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Abstract

We introduce MedBench, a benchmark for
evaluating medical language models as delib-
erating agents rather than isolated predictors.
MedBench evaluates eight models (4B-32B) on
19,625 questions from six medical QA datasets
using Consensus-Aware Model Panel (CAMP),
a two-tier protocol in which five 4B–8B models
answer independently, revise after observing
peer reasoning, and escalate persistent disagree-
ments to larger 20B-32B models. Compared
with zero-shot, few-shot, and chain-of-thought
baselines, CAMP shows that deliberation is
not uniformly accuracy-improving, but reveals
interaction-driven behaviors hidden by single-
model evaluation. On PubMedQA without ex-
ternal context, the 4B-8B panel outperforms the
evaluated 20B-32B individual zero-shot mod-
els (54.1% vs. 33.9%), and achieves the best
evaluated result with context (75.7%), suggest-
ing that structured interaction can sometimes
complement scale. Across five datasets, initial
inter-model agreement is positively associated
with correctness and serves as a useful diffi-
culty signal. However, on MedXpertQA, unan-
imous agreement yields only 6.6% accuracy
despite 14.4% overall accuracy, suggesting cor-
related ignorance, where shared biases make
consensus misleading. Error analysis shows
that most failures are debate-insufficient cases,
where incorrect majorities persist despite inter-
action (93-97%), while debate-harmful cases
account for 3-7%. MedBench positions deliber-
ative evaluation as a complement to accuracy-
centric benchmarking, measuring when model
interaction corrects errors, reinforces shared
mistakes, or signals the need for stronger evi-
dence and human review.

1 Introduction

The dominant paradigm in medical AI benchmark-
ing is simple: ask a model a question, record
whether it answers correctly, and report a single

*Equal contribution.

accuracy number. Considerable progress has fol-
lowed from scaling (Nori et al., 2023; Sellergren
et al., 2026; Singhal et al., 2025) and prompting
(Wei et al., 2022; Brown et al., 2020). Yet this
paradigm has a structural blind spot: it cannot de-
tect failure modes that only emerge when mod-
els are placed in relation to each other, includ-
ing shared biases, correlated misconceptions, and
the qualitative difference between “every model
is wrong because the question is hard” and “ev-
ery model agrees because they all share the same
hallucination.”

Medicine itself provides a precedent for deliber-
ative evaluation. Physicians facing genuine diag-
nostic uncertainty consult colleagues, revise initial
impressions in light of contradicting reasoning, and
escalate to specialists when the collective remains
uncertain. Benchmarks, by contrast, ask language
models the same question in isolation. The result
is that two qualitatively different failure modes are
collapsed into a single metric: cases where models
are wrong but could be corrected through interac-
tion, and cases where models are wrong in a way
that collective deliberation would only reinforce
the incorrect reasoning. We operationalize this in-
tuition in MedBench, a benchmark that evaluates
medical language models not as isolated oracles but
as deliberating agents. MedBench specifies both a
collection of evaluation datasets spanning the clini-
cal difficulty gradient and the CAMP protocol as
its assessment mechanism; the two are designed
together so that the protocol’s deliberative structure
is what makes the benchmark’s diagnostic findings
possible.

The CAMP (Consensus-Aware Model Panel) is
an evaluation protocol, not a deployment proposal.
In this protocol, models iteratively revise their an-
swers after observing peer reasoning under a fixed
update protocol (Du et al., 2023; Liang et al., 2023).
Unlike self-consistency (Wang et al., 2023) and
ensemble voting, which aggregate independent pre-
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dictions, CAMP enables iterative interaction be-
tween models, making the influence structure ob-
servable and measurable. For each question, the
protocol generates an inter-model agreement tra-
jectory, per-model position-change sequences, and
a resolution pathway, collectively constituting a
richer characterization of model capability than
accuracy alone. We treat deliberation as an observ-
able process that reveals latent error structure in
language models: interaction converts hidden error
correlations into measurable signals.

Why this matters in medicine: In high-stakes
domains such as clinical decision support, under-
standing when model confidence is reliable versus
when it reflects shared bias is not merely an aca-
demic concern. A finding of unanimous model
agreement on a specialist question is equally con-
sistent with collective expertise and with collective
hallucination; standard benchmarks cannot distin-
guish the two. MedBench provides formal tools
to make this distinction, including the agreement
ratio as an uncertainty proxy and the correlated
ignorance diagnosis for cases where consensus sig-
nals failure rather than reliability.

The evaluation gap: Medical QA benchmarks
span a wide difficulty gradient, from MMLU-style
questions tractable for 4B models to ten-option spe-
cialist questions that remain difficult for the evalu-
ated model sizes (Jin et al., 2020; Zuo et al., 2025;
Hendrycks et al., 2021). Standard evaluation con-
flates confident correct reasoning with lucky guess-
ing, and cannot distinguish “all models disagree be-
cause the question is hard” from “all models agree
because they share the same bias.” MedBench is
designed to make this distinction explicit.

Contributions:

1. MedBench benchmark. To our knowledge,
MedBench is among the first benchmarks
to evaluate medical language models under
a deliberative protocol across six datasets
and eight models (19,625 questions), extend-
ing medical NLP evaluation beyond isolated
single-model accuracy.

2. Deliberation can complement scale in a
scoped setting. A panel of 4–8B models
outperforms the individual 20–32B models
evaluated here on PubMedQA without con-
text and obtains the strongest result among
our evaluated settings on PubMedQA with

context (75.68%), suggesting that deliberation
can sometimes complement scale.

3. Agreement ratio as an uncertainty proxy.
Across five datasets, the fraction of Panel 1
models initially agreeing is a strong predictor
of final accuracy, serving as a practical uncer-
tainty signal. On MedXpertQA the relation-
ship inverts completely, providing a diagnos-
tic criterion for correlated ignorance, a failure
mode where unanimous collective confidence
actively misleads.

4. Debate error taxonomy. Debate failures par-
tition into two primary debate-related modes:
debate-insufficient (93–97%, incorrect major-
ity persists despite interaction) and debate-
harmful (3–7%, a correct minority model is
overturned by peer influence), with Panel
2 insufficiency tracked separately for esca-
lated cases. These error types are invisible
to accuracy-only evaluation and suggest dif-
ferent intervention strategies.

2 Related Work

Medical LLM benchmarking: Foundational
medical QA benchmarks include MedQA (Jin et al.,
2020), PubMedQA (Jin et al., 2019), and MMLU
(Hendrycks et al., 2021). Performance has risen
sharply with scale (Nori et al., 2023) and domain
fine-tuning (Sellergren et al., 2026). MedMCQA
(Pal et al., 2022) expanded evaluation to Indian
medical licensing questions. MedXpertQA (Zuo
et al., 2025) recently introduced ten-option spe-
cialist questions designed to resist saturation; our
analysis suggests that it reveals a qualitatively dif-
ferent failure mode. Most benchmark evaluations
still treat models in isolation; MedBench instead
uses a deliberative protocol to study interaction
dynamics across this landscape.

Multi-agent deliberation: (Du et al., 2023)
showed that having multiple LLM instances debate
their responses over multiple rounds improves fac-
tual validity and mathematical reasoning. (Liang
et al., 2023) introduced structured multi-agent de-
bate to encourage divergent thinking and found that
forcing models to take opposing positions reduces
groupthink. (Chan et al., 2023) applied multi-agent
debate for chatbot evaluation. CAMEL (Li et al.,
2023) explored role-playing agents for collabora-
tive task completion. In clinical reasoning, (Mis-
aghi et al., 2026) study deliberative multi-agent
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councils for ophthalmology vignettes. Our work
differs from these lines in three ways: (1) we use
deliberation as an evaluation protocol applied to a
multi-dataset medical QA benchmark suite rather
than as a generation strategy for a single domain;
(2) we introduce a two-tier hierarchical structure
with explicit escalation; and (3) we measure di-
agnostic failure modes, including agreement-ratio
inversion, debate-induced corruption, and escala-
tion pathways, alongside performance gains.

Self-consistency and ensemble methods: Self-
consistency (Wang et al., 2023) samples diverse
reasoning paths and takes the majority vote without
explicit argument exchange. MedBench’s debate
rounds enable explicit evidence sharing, allowing
us to track social influence events (how often one
model switches another’s answer) and to separate
productive self-correction from harmful corruption.
This separation is central to our analysis of when
deliberation helps and when it fails.

Confidence and calibration: (Xiong et al.,
2024) systematically evaluated confidence elicita-
tion in LLMs and found that expressed confidence
is poorly calibrated under distribution shift. Our
error analysis corroborates this at scale: models re-
port 0.706 to 0.815 average confidence on incorrect
answers, approaching their confidence on correct
ones, and the observed high confidence on incor-
rect answers prevents confidence from functioning
as a reliable escalation signal in our setting.

Disagreement as signal: (Kuai et al., 2026)
showed that language models trained on over-
lapping corpora exhibit systematic behavioral en-
tanglement that undermines the independence as-
sumptions required for reliable ensemble voting.
MedBench reframes inter-model disagreement not
as noise to suppress but as an informative sig-
nal: high disagreement reliably indicates question
difficulty, while unexpectedly unanimous agree-
ment exposes correlated failure modes. This shift
from disagreement-as-error to disagreement-as-
diagnostic is central to MedBench’s contribution
as an evaluation framework.

3 Benchmark Datasets

MedBench evaluates models on six medical QA
datasets designed to span a difficulty gradient
from standard medical curricula to expert specialist
knowledge. Table 1 provides an overview.

Dataset N Options Domain

MedQA 12,723 4 USMLE clinical
MedXpertQA 2,450 10 Expert specialist
MetaMedQA 1,373 4 Multilingual clinical
MMLU-Med 1,089 4 6 med. subjects
PubMedQA 995 3 Biomed. literature
PubMedQA+C 995 3 Biomed. + abstract

Total 19,625

Table 1: Composition of the MedBench benchmark
suite, including dataset size, number of answer options,
and clinical or biomedical domain coverage.

MedQA (Jin et al., 2020) contains four-option
questions in USMLE Step 1/2/3 style, testing clini-
cal reasoning required for US medical licensure.
MedXpertQA (Zuo et al., 2025) presents ten-
option expert-level questions spanning treatment,
diagnosis, and basic science. With a random base-
line of 10%, this dataset is especially challenging
for the evaluated models. MetaMedQA aggre-
gates multilingual clinical MCQs testing robust-
ness across question styles and language registers.
MMLU-Med (Hendrycks et al., 2021) draws six
medical subcategories from the Massive Multitask
Language Understanding benchmark. PubMedQA
and PubMedQA+C (Jin et al., 2019) ask three-
class (yes/no/maybe) questions about biomedical
research; the paired design isolates retrieval from
comprehension by providing or withholding the
source abstract.

Together, these datasets span a controlled dif-
ficulty gradient, enabling us to study how delib-
eration behaves under regimes where the evalu-
ated models have comparatively stronger perfor-
mance (MMLU-Med, MedQA), partial evidence or
mixed robustness (MetaMedQA, PubMedQA+C),
and expert-level difficulty or absence of provided
context (MedXpertQA, PubMedQA without con-
text).

4 The MedBench Evaluation Protocol

The CAMP routes each question through a hier-
archical two-tier deliberation protocol. Figure 1
illustrates the overall architecture.

4.1 Formal Protocol

We formalize deliberation as an iterative update pro-
cess where models revise their predictions based on
peer responses. This allows us to quantify not only
outcomes but also interaction dynamics such as
influence and leadership. The protocol can be inter-
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MedGemma-4B

Rnj1-8B

Qwen3-VL-8B

OpenBioLLM-8B

OLMo3-7B

Panel 1 (4B to 8B)

Early
Consensus?

Final
Answer

Debate
(up to 3 rounds)

Panel 2
(20B to 32B)

Weighted
Majority Vote

Round 0 Yes

No

Converged

Unresolved

P2 consensus

No consensusPanel 2

Figure 1: CAMP evaluation architecture. Panel 1 models first reason independently (Round 0). Questions where at
least 4 of 5 agree are resolved immediately via Early Consensus. Those that fail are debated for up to three rounds.
Persistent Panel 1 disagreement triggers escalation to Panel 2 specialist models (20B to 32B); a confidence-weighted
majority vote (WMV) fallback fires only if Panel 2 also fails to converge.

preted as a discrete-time opinion dynamics system
over model predictions (Cisneros-Velarde, 2024),
where each model’s state is updated by exposure
to peer reasoning rather than by direct parameter
modification.

Let Q be a question with answer set A, and
let M1 = {m1, . . . ,m5} denote the five Panel 1
models.

Independent reasoning (Round 0): Each model
mi receives a role-structured prompt (“You are a
board-certified physician on a diagnostic panel...”)
requiring a JSON response containing a selected
option a

(0)
i ∈ A, a scalar confidence c

(0)
i ∈ [0, 1],

and a free-text clinical reasoning chain r
(0)
i .

Early consensus: After Round 0, the agreement
ratio (AR) is computed as:

AR(t) =
maxa∈A

∣∣∣{i : a(t)i = a}
∣∣∣

|M1|
(1)

If AR(0) ≥ 0.8 (at least 4 of 5 models agree),
the majority answer becomes the Panel 1 verdict
without debate.

Structured debate: When AR(0) < 0.8, each
model mi receives the full set of peer responses

from the previous round and updates its answer:

(
a
(t)
i , c

(t)
i , r

(t)
i

)
= mi

(
Q,

{
(a

(t−1)
j , r

(t−1)
j )

}
j ̸=i

)

(2)
Debate terminates when AR(t) ≥ 0.8 or t = R =
3.

Influence and leadership: We define two de-
scriptive interaction metrics for this study, using
opinion-dynamics work as conceptual background
rather than adopting a standard clinical metric. The
influence of model mi on mj across all debate
rounds is:

Infi→j =
R∑

t=1

1
[
a
(t)
j ̸= a

(t−1)
j ∧ a

(t)
j = a

(t−1)
i

]

(3)
The leader-follower index for model mi is:

LFi =

∑
j ̸=i Infi→j −

∑
j ̸=i Infj→i∑

j ̸=i

(
Infi→j + Infj→i

)
+ ϵ

(4)

with ϵ = 1 to prevent division by zero. LFi > 0
indicates a net debate leader; LFi < 0 indicates a
net follower.

Panel 2 escalation: Questions where Panel 1
fails to reach consensus after R = 3 rounds are
forwarded to Panel 2 (M2 = {GPT-OSS-20B,
MedGemma-27B, Qwen3-VL-32B}). Each Panel
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Model Size Panel Type

MedGemma 4B P1 Medical
Rnj1 8B P1 General
Qwen3-VL 8B P1 Multimodal
OpenBioLLM 8B P1 Biomedical
OLMo3 7B P1 General

GPT-OSS 20B P2 General
MedGemma 27B P2 Medical
Qwen3-VL 32B P2 Multimodal

Table 2: Model configuration for the two-panel CAMP
evaluation setup. Panel 1 contains the primary models
and handles 94.5–99.5% of questions, while Panel 2 is
invoked only under persistent Panel 1 disagreement.

2 model first reasons independently (blind to its
peers’ Panel 2 responses), and then participates in
up to two additional debate rounds if Panel 2 initial
agreement falls below 2/3. When Panel 2 also fails,
confidence-weighted majority vote across all eight
models provides the final answer.

Design rationale: The five-model Panel 1 is in-
tended to balance model diversity, local deployabil-
ity, and a clear majority threshold. The 4-of-5 early-
consensus rule resolves questions only when the
small-model panel shows strong agreement, while
3–2 splits remain eligible for debate. The three-
round limit allows models to revise after seeing
peer reasoning while bounding cost and avoiding
open-ended deliberation; we do not claim this is the
optimal number of rounds. Panel 2 is reserved for
persistent Panel 1 disagreement, and weighted ma-
jority voting is used only as a final fallback when
both tiers fail to converge.

4.2 Model Configuration

Table 2 lists all eight models. Panel 1 comprises
five open-weight models spanning 4B to 8B param-
eters, each deployable locally. Panel 2 comprises
three larger models spanning 20B to 32B. This sep-
aration between tiers helps us compare deliberation
with parameter scale while keeping larger-model
conclusions cautious because Panel 2 is invoked
only for a small escalated subset. The public source
table lists model identities for reproducibility (Sell-
ergren et al., 2026; Vaswani et al., 2025; Bai et al.,
2025; OpenBioLLM, 2024; Olmo et al., 2026; Ope-
nAI et al., 2025).

5 Experimental Setup

Baselines: For each of the eight models we run:
(1) zero-shot with a minimal prompt; (2) five-shot

Model Panel Source

MedGemma-4B P1 HF
Rnj1-8B P1 HF
Qwen3-VL-8B P1 HF
OpenBioLLM-8B P1 HF
OLMo3-7B P1 HF
GPT-OSS-20B P2 HF
MedGemma-27B P2 HF
Qwen3-VL-32B P2 HF

Table 3: Public Hugging Face sources for the eight
models evaluated in MedBench.

with domain-matched examples; and (3) chain-of-
thought (CoT) prompting (Wei et al., 2022; Brown
et al., 2020). In the CoT setting, models are
prompted to reason step by step before commit-
ting to a final answer. All three protocols form the
individual model baseline suite.

Metrics: Primary metric is accuracy. Secondary
metrics include: debate uplift (CAMP’s Round 0
majority accuracy), escalation rate, self-correction
rate (fraction of position changes toward the cor-
rect answer during debate), and corruption rate
(fraction away from the correct answer). We apply
McNemar’s two-tailed test for pairwise compar-
isons, with p < 0.001 considered significant given
dataset sample sizes.

Implementation: All Panel 1 models run locally
on A100 GPUs. Panel 2 models are accessed via
API endpoints. All models are evaluated under
identical prompting and output constraints to en-
sure comparability across protocols. All models
use a consistent JSON response format; tempera-
ture is set to 0 for all Round 0 responses and to 0.7
for debate rounds to allow opinion updating.

6 Individual Model Results

Table 4 reports accuracy for all eight models under
all three baseline protocols.

Table 4 also shows dataset-specific empirical
patterns among Panel 1 zero-shot models. Qwen3-
VL-8B has the highest Panel 1 zero-shot accu-
racy on four of six datasets, especially the four
exam-style MCQ datasets: MedQA, MedXpertQA,
MetaMedQA, and MMLU-Med. OpenBioLLM-
8B has the highest Panel 1 zero-shot accuracy on
PubMedQA without context but is weak on several
MCQ exam datasets, suggesting that biomedical
pretraining alone does not ensure robust option-
selection behavior in this evaluation. MedGemma-
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Protocol Model Accuracy (%)

MedQA MXQA MMed MMLU PMed PMed+C
Z

er
o-

Sh
ot

MedGemma-4B 46.01 7.77 39.08 60.17 36.15 64.96
Rnj1-8B 35.26 7.54 28.86 54.72 14.74 57.37
Qwen3-VL-8B 53.53 7.89 47.66 76.10 20.83 60.62
OpenBioLLM-8B 7.00 3.39 19.26 42.09 41.11 22.21
OLMo3-7B 31.88 6.51 27.75 58.24 12.51 49.09

GPT-OSS-20B 60.79 19.59 56.90 75.18 33.88 68.27
MedGemma-27B 57.92 11.72 55.35 77.13 28.99 63.21
Qwen3-VL-32B 66.19 14.85 60.14 81.85 22.80 56.44

Fe
w

-S
ho

t

MedGemma-4B 43.63 7.91 36.51 53.90 29.44 70.35
Rnj1-8B 35.09 9.33 29.98 59.92 18.51 62.64
Qwen3-VL-8B 53.47 8.26 46.09 73.31 32.53 64.90
OpenBioLLM-8B 10.18 0.95 8.32 41.73 3.92 4.55
OLMo3-7B 29.32 5.77 26.74 47.31 28.33 62.30

GPT-OSS-20B 61.88 18.30 65.18 71.70 40.94 70.03
MedGemma-27B 62.38 13.47 55.03 75.68 38.53 67.53
Qwen3-VL-32B 66.77 14.17 64.59 81.63 32.95 62.61

C
oT

MedGemma-4B 51.11 8.75 42.44 64.22 35.04 70.21
Rnj1-8B 37.34 8.41 35.86 62.52 37.88 68.25
Qwen3-VL-8B 36.99 10.54 54.24 77.23 46.94 70.72
OpenBioLLM-8B 9.74 1.18 17.92 38.85 38.49 38.34
OLMo3-7B 36.64 7.52 33.52 56.67 35.84 63.55

GPT-OSS-20B 26.89 14.78 62.02 84.54 28.51 52.49
MedGemma-27B 79.52 17.46 66.12 78.66 47.44 72.42
Qwen3-VL-32B 74.55 18.11 65.19 84.95 42.53 71.13

Table 4: Individual model accuracy (%) under three evaluation protocols across six benchmarks. Bold marks the
best Panel 1 result per dataset per protocol. Highest marks the overall best per dataset. MXQA = MedXpertQA;
MMed = MetaMedQA; PMed = PubMedQA; PMed+C = PubMedQA+C.

4B has the highest Panel 1 zero-shot accuracy on
PubMedQA+C, suggesting benefit when biomed-
ical context is provided. These observations de-
scribe patterns in this benchmark only and should
not be read as universal claims about model capa-
bility.

CoT produces divergent effects: it lifts
MedGemma-27B from 57.92% to 79.52% on
MedQA (p < 0.001), establishing the strongest
single-model result in our benchmark, while de-
grading OpenBioLLM-8B on multiple datasets.
CoT prompting may conflict with some models’
answer-format behavior, amplifying format errors
rather than improving reasoning quality. Few-shot
prompting severely degrades OpenBioLLM-8B on
PubMedQA (41.11% zero-shot to 3.92% few-shot),
consistent with negative transfer from examples
whose format does not align with the model’s re-
sponse tendencies.

These results highlight that individual model per-
formance is highly sensitive to prompting strategy
and training alignment. A 22-point swing from
CoT alone, and near-total failure under few-shot
for one model, reinforces the need for evaluation

frameworks that move beyond single-model accu-
racy to surface how models respond to external
signals.

7 Panel-Based Evaluation

7.1 Overall CAMP Accuracy
Table 5 compares CAMP accuracy against the best
individual model under each baseline protocol. The
CAMP uses Panel 1 alone for 94.5 to 99.5% of
questions, invoking Panel 2 only for 0.5 to 5.5%
of escalated cases. CAMP outperforms the best
individual Panel 1 zero-shot model on five of six
datasets and remains close on MMLU-Med. Com-
parisons to CoT should be interpreted as compar-
isons across prompting settings rather than as direct
zero-shot baselines.

The headline result is PubMedQA without con-
text: CAMP achieves 54.07%, surpassing the best
Panel 2 zero-shot model by 20.2 percentage points,
the best zero-shot result by 12.96 points, and the
best CoT result (MedGemma-27B, 47.44%) by 6.6
percentage points (p < 0.001). This result is no-
table because PubMedQA without context requires
models to answer biomedical research questions
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Dataset CAMP Accuracy

MedQA 58.33
MedXpertQA 14.41
MetaMedQA 49.02
MMLU-Med 74.38
PubMedQA 54.07
PubMedQA+C 75.68

Table 5: CAMP accuracy across benchmarks. Individual
model baselines are reported in Table 4.

Pathway N % Acc. Trigger

EC (Panel 1) 5,656 67.3 53.66% AR ≥ 0.8
DC (Panel 1) 2,523 30.0 35.47% 1–3 rounds
P2C (Panel 2) 160 1.9 37.50% P2 agree
WMV (fallback) 63 0.7 19.05% P2 disagree

Table 6: CAMP resolution pathways for 8,402 questions
with complete routing metadata. EC denotes Early Con-
sensus, DC denotes Debate Consensus, P2C denotes
Panel 2 Consensus, and WMV denotes Weighted Ma-
jority Vote. Percentages use the 8,402-question routing-
metadata denominator.

without the source abstract, a regime where larger
models might be expected to help. In this evaluated
setting, CAMP’s panel-based aggregation among
five 4–8B models produces better results than any
individual model and prompting setting we tested.

We hypothesize that panel aggregation can com-
bine partially overlapping signals across models,
enabling the collective elimination of incorrect op-
tions even when no single model has complete ev-
idence. The three-class structure of PubMedQA
(yes/no/maybe) may be amenable to this mecha-
nism because the “maybe” class can reflect con-
flicting or insufficient evidence. This interpretation
is suggestive rather than conclusive and requires
broader validation.

7.2 Resolution Pathway Analysis

Table 6 reports the distribution and accuracy of
CAMP resolution pathways for the 8,402 questions
for which complete routing metadata were avail-
able. Percentages in this table are computed over
this 8,402-question routing-metadata denominator.

Early consensus (EC) is the dominant pathway
among questions with complete routing metadata,
resolving 5,656 of 8,402 questions (67.3%), and
is also the most accurate pathway (53.66%). The
18.19-point accuracy gap between EC (53.66%)
and debate consensus (DC, 35.47%) should be in-
terpreted primarily as difficulty triage rather than

as evidence that debate itself is harmful: EC ques-
tions are those where Panel 1 models already show
strong initial agreement, whereas DC questions en-
ter debate precisely because Panel 1 is initially split.
Within this harder contested group, debate provides
a modest uplift of 4–5 percentage points over the
Round 0 majority baseline.

Escalation pathways are rare in the routing-
metadata analysis. Panel 2 consensus (P2C)
accounts for 160 questions (1.9%), while the
weighted-majority fallback is used for only 63 ques-
tions (0.7%). The low accuracy of WMV cases
(19.05%) suggests that questions unresolved by
both Panel 1 and Panel 2 may represent a collec-
tive knowledge boundary for the evaluated mod-
els. In a deployment-oriented setting, such fallback
cases would be natural candidates for human re-
view rather than automatic resolution.

8 Diagnostic Analysis

8.1 Agreement Ratio as a Difficulty Signal

One of the informative signals in the CAMP frame-
work is the initial agreement ratio (AR, Equation 1).
Figure 2 shows accuracy stratified by AR bin across
all six datasets. For five of six datasets, the rela-
tionship between agreement, accuracy is generally
positive. MedXpertQA is the exception: unani-
mous agreement (AR = 1.0) predicts only 6.6%
accuracy, less than half the dataset mean of 14.4%.
This inversion is associated with a systematic po-
sitional bias (Ko et al., 2020). Of 2,450 MedX-
pertQA, 22.8% of final answers select option A
(558 total), while A is correct only 9.8% of the
time (241 instances), a 2.3× over-selection ratio.
This pattern may reflect shared training or eval-
uation artifacts, common instruction-tuning con-
ventions, option-position bias, or correlated bench-
mark exposure; without training-data disclosure,
we cannot isolate the source. We refer to the re-
sulting behavior as correlated ignorance: not the
stochastic uncertainty that deliberation can resolve,
but a systematic shared error that debate may re-
inforce. The practical implication for benchmark
is that agreement ratio is a useful dataset-level di-
agnostic. When a benchmark exhibits the normal
positive AR-accuracy relationship, it can help cali-
brate escalation thresholds. When agreement and
accuracy diverge, the benchmark exposes a quali-
tative failure boundary where deliberation may be
counterproductive. The key takeaway is that agree-
ment ratio is a reliable uncertainty proxy only under
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Model Stub. LF-Idx Total Inf. Role

Qwen3-VL-8B 0.913 +0.306 4,274 Leader
OpenBioLLM-8B 0.892 +0.028 1,315 Outlier
OLMo3-7B 0.832 -0.006 1,480 Neutral
MedGemma-4B 0.806 +0.111 3,173 Active
Rnj1-8B 0.737 -0.012 2,233 Follower

Table 7: Per-model debate behaviour metrics averaged
across all datasets. Stubbornness denotes the fraction
of debate rounds in which a model maintains its posi-
tion, LF-Idx denotes the leader–follower index from
Equation 4, and Total Inf. reports cumulative outgoing
influence events.

sufficient error independence (Kuai et al., 2026);
when models share systematic biases, unanimity
can signal failure rather than confidence.

8.2 Debate Dynamics and Model Roles

Position changes decay rapidly across debate
rounds: Round 1 accounts for 67.7 to 81.8% of all
position changes, Round 2 for 14.8 to 23.3%, and
Round 3 for only 3.3 to 11.2%. This suggests that
setting R = 3 rounds is adequate for the protocol
studied here, although we do not claim optimality
without ablations. The pattern also provides no
evidence that simply increasing R would resolve
MedXpertQA-class failures, where the dominant
issue appears to be correlated error rather than un-
resolved disagreement. Table 7 characterises per-
model debate behaviour. Qwen3-VL-8B has the
highest outgoing influence count, exerting 4,274
cumulative influence events, 35% more than the
next-highest model (MedGemma-4B, 3,173). The
single strongest dyadic influence channel is Qwen3-
VL-8B → Rnj1-8B (368 events on MedQA alone),
consistent with Rnj1-8B’s role as the panel’s pri-
mary swing voter (lowest stubbornness: 0.737;
most negative LF-index: −0.012). The combina-
tion of Rnj1-8B’s flexibility and Qwen3-VL-8B’s
anchoring behaviour is associated with much of the
panel’s observed self-correction.

The paired PubMedQA experiment isolates the
value of providing the source abstract. Accuracy
rises from 54.07% on PubMedQA without context
to 75.68% on PubMedQA+C, a 21.6 percentage
point gain associated with context availability. De-
bate adds only 0.80 points on PubMedQA+C and
0.00 on PubMedQA without context. In this paired
setting, access to the relevant evidence appears
more important than adding further deliberation.
For system builders, this suggests that retrieval or

context provision should be evaluated before more
elaborate debate protocols.

8.3 Error Decomposition
We categorise debate errors into two primary
modes and analyze Panel 2 insufficiency separately
for escalated cases. Type 1 (debate insufficient):
the dominant failure (93 to 97% of all errors),
where the panel converges on the wrong answer
regardless of debate, often because models share
the same misconception. Type 2 (debate harmful):
a model initially correct was persuaded to switch
away during debate (3 to 7% of errors). This cor-
ruption rate is relatively consistent across datasets,
suggesting that harmful influence is not confined
to a single benchmark. Separately, Panel 2 can
remain insufficient after escalation, as on MedX-
pertQA where 76.87% of escalated cases remain
wrong after Panel 2 processing. A cross-cutting
finding is overconfidence on errors: models report
0.706 to 0.815 average confidence when they are
wrong, approaching their confidence on correct an-
swers. This confidence pattern limits the utility
of confidence-weighted voting and suggests that
confidence-gated escalation would require stronger
calibration methods. Figure 3 visualizes the error-
mode pattern and the wrong-answer confidence
values.

8.4 Conservative Evidence on Design Choices
The current results provide limited, observational
evidence about the CAMP design choices, but they
should not be interpreted as full ablations. The
4-of-5 early-consensus threshold separates a high-
agreement subset with higher accuracy from lower-
agreement questions that require debate, while
the MedXpertQA inversion shows why agreement
must be treated as a diagnostic signal rather than
a universal confidence guarantee. The observed
decay in position changes across rounds supports
the choice to cap debate at three rounds for this
evaluation, but it does not prove that three rounds
is optimal. Similarly, the low Panel 2 activation
rate keeps the protocol compute-efficient, but the
small escalated sample means conclusions about
larger models must remain cautious.

Taken together, these findings support a conser-
vative interpretation: CAMP is useful not because
it always improves accuracy, but because it exposes
when agreement, disagreement, escalation, and
confidence behave differently across datasets. This
diagnostic role is especially important in medical
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Figure 3: CAMP error decomposition across datasets. Debate-insufficient errors dominate on all datasets, while
debate-harmful errors remain smaller but non-negligible; diamonds show the average confidence assigned to
incorrect answers.

QA, where a high-accuracy aggregate can obscure
whether the system is correcting errors, reinforcing
shared mistakes, or deferring to larger models on
too few cases to draw broad conclusions.

9 Conclusion

MedBench shows that evaluating medical language
models only as isolated predictors misses impor-
tant interaction-level behavior. Through CAMP,
deliberation among smaller models improves per-
formance in selected settings, particularly Pub-

MedQA, but does not consistently replace scale
or resolve expert-level gaps. More importantly, the
protocol exposes when consensus is informative
and when it is misleading: agreement tracks dif-
ficulty across most datasets, while MedXpertQA
reveals correlated ignorance. The observed debate-
insufficient failures, harmful persuasion, and over-
confidence on wrong answers suggest that delibera-
tive evaluation should complement accuracy-based
benchmarking, with future work on panel design,
calibration, model diversity, and human oversight.
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Limitations

Knowledge ceiling: MedXpertQA demonstrates
that deliberation does not reliably overcome expert-
level gaps for the evaluated 4B to 8B models. At
14.4% accuracy (barely above 10% random), this
dataset marks a difficult boundary for the current
panel. Our results do not show evidence that simply
increasing debate rounds would resolve this failure
mode.

Correlated training data: Panel 1 models may
share pretraining, instruction-tuning, evaluation,
or formatting artifacts, which could amplify cor-
related failure modes such as the positional bias
observed on MedXpertQA. Because training-data
disclosure is incomplete, we cannot isolate the
source of this correlation. A panel with more di-
verse knowledge sources might exhibit different
deliberation dynamics.

Small Panel 2 sample sizes: Panel 2 handles
only 0.5 to 5.5% of questions per dataset (4 to 134
questions). Panel 2 statistics (particularly for Pub-
MedQA where only 6 questions escalated) should
be interpreted cautiously.

No ablations on panel design: We did not ab-
late panel size (3 vs. 5 models), debate round limit
(1 vs. 2 vs. 3), or escalation threshold. These de-
sign choices likely affect both accuracy and the
diagnostic value of agreement ratio as a signal.

Confidence calibration: The observed overcon-
fidence on incorrect answers prevents confidence
from serving as a useful escalation gate in this
study. Calibration-aware prompting or post-hoc
calibration strategies are needed before confidence
can reliably inform routing decisions.

Ethical Considerations

Clinical deployment risk: MedBench is an eval-
uation benchmark; the CAMP is an evaluation pro-
tocol. The 41.7% error rate on MedQA and 85.6%
on MedXpertQA make clear that neither the in-
dividual models nor the panel are ready for au-
tonomous clinical deployment without extensive
validation, regulatory approval, and mandatory hu-
man oversight.

Dataset biases: MedQA and MMLU-Med reflect
US-centric medical education. MetaMedQA pro-
vides some multilingual coverage, but demographic
and geographic biases in underlying training data

may produce unequal performance across patient
populations.

Overconfidence risk: Models report high aver-
age confidence (0.706 to 0.815) on incorrect an-
swers. Any downstream clinical decision support
tool must prominently communicate this overconfi-
dence risk to end users.
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