughly one-
seventh of the model calls (Section 3), so for this
council, this comparator and this benchmark suite,

a deployer who can afford either configuration has
a reason to prefer the single model; Figure 4 pairs
accuracy against cost per dataset; its differences
are computed on unrounded accuracies and so sit a
decimal away from the difference of the rounded
bar labels in two places. The two exceptions matter:
on both PubMedQA variants the council is the more
accurate option, so the preference is not uniform
even within our own suite, and we do not extend it
beyond it.

5 Where Does the Council’s Lift Come
From? Per-Round Decomposition

The headline that “the council beats its members”
invites the question: when does the council do its
work? The five-member council reaches a verdict
through one of four routes: Early Consensus at
Round 0 (four-of-five agreement before any debate
fires), Debate Consensus across one or more rounds
(Round 1 to Round 3), Panel-2 Escalation on un-
resolved cases, and a Weighted-Majority fallback
when even Panel-2 disagrees. The audit question is
whether the debate steps (Round 1 to Round 3) are
the source of the lift, or whether the lift is already
booked at Round 0.

Before debate: Across the 8,402 questions,
67.3% are decided by Early Consensus at Round
0. The Early-Consensus share is 89.9% on Pub-
MedQA with context, 78.2% on MMLU-Med, and
47.0% on MedXpertQA. The debate mechanism is
invoked on the remainder. We are not arguing that
this in itself is a problem: easy questions should
resolve without debate. But it does mean that two-
thirds of the council’s reported accuracy is, by con-
struction, an Early-Consensus number with no con-
tribution from the debate scaffolding. Appendix B
gives the per-dataset share and path-conditional
accuracy of every route.

Path accuracy: Table 2 reports the path-
conditional accuracies. On five of six datasets, the
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Dataset Panel Final Early Consensus Debate Consensus Panel-2 Escalation

MMLU-Med 74.4% 76.2% 67.7% 80.0% (n = 5)
PubMedQA with context 75.7% 78.2% 54.3% 33.3% (n = 6)
MedQA 58.3% 60.0% 53.9% 66.7% (n = 39)
PubMedQA without context 54.1% 55.8% 45.6% 16.7% (n = 6)
MetaMedQA 49.0% 51.4% 44.3% n/a (n = 0)
MedXpertQA 14.4% 12.5% 15.3% 23.1% (n = 134)

Table 2: Per-dataset accuracy of the Panel-1 council broken down by resolution route, with the escalation count for
each route in parentheses.

questions that resolve at Round 0 (Early Consen-
sus) end up with higher accuracy than the questions
that pass through the debate rounds: +8.5 points on
MMLU-Med, +24.0 on PubMedQA with context,
+6.2 on MedQA, +10.2 on PubMedQA without
context, and +7.2 on MetaMedQA.* All five gaps
are significant at p < 0.05 under a two-proportion
test, and the largest, on PubMedQA with context,
at p < 10−6. Appendix C plots the two path accu-
racies against each other per dataset. MedXpertQA
is the one dataset where the relationship inverts
(−2.8 points): both paths are near the 10% random
baseline, and Section 7 treats it as a separate case.

Per round: A natural follow-up question: among
the questions that do enter debate, does accuracy
improve from Round 1 to Round 3? On the de-
bate subset of each dataset the per-round Panel-
1 accuracy is flat. MedQA moves from 53.5%
(Round 1) to 53.8% (Round 2) to 54.0% (Round 3);
MetaMedQA from 44.1 to 44.3 to 44.4; MMLU-
Med from 67.5 to 67.7 to 67.7; PubMedQA with
context from 54.1 to 54.2 to 54.3; PubMedQA
without context from 45.4 to 45.6 to 45.6; and
MedXpertQA from 14.8 to 15.0 to 15.3. Gains
from Round 1 to Round 3 are within roughly one
percentage point on every dataset. These later-
round figures rest on shrinking subsets, since most
questions that enter debate converge in Round 1
and leave.† The Round 1 already-converged ma-
jority is not subsequently rescued by Round 2 or
Round 3. The per-round vote-entropy trajectory
(Appendix E, Figure 10) corroborates this: entropy
collapses early on the easier datasets and stays near

*Gaps are computed on unrounded path-conditional accu-
racies and may differ by a decimal from the rounded values in
Table 2.

†Questions still unresolved at Round 3: 264 on MedX-
pertQA, 69 on MedQA and on MetaMedQA, 19 on Pub-
MedQA without context, 11 on MMLU-Med, 9 on Pub-
MedQA with context (Figure 10). On the last three the Round-
3 value is indicative rather than precise.

1.4 bits through Round 3 on MedXpertQA.

Reconciliation: The overall Panel-1 accuracy in
Table 1 is the share-weighted combination of the
three subset columns in Table 2. Early Consensus
carries roughly two-thirds of the questions, though
only 47.0% on MedXpertQA, and is the most ac-
curate path on five of six datasets, so it dominates
the average. The Debate Consensus figures quoted
above (54.0% at Round 3 on MedQA) are condi-
tional on a smaller, harder subset and sit below the
dataset’s Panel Final value (58.3%): the headline
accuracy is high because Early Consensus carries
both the largest share and the highest accuracy, not
because the debate rounds are.

Interpretation: The debate scaffolding does con-
tribute, but modestly, and mainly on questions
where the knowledge is already present in at least
one member. Where it is absent in most of them,
more rounds yield similar entropy and similar ac-
curacy: debate does not synthesise knowledge the
council does not have. For this council on this
dataset family, the debate steps do less work than
the accuracy suggests.

6 Influence Structure: Deference or
Conformity?

We compute directed influence as follows: for each
question and each round transition r−1 → r, we
count an event i → j whenever model j changed
its answer in round r to match model i’s round-
(r−1) answer, given that i and j disagreed at round
r−1. Aggregated across all six datasets, Qwen3-
VL-8B generates 4,274 outgoing influence events
to the other four members, compared with 3,173
for MedGemma-4B, 2,233 for Rnj1-8B, 1,480 for
OLMo3-7B, and 1,315 for OpenBioLLM-8B. Ag-
gregated over the six datasets the largest dyadic
channel is Qwen3-VL-8B → Rnj1-8B (368, 973,
and 338 events on MedQA, MedXpertQA, and
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MetaMedQA respectively), though it is not the
largest dyad on either PubMedQA variant. The
counts in this section are raw event totals taken
from the per-question records; the per-dataset 5×5
matrices in Appendix D (Figure 9) show the same
events with each panel normalised to 100%.

A natural counter-reading is that Qwen3-VL-
8B is the strongest member at zero-shot (Figure 3;
Table 5), so its high outgoing influence may be
rational deference: the other four correctly updat-
ing toward the most accurate member. To separate
deference from conformity, we split every follower
change toward Qwen3-VL-8B by whether the an-
chor was itself correct at the prior round.

Deference and conformity: Figure 5 shows the
split. On the easier datasets (MMLU-Med, Pub-
MedQA with context), the conformity share is
around one-third: most follower moves toward
the anchor happen when the anchor is correct,
the rational-deference pattern. On the harder
datasets the share climbs, though not monotoni-
cally, and reaches 85% on MedXpertQA. Of ev-
ery 100 follower moves toward Qwen3-VL-8B on
MedXpertQA, 85 occur in cases where Qwen3-VL-
8B itself was wrong. Follower moves toward the
anchor are, on this dataset, largely insensitive to
whether the anchor was right, which is not what
rational deference would predict. The evidence
is observational: we count answer changes in the
transcripts and split them by anchor correctness,
and we do not re-run the council with colleague
messages removed.

Self-correction and corruption: Appendix G
(Figure 12) reports per-model self-correction
(wrong at Round 0, right at the final answer)
against corruption (right to wrong). On the easier
datasets the ratio is roughly 2.5:1 in favour of self-
correction; on MedXpertQA it collapses to 1.16:1,
near parity. Appendix L (Figure 14) follows one

question through all three rounds and shows both
patterns in a single case: one member updates on
new evidence, another holds an incorrect position
throughout.

7 Correlated Ignorance on MedXpertQA

On every dataset except MedXpertQA, panel-final
accuracy is non-decreasing in the Round-0 agree-
ment ratio: conditional on all five members agree-
ing at Round 0, accuracy ranges from 61.2% on
PubMedQA without context to 92.1% on MMLU-
Med (Figure 6). On MedXpertQA the relationship
inverts. Of the 61 questions where all five members
agreed at Round 0, the panel was correct on only
6.6% (4 of 61). On the 2,389 questions where they
did not all agree, the panel was correct on 14.6%.

Control: A sceptical reader might ask whether
the inversion tracks agreement specifically or sim-
ply marks the questions on which these models
are confidently wrong. We can separate the two
only partially. On the 108 questions where all five
members report a confidence of at least 0.85 at
Round 0, regardless of which answer each chose,
the panel verdict is correct on 11.1%: below the
14.4% dataset baseline, so confidence alone already
selects harder questions, and numerically above the
6.6% recorded when the five agree on one option.
At 61 and 108 questions the two are not distin-
guishable (two-sided Fisher exact, p = 0.42), so
we do not claim agreement contributes a drop be-
yond confidence. Both conditions are council-level;
a single-model equivalent would need per-model
confidence-conditioned accuracies our aggregate
records do not retain.

Mechanism: Behind the MedXpertQA inversion
is a bias the five members hold in common. The ten
options A to J are close to uniform in the ground
truth (rarest 222, most common 263), yet the coun-
cil returns option “A” 558 times, more than twice
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Figure 6: Round-0 agreement ratio against panel-final accuracy, per dataset. The diamond on the MedXpertQA
panel is the high-confidence control.

as often as any other option and 2.3 times the
241 questions on which A is in fact correct (Ap-
pendix F, Figure 11; binomial test p < 10−30).
A first-option preference is well documented in
individual instruction-tuned models (Zheng et al.,
2024). What our transcripts add is that the prefer-
ence is still visible in the council’s final answers.
Because this count pools questions settled at Round
0 with questions that went through debate, it does
not on its own show whether exchange weakens
the bias. This is the concrete form correlated igno-
rance takes here, and why agreement and accuracy
come apart on this dataset. When members share
a heuristic, their agreeing tells you the heuristic
fired, not that the evidence supports the answer,
and a consensus rule that reads agreement as relia-
bility cannot tell the two apart. We have not run the
causal test: re-running MedXpertQA with option
positions shuffled would show whether the same
content is still preferred once it no longer appears
first. What we report is the association under the
benchmark’s native ordering.

8 Behavioural Quality of Rationales

The accuracy and structural findings of Sections 4
through 7 rest on the assumption that the council’s
rationales themselves are reasonable. We test this
assumption with an LLM-as-Judge protocol follow-
ing (Zheng et al., 2023) and (Liu et al., 2023), scor-
ing each rationale on seven dimensions. Four are
analysed here: Faithfulness (1–5; does the selected
option follow from the written rationale, that is,
answer-rationale consistency rather than fidelity to
the model’s internal computation), Groundedness
(1–5; is each claim supported by the question stem),
Helpfulness (1–5; is the rationale actionable for a
clinician), and Sycophancy rate (a proxy: the frac-
tion of round-to-round position changes that move
toward the visible majority without introducing a
new factual claim). Clinical correctness, Calibrated

uncertainty and Hallucination count were also col-
lected but are not analysed here. The primary judge
is Qwen3-32B (Yang et al., 2025) (text-only); a sec-
ondary GPT-OSS-20B judge scores a 20% overlap
subsample. Two human raters independently score
faithfulness and sycophancy on 100 cases drawn
from the same subsample. The values reported here
come from a 1,500-question subsample allocated
equally across the six datasets, 250 questions each,
under a fixed random seed.

The picture is stable across rounds and datasets.
On a 1 to 5 scale, Faithfulness sits between 3.45
and 4.02 across the five members, Groundedness
between 3.36 and 3.95, and Helpfulness between
3.20 and 3.86, with Qwen3-VL-8B highest and
OpenBioLLM-8B lowest. The Sycophancy Rate
rises with round number and is highest in the two
members that change position most readily (Rnj1-
8B at +0.32 and OLMo3-7B at +0.30 from Round
0 to Round 3), and lowest in the anchor Qwen3-VL-
8B at +0.10. The full per-round, per-model judge
plot (Figure 13) and per-model summary (Table 4)
are in Appendix H. This matches Section 6: fol-
lowers adopt the anchor’s position in later rounds,
and the judge marks that as sycophancy when the
change brings no new factual claim.

On 100 cases scored by two raters, inter-rater
Cohen κ on sycophancy is 0.47 and Spearman ρ
on faithfulness 0.61; judge-to-human agreement is
κ = 0.37 and ρ = 0.64 respectively. The judge
labels sycophancy more conservatively than the
human raters.

9 Discussion

Does three-round multi-agent debate help the coun-
cil reach the correct answer in medical reasoning,
and if so by how much? Our audit answer is softly
negative. The council does beat each member’s
zero-shot accuracy on five of six datasets, and
67.3% of questions are settled at Round 0 before
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any exchange. Among the questions that do en-
ter debate, path-conditional accuracy moves by at
most half a point across the rounds we report. Be-
cause Early-Consensus and Debate-Consensus are
disjoint, difficulty-selected subsets, and because
we report no all-question Round-0 majority-vote
baseline, this contrast describes where accuracy sits
rather than isolating what the debate rounds con-
tribute. Held against a single Qwen3-VL-32B with
chain-of-thought prompting, the same council trails
on four of six datasets by up to 16.2 points, and
leads on the two PubMedQA variants (Figure 4).

Two design implications follow. The first is
about composition, and it is not the lesson we ex-
pected: lineage diversity is not sufficient. Our five
members come from five different lineages, yet
Section 7 shows them agreeing on the first option
and being wrong together, with agreement giving
no warning. Treating consensus as a measurement
that can itself be biased matters more here than
adding members. The second is about routing. A
fixed four-of-five threshold spends the same bud-
get on every question while two-thirds never reach
debate; letting it respond to difficulty, or gating the
council on a reference model’s confidence, would
move that budget somewhere useful. We evaluated
neither.

10 Conclusion

We audited a five-member council of open-weight
medical and generalist LLMs on 8,402 questions
across six benchmarks. It beats each member’s
zero-shot accuracy on five of six datasets, and most
verdicts are settled at Round 0, where accuracy
is higher than on the questions that enter debate.
These are different question subsets, so we do not
read that contrast as a causal estimate of what the
debate rounds add. The verdict tracks one anchor,
and the harder the dataset, the more of those moves
happen while it is wrong. On the hardest, the
direction reverses: the questions the council agrees
on at Round 0 are the ones it most often gets wrong,
and what it converges on is disproportionately the
first option.

Limitations

Our evidence base is narrower than the questions
it is asked to settle. The zero-shot, few-shot and
chain-of-thought baselines are our own runs, but
we retained only their aggregate-accuracy sum-
maries and not the per-question predictions, so ev-

ery council-versus-baseline contrast in Section 4 is
a difference in aggregate accuracy, reported with-
out paired tests or per-question intervals. A cleaner
comparison would have been a Round-0 majority
vote computed over all 8,402 questions, including
the third that the council routes into debate: be-
cause the Early-Consensus path is by construction
the subset on which members already agree, such a
baseline would separate ordinary ensembling from
debate more sharply than our path decomposition
can. We report the decomposition instead because
that baseline was not part of the evidence reviewed
for this paper. The judge results in Section 8 rest on
a narrower base still, a 1,500-question subsample
allocated equally across the six datasets and scored
by a single primary judge (Qwen3-32B) with a 20%
secondary-judge overlap (GPT-OSS-20B); we used
the secondary judge as a consistency check during
scoring and report no inter-judge agreement statis-
tic, which would require several judges scored on
a common subsample and a broader pool of hu-
man raters. The accuracy and structural claims of
Sections 4 through 7 are computed on all 8,402
questions and do not depend on the judge. We also
did not run the counterfactual that would settle the
sycophancy question: re-inferring every model at
every round with the colleague messages removed
roughly doubles the compute of our council run
and was outside our budget, leaving the deference-
versus-conformity decomposition of Section 6 as
the closest observational analogue available to us.

Several confounds we cannot exclude bear on
how those numbers should be read. All six bench-
marks are public research datasets, so we cannot
rule out that some questions appeared in the pre-
training data of one or more council members, and
absolute accuracies should be read with that in
mind. Our central claims rest on comparisons made
within a single run over the same instances, but
that does not make the resolution paths compa-
rable here: Early Consensus and Debate Consen-
sus hold different questions, and contamination
need not reach every model or stage equally, so it
could shift both absolute accuracy and which ques-
tions settle at Round 0. A second gap is positional.
We did not re-run MedXpertQA with the option
positions shuffled, so the first-option preference
reported in Section 7 is an association under the
benchmark’s native ordering rather than a demon-
strated positional cause. A third is that the council
aggregates votes rather than probabilities: mem-
bers report a self-assessed confidence that we use
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only for the control in Section 7, and self-reported
confidence is not a calibrated probability (Kadavath
et al., 2022). Aggregating calibrated option proba-
bilities and measuring the calibration of members
and of the council as a whole (Guo et al., 2017)
would test whether the failures we document are ag-
gregation failures or calibration failures; any such
calibration would need held-out data kept strictly
separate from the evaluation questions.

Finally, we do not claim that multi-agent debate
fails in general. The audit is bounded to one prompt
template used by every member at every round, the
four-of-five consensus threshold, the Panel-1 com-
position, a three-round debate cap, and the medical
question-answering domain; Appendix K sets out
in one place what the audit varies and what it holds
fixed. Council size is among the fixed axes, so we
cannot say whether three members would aggre-
gate as well as five or would simply lean harder
on the anchor, and a Round-0 subpanel analysis
would not settle it, because removing a member
changes the messages every other member sees in
later rounds. We compare against one larger model,
where a text-only Qwen3-32B, rather than a vision-
language model run without images, would isolate
the effect of vision-language pretraining. We did
not test closed-weight councils, and whether five or
more rounds would close the early-versus-debate
gap is unknown. Nor can we speak to debate among
larger models: Panel-2 brings 20B to 32B models
to bear, but only as an escalation stage on 190
questions, debating no more than the questions it
inherits; it is not a large-model council. Our one
operational claim, that a deployer might prefer a
single Qwen3-VL-32B with chain-of-thought to
this five-member council, is bounded accordingly,
and does not hold uniformly even within our own
suite, where the council is the more accurate option
on both PubMedQA variants. The cost compar-
ison behind it is a first-order proxy over model
calls and parameter-weighted passes that does not
model batching, latency, memory placement, or the
parallelism a multi-model council allows.

Ethical Considerations

The questions used in this audit are drawn from pub-
licly released medical question-answering bench-
marks intended for research evaluation, not from
patient records. No identifiable patient data appears
in any council transcript. Our negative findings
should not be read as endorsement of any single

model for clinical use. The safe interpretation is
that the failure modes we identify (correlated igno-
rance, anchored agreement) are properties that any
council-based clinical decision support pipeline
should be tested for explicitly before deployment,
consistent with the recommendations of (Labkoff
et al., 2024). We release the full per-question coun-
cil conversations at Council Conversations. AI as-
sistants were used for writing support and sentence
polishing.
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A Model Identifiers

The exact checkpoints used in the audit are listed in
Table 3. The judge and the comparator described in

Section 4 were run text-only; the latter corresponds
to the relevant Panel-2 entry. All model weights
are publicly downloadable, although some require
acceptance of the publisher’s access terms.

Role Checkpoint Link

Panel-1 google/medgemma-4b-it HF
Panel-1 EssentialAI/rnj-1-instruct HF
Panel-1 Qwen/Qwen3-VL-8B-Instruct HF
Panel-1 aaditya/Llama3-OpenBioLLM-8B HF
Panel-1 allenai/OLMo-3-7B-Instruct HF
Panel-2 openai/gpt-oss-20b HF
Panel-2 google/medgemma-27b-it HF
Panel-2 Qwen/Qwen3-VL-32B-Instruct HF
Judge Qwen/Qwen3-32B HF

Table 3: Models checkpoints used in the audit.

B Resolution-Path Geography

Figure 7 reports, per dataset, both the share of
council decisions resolved by each path and the
path-conditional accuracy of that path. Aggregated
across the 8,402 questions, 67.3% of council deci-
sions are reached by Early Consensus at Round 0
and 30.0% by Debate Consensus across Rounds 1
to 3. The remaining 2.3% escalate to Panel-2 (190
questions), of which a small residue falls through
to the Weighted-Majority fallback.

C Early- versus Debate-Consensus
Accuracy (Dot Plot)

Figure 8 pairs Early-Consensus accuracy and
Debate-Consensus accuracy per dataset and shows
the Early-minus-Debate gap in percentage points
on the right margin. On five of six datasets the
gap is positive and between 6.2 and 24.0 points.
MedXpertQA is the outlier with a small negative
gap, both paths near the random baseline.

D Influence Heatmaps

Figure 9 reports the per-pair directed influence
matrices per dataset, normalised so each panel
sums to 100%. The Qwen3-VL-8B row is the
highest-magnitude row across all six datasets. The
Qwen3-VL-8B → Rnj1-8B channel is the largest
dyad on MedQA, MetaMedQA and MedXpertQA,
and is tied for largest on MMLU-Med; on Pub-
MedQA with context the largest is MedGemma-
4B → Rnj1-8B, and on PubMedQA without con-
text it is Qwen3-VL-8B → MedGemma-4B.
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Figure 7: Per-dataset share of council decisions following each resolution route, and the path-conditional accuracy
of that route.
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Figure 9: Per-pair directed influence i → j across all rounds, normalised to the percentage of all influence events
per dataset. Members are abbreviated as in Section 3.

E Vote-Entropy Trajectory

Figure 10 tracks the mean vote entropy of the
council across rounds. On the easier datasets en-
tropy collapses almost immediately: most ques-
tions leave the debate after Round 1, and the count
on each marker shows how few remain. On MedX-
pertQA it stays near 1.4 bits through Round 3, and
the questions that survive to the final round are
no closer to agreement than those that entered at
Round 1. This is the trajectory Section 5 draws on
when it reports that per-round accuracy is flat, and
it is also why the Round-3 figures for MMLU-Med,
PubMedQA with context and PubMedQA without
context rest on fewer than twenty questions each.

F MedXpertQA Option-Selection Bias

Figure 11 compares how often the council returns
each of the ten MedXpertQA options against how
often that option is correct. The ground truth is
close to uniform, from 222 to 263 questions per
option, so no option is intrinsically favoured by
the benchmark. The council nonetheless returns
option “A” 558 times against the 241 questions on
which A is correct, more than twice as often as any
other option; a binomial test against the ground-
truth rate gives p < 10−30. Section 7 reads this as
the mechanism behind the agreement inversion on
this dataset.
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G Self-Correction and Corruption

Figure 12 reports per-model Self-Correction (a
member changes from wrong at Round 0 to right at
the final answer) and Corruption (right at Round 0
to wrong at the final answer) per dataset. The Self-
Correction-to-Corruption ratio is roughly 2.5:1 on
the easier datasets and falls to 1.16:1 on MedX-
pertQA.

H Judge-Based Behavioural Quality

Figure 13 shows the four judge metrics per round
for each council member, and Table 4 gives the
per-model means. Faithfulness, Groundedness and
Helpfulness stay roughly flat from Round 0 to
Round 3, so the rationales do not visibly degrade as
the debate proceeds. The sycophancy rate behaves
differently: it rises with round number for every
member, most steeply for Rnj1-8B and OLMo3-7B,
the two members that change position most readily,
and least for the anchor Qwen3. Section 8 reads
this alongside the influence analysis of Section 6.

I Few-Shot and Chain-of-Thought
Ablation

Table 5 reports per-model accuracies under each
prompting mode side by side with the Panel-1 coun-

cil verdict for two representative datasets. Few-shot
and chain-of-thought help different members on dif-
ferent datasets, and the spread across modes for a
single member reaches 16.5 points (Qwen3-VL-8B
on MedQA, 53.5% zero-shot against 37.0% with
chain-of-thought).

J Panel-2 Ablation

Panel-2 is the three-model escalation panel (GPT-
OSS-20B, MedGemma-27B, Qwen3-VL-32B). Es-
calation is rare: no questions on MetaMedQA,
0.46% on MMLU-Med, and at most 5.47% on
MedXpertQA, for 190 escalated questions in to-
tal across the six datasets. On the two datasets
with enough escalated questions to read, Panel-2
accuracy is above the dataset baseline (66.7% on
MedQA with n = 39, 23.1% on MedXpertQA
with n = 134; Table 2), but the absolute contribu-
tion to overall accuracy is small, and the remaining
four datasets escalate too few questions to support
any estimate. Panel-2 is an escalation stage, not
a large-model debate: it sees only the questions
Panel-1 could not resolve, and it is not run on the
full benchmark.
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Section 3.
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Figure 13: Judge-based behavioural quality per round, per model. Left axis: Faithfulness, Groundedness, Helpful-
ness on a 1 to 5 scale. Right axis: sycophancy-proxy rate.

Model Faithfulness Groundedness Helpfulness Sycophancy Rate ∆ (R0 to R3)

MedGemma-4B 3.91 3.83 3.74 +0.16

Rnj1-8B 3.69 3.61 3.49 +0.32

Qwen3-VL-8B 4.02 3.95 3.86 +0.10

OpenBioLLM-8B 3.45 3.36 3.20 +0.21

OLMo3-7B 3.49 3.40 3.25 +0.30

Table 4: Per-model means for the three line metrics in Figure 13, averaged over rounds and datasets, with the change
in sycophancy-proxy rate from Round 0 to Round 3.

Dataset Model ZS FS CoT Panel

MedQA

MedGemma-4B 46.0 43.6 51.1

58.3
Rnj1-8B 35.3 35.1 37.3
Qwen3-VL-8B 53.5 53.5 37.0
OpenBioLLM-8B 7.0 10.2 9.7
OLMo3-7B 31.9 29.3 36.6

MMLU-Med

MedGemma-4B 60.2 53.9 64.2

74.4
Rnj1-8B 54.7 59.9 62.5
Qwen3-VL-8B 76.1 73.3 77.2
OpenBioLLM-8B 42.1 41.7 38.8
OLMo3-7B 58.2 47.3 56.7

Table 5: Per-model accuracies (%) for two representa-
tive datasets under zero-shot (ZS), few-shot (FS) and
chain-of-thought (CoT). Panel is the Panel-1 council
verdict.

K Prompt and Model Scope

This audit varies prompting mode, benchmark,
Panel-1 member, model scale and debate round,
while holding fixed the debate prompt, consen-

sus rules, three-round cap, visible member iden-
tities, greedy decoding and native option order-
ing. Visible identities may strengthen conformity
(Choi et al., 2026), and we did not test alterna-
tive prompts, thresholds or identity settings. Exact
model checkpoints, roles and source links are listed
in Appendix A. We also release the council conver-
sations and prompts for research use.

L A Three-Round Debate Transcript

Figure 14 shows an illustrative MedQA case in
which all three debate rounds fired. We display
the three members with a parseable rationale at ev-
ery round; OLMo3-7B and OpenBioLLM-8B con-
tributed extractable answers but no rationale that
could be quoted, so they remain in the five-member
vote tallies without displayed turns. Rationales are
quoted verbatim and truncated to approximately
280 characters per turn.
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MedQA question 1081 ground truth: B (Cystathionine synthase deficiency) council final: B (correct)

Case. A 3-year-old boy is seen in clinic. He was born at home without perinatal care. He was apparently normal at birth,
but later developed failure to thrive and developmental delay. He also has a history of cataracts. His older brother had a
myocardial infarction at the age of 18 and is rather lanky and tall in appearance. Laboratory testing of his urine showed
an increase in the level of an amino acid. What is the most likely mechanism responsible for this boy’s pathology?
Options. (A) Hereditary defect of renal amino acid transporter; (B) Cystathionine synthase deficiency; (C) Decreased
phenylalanine hydroxylase; (D) Deficiency of homogentisic acid oxidase; (E) Inability to degrade branched chain amino
acids.
Round 0: independent answers (no colleague messages visible).
MedGemma-4B selects (C). Confidence 0.95. “Failure to thrive, developmental delay, cataracts, and an increased
urinary amino acid level strongly suggest phenylketonuria. Phenylketonuria is caused by a deficiency in phenylalanine
hydroxylase.”
Rnj1-8B selects (B). Confidence 0.90. “Cataracts and developmental delay suggest a metabolic disorder. The elevated
urinary amino acid points to a defect in amino acid metabolism. Cystathionine synthase deficiency leads to elevated
homocysteine, which can cause developmental delay and cataracts; the brother’s early myocardial infarction fits
homocystinuria’s vascular risk.”
Qwen3-VL-8B selects (E). Confidence 0.95. “Failure to thrive, developmental delay, cataracts, and family history
of early myocardial infarction all point to a metabolic disorder; the elevated amino acid in urine suggests a defect in
branched-chain amino acid metabolism (maple syrup urine disease).”
Round 0 Vote. A: 2, B: 1, C: 1, E: 1. Agreement Ratio = 0.4. No early consensus; council enters debate.
Round 1: each member sees the other four members’ Round 0 answers and rationales.
MedGemma-4B selects (C). Confidence 0.95. “While Panellists B and E present compelling arguments, the key
distinguishing feature is the increased urinary amino acid level. This is most characteristic of phenylketonuria.”
Rnj1-8B selects (B). Confidence 0.90. “I reaffirm cystathionine synthase deficiency. The elevated amino acid in urine,
combined with cataracts and developmental delay, fits homocystinuria; the brother’s early myocardial infarction is a key
cardiovascular tell.”
Qwen3-VL-8B selects (B). Confidence 0.95. Position change from (E) to (B). “Panellist B’s argument is strengthened
by the family history of early myocardial infarction, which aligns with homocystinuria’s known cardiovascular risk.
Cataracts and developmental delay are classic features. My position updates to B.”

Round 2: continued debate.
MedGemma-4B selects (C). Confidence 0.95. “B’s argument for homocystinuria is compelling, but the urinary amino
acid is more characteristic of phenylketonuria.”
Rnj1-8B selects (B). Confidence 0.95. “Family history of myocardial infarction at 18 plus cataracts plus developmental
delay is the classic homocystinuria triad.”
Qwen3-VL-8B selects (B). Confidence 0.95. “My position is unchanged. The combination of features, especially the
early myocardial infarction, is classic for homocystinuria. Phenylketonuria does not cause cataracts.”

Round 3: final round.
MedGemma-4B selects (C). Confidence 0.95. “I maintain C. Phenylketonuria is most consistent with the urinary amino
acid finding.”
Rnj1-8B selects (B). Confidence 0.95. “Homocystinuria remains the most likely diagnosis.”
Qwen3-VL-8B selects (B). Confidence 0.95. “Position unchanged.”
Round 3 Vote. B: 3, C: 1, A: 1 (OLMo3-7B unchanged on A). Agreement Ratio = 0.6. Council final: B (correct), by
majority agreement in the debate rounds.

Figure 14: One council transcript (MedQA question 1081) in which all three debate rounds fired. Discussed in
Appendix L.
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