MEDitor: A Plug-and-Play Medical Multi-Agent Routing Protocol
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Abstract

Reliable medical reasoning with large language
models (LLMs) is hindered by a practical
trade-off between accuracy and deployment
cost: larger models often perform strongly but
are expensive to host, while compact open-
source medical LLMs can fail on difficult
cases. We propose MEDitor, a training-free,
plug-and-play multi-agent routing protocol that
improves accuracy and traceability by selec-
tively escalating disagreement cases. MED-
itor first queries two lightweight medical ex-
perts and terminates early upon agreement.
For disagreements, it escalates to an evidence-
grounded coordinator that constructs option-
aligned evidence, followed by a candidate-
constrained judge that selects between the com-
peting candidates or abstains. A determinis-
tic fallback guarantees reproducibility. Across
five English-language medical multiple-choice
QA (MCQA) benchmarks, including the expert-
level MedXpertQA-Text benchmark, MEDitor
achieves 65.94% average accuracy, competitive
with representative ~70B open-source mod-
els on the same evaluation suite. These re-
sults show that lightweight expert orchestration
can provide a parameter-efficient and auditable
route to competitive medical MCQA accuracy
by reserving evidence-grounded arbitration for
contested cases.

1 Introduction

Large Language Models (LLMs) are increasingly
explored for clinical decision support, yet real-
world deployment is constrained by privacy poli-
cies and strict inference budgets. Under these
constraints, proprietary frontier-model APIs (e.g.,
GPT-4 (OpenAl, 2023)) are frequently infeasi-
ble, and deploying large open-source models (e.g.,
Gemma (Gemma Team, 2024)) on-premises can
be cost-prohibitive, motivating the use of smaller,

The code is available at: https://github.com/100120023003/
MEDitor-code

magk, wangrj, songzhol,

wanghf}@pcl.ac.cn

Existing Approach Hallucination & High computation cost

Proposed Approach (MEDitor)

< Routlng Agree (Shallow Path) %

Disagree (Deep Path)

Plug-and Play Experts: Training-free & Standardized 1/0

\_ Routing: Traceable Evidence Pack & Cost efficient )

Figure 1: Schematic overview of MEDitor. MEDitor fol-
lows a triage-style routing strategy: it exits early when
lightweight experts agree (Shallow Path) and escalates
only disagreement cases to an evidence-grounded arbi-
tration stack (Deep Path), reducing unnecessary Deep-
Path calls while preserving traceable decision artifacts.

privacy-compliant experts. However, deploying
a single lightweight model yields a pronounced
reliability bottleneck under the long-tailed diffi-
culty distribution of medical queries. Although
lightweight models achieve favorable cost and la-
tency on easy instances, their error rates can in-
crease on difficult queries requiring compositional
or multi-step reasoning, where errors are conse-
quential. In addition, the rapidly evolving open-
source model stack exhibits non-monotonic behav-
ior across benchmarks and failure modes, making
upgrades difficult to validate and increasing oper-
ational risk. This motivates our central objective:
to recover near-large-model reliability using only
lightweight, interchangeable, privacy-compliant
components, while routing computation in propor-
tion to query difficulty and maintaining verifiable
decision traces.

To address this, we propose MEDitor, a training-
free, open-source, plug-and-play multi-agent rout-
ing protocol for medical QA, as shown in Fig-
ure 1. MEDitor operationalizes a conditional-
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computation strategy: straightforward cases are
resolved through a low-cost Shallow Path, whereas
contested cases are escalated to a more expen-
sive Deep Path for evidence-grounded arbitra-
tion. Concretely, MEDitor runs two heterogeneous
lightweight experts and uses disagreement as a rout-
ing signal. MEDitor targets a resource-aware op-
erating point by concentrating additional computa-
tion on cases where expert disagreement indicates
elevated error risk. Agreement cases terminate
through the Shallow Path, while contested cases
receive evidence-grounded arbitration through the
Deep Path.

A key requirement in medical settings is trace-
ability of the final decision. Retrieval alone
does not guarantee faithful reasoning: generated
claims may still be weakly supported or mis-
aligned with the retrieved evidence. To miti-
gate this, MEDitor uses candidate-constrained,
evidence-grounded arbitration in the Deep Path. An
Evidence-Grounded Coordinator (EGC) constructs
a candidate-aligned evidence pack, and a Con-
strained Judge resolves disagreement between ex-
pert proposals under a deterministic fallback. This
design separates candidate proposal from candi-
date verification, improving auditability while keep-
ing the protocol modular and lightweight. MED:i-
tor’s main technical contribution is the integration
of disagreement-conditioned routing, standardized
expert artifacts, candidate-aligned evidence con-
struction, fixed-candidate rationale refinement, con-
strained judging, and deterministic fallback into a
single training-free protocol.

We summarize main contributions as follows:

* A training-free, plug-and-play routing pro-
tocol for medical MCQA. We present MEDi-
tor, a modular multi-agent routing framework
that treats lightweight medical LLMs as in-
terchangeable experts through a standardized
artifact interface, facilitating on-premises de-
ployment without additional training.

* Evidence-grounded arbitration with trace-
able decision artifacts. We design a Deep-
Path resolution stack that separates candi-
date proposal from candidate verification. An
Evidence-Grounded Coordinator assembles
option-aligned evidence packs for competing
candidates, and a Constrained Judge resolves
disagreement under a deterministic fallback,
improving reliability while preserving trans-
parent decision traces.

* A systematic empirical study with repro-
ducible routing and arbitration analyses.
We conduct experiments on five medical
multiple-choice QA benchmarks, including
MedXpertQA-Text for expert-level special-
ist reasoning, and report results stratified
by agreement/disagreement with targeted ab-
lations of grounding, refinement, and con-
strained judging. The accompanying routing
diagnostics and deployment measurements
characterize when deeper deliberation is in-
voked, what accuracy gains it provides, and
what latency/memory overhead it incurs.

2 Related Work
2.1 Benchmarks and Medical LLMs

We evaluate protocol-level reliability on five med-
ical QA benchmarks spanning exam-style clini-
cal reasoning, literature-grounded biomedical QA,
and expert-level specialist reasoning, including
MedQA (Jin et al., 2021), MedMCQA (Pal et al.,
2022), PubMedQA (Jin et al., 2019), the medi-
cal subset of MMLU (Hendrycks et al., 2021),
and MedXpertQA-Text (Zuo et al., 2025). We
use only the text-only portion of MedXpertQA
and do not extend the evaluation to multimodal
VQA. We also note explanation-annotated bench-
marks such as MedExQA (Kim et al., 2024c).
In parallel, open-source biomedical LLMs in-
creasingly narrow the gap to frontier systems
via continued pretraining and instruction tuning,
including generalist pipelines (e.g., UltraMedi-
cal (Zhang et al., 2024), ChiMed-GPT (Tian
et al., 2024)) and specialist models (e.g., BioMis-
tral (Labrak et al., 2024), HuatuoGPT-01 (Chen
et al., 2024), OpenBioLLM (Pal and Sankarasubbu,
2024), Med4?2 (Christophe et al., 2024)). Our work
complements model-centric advances by targeting
protocol-level reliability under a modular, swap-
pable expert pool.

2.2 Hallucination and Evidence Grounding

RAG is widely used to mitigate medical halluci-
nations, and large-scale medical RAG evaluations
highlight both gains and sensitivity to corpora, re-
trievers, and long-context failures (Xiong et al.,
2024). Medical hallucination has also been explic-
itly benchmarked (Pal et al., 2023; Pandit et al.,
2025), and abstention/selective prediction provides
a practical handle for controlling risk under un-
certainty (Wen et al., 2025; Machcha et al., 2025;
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Figure 2: System architecture of MEDitor. a) Plug-and-play experts: heterogeneous lightweight LLMs are treated
as interchangeable experts via a standardized artifact interface. b) Disagreement-triggered routing: if experts agree,
MEDitor exits early (Shallow Path); otherwise it escalates to a Deep Path. c) Evidence-Grounded Coordinator
(EGC): top-K passages are retrieved from a medical corpus and organized into option-aligned evidence packs for
the two fixed candidates. d) Candidate-constrained arbitration and traceable output: the debate module refines
rationales without changing the candidate set, and the judge selects only between the two expert-induced candidates
or abstains; the final answer is accompanied by evidence references and a decision trace.

Mao et al., 2025). MEDitor builds on these insights
with option-aligned evidence packs and candidate-
constrained comparison.

2.3 Multi-agent Collaboration

Agentic collaboration has been explored for med-
ical reasoning and decision-making (Tang et al.,
2024; Kim et al., 2024b) and supported by orches-
tration frameworks such as HuggingGPT (Shen
et al., 2023) and AutoGen (Wu et al., 2024); inter-
active medical simulators further benchmark multi-
agent settings (Li et al., 2024; Fan et al., 2024). A
recurring limitation is that many systems apply uni-
form deliberation, incurring high cost and latency,
while LLM-based arbitration can exhibit system-
atic evaluation biases (Zheng et al., 2023; Liu et al.,
2023; Gu et al., 2024). MEDitor integrates triage-
style routing with candidate-constrained arbitration
(Prometheus-7B (Kim et al., 2024a)) to support
bounded arbitration and artifact-level auditability.

3 Method

MEDitor is a training-free routing protocol for
medical multiple-choice QA (Figure 2). Each in-
stance is = (g, O), where ¢ is the question and
O = {o1,...,0n} is the set of answer options.
MEDitor queries two heterogeneous experts, de-
noted by e and eg, through a standardized artifact
interface. Each expert returns a candidate option
together with a lightweight artifact that summarizes
its rationale and decisiveness.

MEDitor uses agreement as a routing signal.
If the two experts agree, the system returns the
shared answer through a Shallow Path. Other-
wise, it escalates to a Deep Path that performs
candidate-constrained, evidence-grounded arbitra-
tion: an Evidence-Grounded Coordinator (EGC)
constructs a candidate-aligned evidence pack, an
optional debate module refines expert rationales,
and a Constrained Judge resolves the disagreement
under a deterministic fallback. For escalated in-
stances, MEDitor records evidence references and
decision metadata as a traceable decision pack.
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3.1 Setup and Routing

Given an instance x, MEDitor interacts with het-
erogeneous experts through a standardized mini-
mal contract, which enables modular replacement
of expert and retrieval components. We consider
two experts ex and eg and optionally apply self-
consistency (Wang et al., 2023) by drawing n sam-
ples per expert. Each expert produces (i) a candi-
date option index y. € {1,...,m}, (ii) a represen-
tative rationale 7., and (iii) a decisiveness proxy
A, € [0,1] that captures within-expert stability
(Appendix B). We encapsulate these outputs as

H, = (ymrevAe)- (1)

We denote the expert invocation as P(e, z,n) and
define C'(H.) = y. as the candidate option.

Routing is determined by agreement between
the two expert candidates. When ya = yg, MEDi-
tor terminates early and returns the shared answer.
When y5 # ys, it invokes a structured Deep Path
consisting of evidence construction, optional ratio-
nale refinement, and constrained arbitration. This
conditional design concentrates expensive compu-
tation on instances where base-expert errors are
more likely, reducing Deep-Path calls relative to a
no-routing policy.

3.2 Evidence Pack via EGC

For Deep-Path cases, an Evidence-Grounded Co-
ordinator (EGC) retrieves and organizes candidate-
aligned evidence into an evidence pack

FE = g(l’,HA,HB) — (VAa VB? Ua IAaIB)a (2)

where Vi and Vg denote evidence aligned to the
two competing candidates, U stores shared or un-
certain snippets, and I, I are traceable reference
sets with normalized support weights. We summa-
rize candidate support by

>

(pia,w)€le

S = Sa+Sg=1. (3

EGC acts only as a coordinator: it organizes ev-
idence for the fixed candidate set and does not
output a final answer. Full reference-set definitions,
passage identifiers, and normalization details are
deferred to Appendix C.

3.3 Evidence-Grounded Debate

For disagreement cases, MEDitor optionally per-
forms three rounds of evidence-grounded ratio-
nale refinement between the two experts. At each

Algorithm 1 MEDitor: Routing with EGC and
Constrained Judge

Require: Instance x; experts ea, ep; samples n
Ensure: Final label y

1: Hy + P(ea,z,n)
2: Hg < P(es,z,n)
3: YA — C(HA); YB C(HB)
4: if yo» = yp then

S: return ya

6: end if
7: E <+ EGC(z, Ha, Hp)
8: HQ < Ha; H]/; < Hg
9: if DEBATE then
10: (Hy, Hy) < D(Ha, Hg, E)
11: end if
12: d < JUDGE(Hj,, Hy, E)
13: if d = ya then
14: return ya
15: end if
16: if d = yp then
17: return yg
18: end if
19: return FALLBACK(H,, Hg, E)

round, each expert receives the EGC evidence and
the other expert’s preceding rationale, and updates
its own rationale while keeping y. and A. fixed:
H! = (ye, 7., Ac). When debate is disabled, we
set H, = H..

3.4 Constrained Judge and Final Decision

A Constrained Judge arbitrates between the two
fixed candidates using the evidence pack. In our
implementation, the judge outputs exactly one con-
trol token from {CHOOSE_A, CHOOSE_B, ABSTAIN},
which is parsed into d € {ya,ys, N}, where N
denotes abstention. The judge compares only the
two expert-induced candidates and does not answer
from scratch.

When the judge abstains, MEDitor resolves the
case deterministically using expert decisiveness
and evidence support:

score(e) = alA, + (1 — a)Se, €[0,1]. 4)

The system then returns the candidate with the
larger score. Exact tie-breaking details are given
in Appendix A. This design keeps arbitration re-
producible while preserving a bounded, traceable
decision space. Algorithm 1 summarizes the full
decision procedure.

4 Experiments

We evaluate MEDitor for five medical multiple-
choice QA benchmarks. Our goal is to improve
accuracy and traceability for open-source experts
(typically ~7B) through a structured consultation
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stack comprising EGC, Evidence-Grounded De-
bate, and a Constrained Judge, while characteriz-
ing the latency and memory overhead introduced
by routed arbitration. Unless stated otherwise, all
reported numbers are exact-match accuracy (%) on
the official evaluation splits.

4.1 Benchmarks

We report results on five medical QA benchmarks
spanning exam-style clinical reasoning, literature-
grounded biomedical QA, and expert-level spe-
cialist reasoning: MedQA (Jin et al., 2021), Pub-
MedQA (Jin et al., 2019), MedMCQA (Pal et al.,
2022), the medical subset of MMLU (Hendrycks
et al., 2021), and MedXpertQA-Text (Zuo et al.,
2025). MedXpertQA-Text is the text-only subset of
MedXpertQA and evaluates harder specialist-level
medical reasoning without introducing multimodal
inputs.

For PubMedQA, which uses three options, we
map {Yes, No, Maybe} to {A, B, C} for uni-
form prompting/parsing and map back for eval-
uation. The remaining datasets are evaluated un-
der their original multiple-choice formats. We fol-
low each dataset’s official evaluation protocol and
compute exact-match accuracy as the primary met-
ric. Dataset statistics and formatting details are
deferred to Table Al.

4.2 Experimental setup

We instantiate MEDitor with two heterogeneous
open-source medical experts, denoted Expert A
and Expert B, together with a Coordinator and a
Constrained Judge. For a given run, the checkpoint
assigned to each role is fixed and reported explic-
itly in the experiment configuration. Rather than
hard-coding one fixed backbone combination in the
main script, our implementation specifies the role-
specific models at runtime via separate arguments
for Expert A, Expert B, the Coordinator, and the
Judge. In the default MEDitor instantiation, Ex-
pert A is UltraMedical-8B, Expert B is Huatuo-8B,
the Coordinator is Llama-3.1-8B-Instruct, and the
Constrained Judge is Prometheus-7B.

The Debate stage does not introduce a separate
model. On disagreement cases, the same Expert A
and Expert B checkpoints conduct three rounds of
rationale refinement. In each round, both experts re-
ceive the EGC evidence and the other expert’s pre-
ceding rationale and may revise only their rationale.
The candidate label y. and decisiveness score A,
remain fixed throughout the debate. Final arbitra-

tion is performed by Prometheus-7B, which outputs
only CHOOSE_A, CHOOSE_B, or ABSTAIN. Ex-
pert A and Expert B use the same prompt template
and decoding configuration, so their complementar-
ity comes from checkpoint differences rather than
prompt asymmetry.

For MEDitor variants and reimplemented multi-
agent baselines, we keep benchmark formatting,
answer parsing, retrieval backend, and role assign-
ments fixed whenever applicable, and vary only the
orchestration protocol. Single-model baselines are
evaluated with the same benchmark formatting and
answer parser but do not use retrieval or arbitration
modules. Thus, the comparisons isolate the effect
of routing and arbitration under a fixed role con-
figuration, rather than conflating protocol changes
with formatting, retrieval, or backbone differences.

Expert prompting and decoding. Expert A and
Expert B receive the same question, option set,
prompt template, and decoding configuration. For
both experts, we use self-consistency with n = 10
samples and temperature 0.7; the final expert can-
didate is obtained by majority voting over sampled
option labels. Thus, the two experts differ only in
their underlying checkpoints rather than in prompt
design or decoding hyperparameters. This setting
isolates model-level complementarity from prompt-
induced heterogeneity and makes the expert inter-
face easier to reproduce. The Coordinator and Con-
strained Judge use fixed role-specific prompts for
evidence organization and candidate-constrained
arbitration, respectively.

Expert artifacts and cached base predictions.
For each expert e € {A, B} and instance z, we
construct an artifact He = (ye, re, Ae), Where y,
is the predicted option, r. is a representative ra-
tionale, and A, € [0, 1] is a decisiveness proxy
derived from the expert outputs. For both experts,
we adopt self-consistency-style sampling and ma-
jority voting (Wang et al., 2023), using n = 10
samples with temperature 0.7, and A, is computed
from the vote margin between the top two option
labels. We precompute the base expert artifacts
for all instances and reuse them across ablations so
that all downstream comparisons share the same
underlying expert behavior.

Routing and evaluated subsets. We define the
disagreement subset as the fixed set of instances
for which the precomputed candidates differ, i.e.,
YA # yB, and report Acc@Dis (the accuracy of the
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Model MedQA PQA MMCQA MMLUM MXQAT Avgs

~7B single model

UltraMedical-8B (Zhang et al., 2024) 74.07  75.20 63.16 70.98 9.91 58.66
BioMistral-7B (Labrak et al., 2024) 42.65 73.18 42.40 53.62 8.79 44.13
Huatuo-8B (Chen et al., 2024) 7895 77.80 60.38 77.81 16.48  62.28
Llama-3.1-8B-Instruct (Llama Team, 2024) 58.65 78.40 57.99 73.92 13.83  56.56
Qwen3-8B (Yang et al., 2025) 66.50  72.20 60.81 80.81 13.79  58.83
OpenBioLLM-8B (Pal and Sankarasubbu, 2024) 51.76  71.10 5491 62.90 8.63 49.86
Meerkat-8B (Kim et al., 2025) 7420  75.80 62.70 74.30 16.28  60.66
~70B single model

OpenBioLLM-70B (Pal and Sankarasubbu, 2024)  78.16  79.70 74.01 74.86 17.88  64.92
Med42-70B (Christophe et al., 2024) 66.60 67.20 60.58 73.71 16.65  56.95
Llama-3.1-70B-Instruct (Llama Team, 2024) 7942 77.80 71.83 79.89 18.91 65.57
~7B multi-agent collaboration

MedAgents (Tang et al., 2024)T. 5430 72.48 54.90 75.90 1590 54.70
MDAgents (Kim et al., 2024b)" 67.80 73.40 53.60 75.80 1520 57.16
MEDitor (Shallow-only) 78.01  76.50 61.77 74.39 1632 61.40
MEDitor (Debate only) 7941  78.80 64.18 78.77 16.95  63.62
MEDitor (Judge only) 7894  77.80 64.92 79.34 17.04  63.61
MEDitor (Proposed) 82.46 82.20 66.12 81.34 17.57 65.94

Table 1: Overall comparison across five medical QA benchmarks. Avgs is computed over MedQA, PubMedQA,
MedMCQA, MMLU-med, and MedXpertQA-Text. ' indicates reimplementation using the same expert backbones
as MEDitor, with the orchestration protocol changed to follow the corresponding method.

disagreement subset) on this subset. For disagree-
ment cases, MEDitor applies the routed Deep Path
consisting of: (i) Evidence-Grounded Coordinator
retrieval and structuring with top-K = 5 passages,
(ii) an optional three-round rationale-refinement de-
bate in which the two experts exchange evidence-
conditioned rationales while keeping their candi-
date labels fixed, (iii) a Constrained Judge that
outputs either ya, yp, or abstain. Abstentions are
resolved by a deterministic fallback. We measure
efficiency using both the disagreement rate and the
Deep-Path module calls per instance.

4.3 Performance Comparison

Table 1 reports accuracy across five medical QA
benchmarks. We organize the compared systems
into three tiers: (i) individual ~7B medical ex-
perts, (ii) representative ~70B models, and (iii)
~7B multi-agent systems built from lightweight ex-
perts. To save space in compact tables, we abbrevi-
ate PubMedQA as PQA, MedMCQA as MMCQA,
MMLU-med as MMLUM, and MedXpertQA-Text
as MXQAT.

Across the five benchmarks, MEDitor consis-
tently outperforms both single-expert baselines and
shallow multi-agent variants. Notably, MEDitor
reaches 65.94% Avgs, slightly exceeding Llama-
3.1-70B-Instruct and OpenBioLLM-70B under the

same five-benchmark average. This result supports
the central parameter-efficiency claim: protocol-
level orchestration of lightweight experts can reach
70B-competitive accuracy without relying on a sin-
gle monolithic 70B medical model. Given the small
Avgs margin against the strongest ~70B baseline,
we interpret this result as 70B-competitive perfor-
mance rather than statistically decisive superiority.

Using paired bootstrap resampling over eval-
uation instances, MEDitor achieves an Avg5 of
65.94% (95% CI: [64.96, 66.91]), compared with
65.57% (95% CI: [64.58, 66.55]) for Llama-3.1-
70B-Instruct. The paired difference is +0.37 per-
centage points (95% CI: [-0.44, 1.18], p = 0.37),
indicating no statistically significant difference. We
therefore characterize MEDitor as 70B-competitive
rather than statistically superior. In contrast, MED-
itor improves over the matched Shallow-only sys-
tem by 4.54 points (95% CI: [3.75, 5.34], p <
0.001), confirming that the gain from the full routed
protocol over shallow agreement routing is statisti-
cally reliable.

MedXpertQA-Text remains substantially harder
than conventional medical QA benchmarks, as
reflected by lower absolute scores across both
~7B and ~70B open-source models. Because
MedXpertQA-Text is substantially harder than the
other four benchmarks, Avgs is lower in absolute
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value than the previously reported four-benchmark
average; we therefore emphasize both per-dataset
performance and the five-benchmark average. This
comparison should be interpreted as evidence of
70B-competitive accuracy under a lightweight-
expert orchestration protocol, not as a claim of
lower single-query latency than all baselines.

Finally, MEDitor’s modular design standardizes
the expert interface, allowing base models to be
replaced without changing the core pipeline. For
external multi-agent baselines marked with T, we
use the same expert backbones as MEDitor and
change only the orchestration protocol, so the com-
parison controls for base expert identity rather than
conflating framework differences with backbone
differences. We validate MEDitor’s robustness to
expert replacement in Section 4.4.

The Shallow-only, Debate only, and Judge only
rows in Table 1 are not external baselines; they
are reduced MEDitor variants that isolate differ-
ent protocol components under the default ex-
pert pair. Shallow-only tests consensus-based
early stopping, Debate only tests disagreement-
triggered rationale refinement, and Judge only tests
candidate-constrained arbitration. All three vari-
ants outperform the matched-backbone external
multi-agent baselines, indicating that the proposed
routing and arbitration primitives are individually
competitive. We do not report an EGC-only row
because the Evidence-Grounded Coordinator is not
a standalone solver: it organizes candidate-aligned
evidence for downstream arbitration but does not
itself output the final answer. Its effect is therefore
evaluated in Section 4.6 through partial stacks that
include EGC with Debate and/or Judge.

4.4 Robustness to expert replacement

To test protocol robustness under expert replace-
ment, we replace the default expert pair with
Qwen3-8B and Meerkat-8B while keeping the
input format, retrieval setup, Coordinator, and
Judge unchanged. Table 2 reports results across
the same five-benchmark evaluation suite. MED-
itor improves over both constituent experts and
the Shallow-only variant, indicating that the gains
are not due to simple ensembling alone but to
disagreement-triggered evidence-grounded arbitra-
tion. Under the updated expert pair, MEDitor
achieves 64.04 Avgs, outperforming Qwen3-8B,
Meerkat-8B, and Shallow-only by 5.21, 3.38, and
4.29 points, respectively. These results support that
MEDitor’s gains arise from protocol-level orches-

System MedQA PQA MMCQA MMLUM MXOQAT Avgs
Qwen3-8B 66.50 7220  60.81 80.81 13.79 58.83
Meerkat-8B 7420 75.80  62.70 74.30 16.28  60.66
Shallow-only  70.69 7340  61.55 78.14 1497 59.75
MEDitor 76.89 7720 64.78 83.17 18.14  64.04

Table 2: Expert-replacement robustness across five
benchmarks. Qwen3-8B and Meerkat-8B are the con-
stituent single-expert baselines; Shallow-only and MED-
itor use them as the replaced expert pair.

tration rather than dependence on a specific expert
pair.

4.5 Routing Analysis

We conduct routing diagnostics on the four stan-
dard benchmarks, where fully cached expert ar-
tifacts are available for agreement/disagreement
stratification. MedXpertQA-Text is included in
the main accuracy comparison but excluded from
this routing-specific analysis. On these four bench-
marks, disagreement provides a useful triage signal,
concentrating expensive Deep Path resources on
the subset with elevated error risk. The experts
reach a consensus on 44.9%-76.2% of queries,
which are resolved via the low-cost Shallow Path
and bypass EGC, debate, and judging calls. Conse-
quently, the computationally intensive Deep Path
is invoked for only 23.8%-55.1% of instances.

Beyond aggregate accuracy, we examine what
the routing signal captures. Using the precom-
puted expert artifacts, we partition each bench-
mark into an agreement subset routed to the Shal-
low Path and a disagreement subset routed to
the Deep Path. Figure 3a) shows a pronounced
difficulty gap: agreement cases are handled re-
liably, whereas disagreement cases are substan-
tially harder. Figure 3b) reports Acc@Dis on this
fixed disagreement subset and compares MEDitor
against the better of the two experts, defined per
dataset as max(Acc@Disa, Acc@Disg). Across
the four standard benchmarks, MEDitor consis-
tently improves on contested instances, suggesting
that evidence-grounded coordination and candidate-
constrained judging help select the better-supported
hypothesis rather than re-solving the question. Fig-
ure 3c¢) compares module-call cost under two poli-
cies: No Routing sends every instance through
EGC/debate/judge, whereas Routing invokes these
modules only for disagreement cases.

Table 4 separates two structural sources of unre-
coverable error. Shared expert errors terminate
in the Shallow Path, while disagreement cases

42854



N Agreement subset
Disagreement subset 100

80.8

-
o
o

©
o

80
113.5

Accuracy (%)
(=]
o

N
o

Acc@Dis (%)

N
o

m MEDitor 100

118.5

89.0 86.6
776
50.6 o 60
40
20 I
0 0

Best single expert No Routing
I Routing
118.8

80 126.9]

60 144.4 145.7

140.7
40
20
0

Relative cost (%)

N\edQAP Jomed® N\edN\COA Y- med

a) Agreement vs. Disagreement subset

MedO, edOh amCOR Gy y-ed

b) Best single expert vs. MEDitor

MedOFL oedOP o anCOR e

c) No Routing vs. Routing

Figure 3: Routing necessity and cost. a) Accuracy gap between the agreement subset (Shallow Path; experts
predict the same option, y4 = yp) and the disagreement subset (Deep Path; y5 # yp), showing that most difficulty
concentrates on disputed instances. b) Accuracy on the fixed disagreement subset (Acc@Dis), defined by precom-
puted expert predictions ya # yg. “Best single expert” is computed per dataset as max(Acc@Disa, Acc@Disg)
on the same subset. MEDitor consistently improves Acc@Dis via Evidence-Grounded, candidate-constrained
arbitration. c) Expected relative compute of two policies under the same module-call accounting: No Routing runs
EGC/debate/judge on every instance and is normalized to 100%, whereas Routing invokes the Deep Path only on
disagreements, with savings determined by the benchmark-specific disagreement rate.

Setting MedQA PQA MMCQA MMLUM MXQAT Avgs
Shallow-only ~ 78.01 76.50  61.77 74.39 1632 61.40
EGC+Debate  81.15 79.80  65.34 78.82 16.89  64.40
EGC+ludge  79.89 79.30  65.11 80.37 1723 6438
Debate+Judge 8134 79.40  65.23 79.91 1717 64.61
Full MEDitor 8246 8220  66.12 8134  17.57 6594

Table 3: End-to-end ablation across five benchmarks.
All variants use the default expert pair and the same
disagreement-triggered routing rule.

Dataset Agree Acc@Agr. AW/AlIl Cov@Dis Oracle
MedQA 73.92 88.95 8.17 82.53 87.27
PubMedQA  76.20 86.61 10.20 88.24 87.00
MedMCQA  67.80 71.57 15.20 72.53 75.95
MMLU-med 44.90 80.80 8.62 88.50 85.04

Table 4: Routing failure decomposition (%). AW/All
denotes agree-but-wrong cases among all instances,
Cov@Dis is the fraction of disagreement cases for
which at least one expert proposes the gold answer,
and Oracle is the accuracy ceiling of the current
disagreement-only, candidate-constrained protocol.

whose gold answer is absent from {y4,yp} fall
outside the candidate-constrained decision space.
Together, these two terms yield oracle ceilings
of 75.95-87.27% across the four routing-analysis
benchmarks.

4.6 Ablation studies

We ablate Deep-Path components using the same
cached expert artifacts and the same disagreement-
triggered routing rule. Agreement cases are han-
dled identically by the Shallow Path across all vari-
ants; therefore, end-to-end differences mainly re-

flect how each variant resolves the fixed disagree-
ment subset defined by ya # yg.

Table 3 compares Shallow-only, partial Deep-
Path variants, and the full MEDitor stack. EGC
provides candidate-aligned evidence, Debate re-
fines rationales without changing the candidate set,
and the Constrained Judge selects between the two
expert-induced candidates or abstains under deter-
ministic fallback. Full MEDitor achieves the best
Avgs, suggesting that evidence grounding, ratio-
nale refinement, and bounded arbitration provide
complementary gains.

Since EGC does not directly output final an-
swers, we evaluate it through partial stacks rather
than as an EGC-only solver. The non-monotonic
behavior of partial variants across datasets also
suggests that isolated modules are not always suffi-
cient: arbitration without adequate grounding may
be brittle, while debate without final constrained
judging may not fully resolve candidate conflict.

As a complementary error analysis, we exam-
ine how the Deep Path changes predictions on the
2,398 disagreement cases, using Expert A as the
fixed reference. MEDitor converts 672 initially in-
correct predictions to correct answers and changes
293 initially correct predictions to incorrect an-
swers; another 679 correct and 754 incorrect pre-
dictions remain unchanged. The resulting net cor-
rection is 379 cases. These transitions show that the
Deep Path contributes primarily by correcting con-
tested expert decisions, while a substantial residual
error set remains unresolved. Fallback performance
is stable across a € {0,0.25,0.5,0.7,0.75,1.0},
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Table 5: Sensitivity to the fallback coefficient a. Overall
accuracy varies by at most 0.11 points over the tested
range.

with end-to-end accuracy varying by 0.11 points
(Table 5). We use o = 0.7 in the reported experi-
ments.

4.7 Deployment Cost Characterization

We characterize MEDitor as a routed-arbitration
system and report its end-to-end latency and ag-
gregate peak GPU memory under warmed serv-
ing. On the five-benchmark evaluation suite, only
35.96% of instances enter the Deep Path, whereas
a no-routing policy would apply EGC, Debate, and
Judge to every instance. MedXpertQA-Text is ex-
cluded from the routing figure but included in the
aggregate deployment-cost estimate, where cached
expert artifacts are available for computing the
overall Deep-Path rate. Table A2 reports the cor-
responding latency, memory, and no-routing cost
accounting.

4.8 Evaluation on Real-World Clinical Cases

To further assess whether MEDitor can operate be-
yond benchmark-style QA, we evaluate it on 312
de-identified hospital-derived instances from an ar-
rhythmia department, focusing on atrial-fibrillation-
related clinical tasks such as disease diagnosis, evi-
dence grounding and field extraction. The hospital-
domain base model is Huatuo-8B. The study passed
the hospital’s internal ethics review process, and
all cases were retrospectively de-identified before
model inference. The evaluation is offline and non-
interventional: model outputs were not shown to
clinicians, were not used for diagnosis or treatment,
and did not affect patient care.

MEDitor achieves 78.0% accuracy on this real-
world hospital set, compared with 57.0% for the
strongest Huatuo-8B baseline, using retrospective
reference labels derived from finalized clinical
diagnoses or documented management decisions.
These results suggest that MEDitor can improve
offline performance on noisy hospital-style inputs
in an atrial-fibrillation scenario. This study is in-
tended as an offline feasibility demonstration rather
than evidence of clinical deployment readiness; ad-
ditional details are provided in Appendix D.

5 Conclusion

We introduced MEDitor, a training-free, plug-and-
play routing protocol for medical MCQA. MEDitor
uses expert disagreement to trigger an evidence-
grounded Deep Path that combines candidate-
aligned retrieval, rationale refinement, and con-
strained arbitration. Across five benchmarks, the
protocol reaches 65.94% Avgs with lightweight
open-source experts and remains competitive with
the strongest ~70B baseline in our evaluation.
Routing confines the full Deep Path to 35.96% of
instances, while the agreement/disagreement anal-
ysis shows where additional computation is most
useful. The modular expert interface and trace-
able decision artifacts provide a practical basis for
further work on auditable medical MCQA.

Limitations

MEDitor routes only disagreement cases to the
Deep Path. This reduces computation but can
miss agreement-but-wrong cases when both experts
share the same bias. Candidate-constrained arbitra-
tion improves auditability by restricting the final
decision to {ya, yp } or abstention, but it limits re-
covery when both expert-induced candidates are
wrong.

The Deep Path also depends on retrieval qual-
ity and judge reliability. Missing, weak, or poorly
aligned evidence can lead to inconclusive arbitra-
tion, and a compact Constrained Judge may miss
fine-grained biomedical distinctions under ambigu-
ous evidence. Our deployment cost characteriza-
tion reports both routing-based proxies and laten-
cy/memory measurements, but these results are tied
to a fixed serving stack and may vary with hard-
ware, batching, and implementation.

Finally, although we include a retrospective fea-
sibility test on de-identified hospital cases from
an arrhythmia department, this experiment is of-
fline, non-interventional, and aggregate-level. The
study passed the hospital’s internal ethics review
process, and model outputs were not used for pa-
tient care. Therefore, the hospital-data experiment
should not be interpreted as clinical validation or
evidence of safety or effectiveness in deployment.
Clinical use would require prospective validation,
clinician-in-the-loop evaluation, safety monitoring,
and institution-specific governance.
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Ethical Considerations

This work uses a small retrospective set of de-
identified real-world hospital cases only for offline
technical evaluation. The hospital case study was
conducted on arrhythmia-department records with
atrial-fibrillation-related clinical tasks, including
disease diagnosis, evidence grounding and field ex-
traction. The study passed the hospital’s internal
ethics review process before analysis.

Direct identifiers were removed before model
inference, and the examples reported in the paper
are further redacted or paraphrased to avoid expos-
ing patient-specific details, institution names, exact
dates, or other quasi-identifiers. The case-level
records, identifiable metadata, and patient-specific
model outputs are not released.

The study was retrospective, offline, and non-
interventional. Model inference was isolated from
the clinical workflow and had no role in diagnosis,
treatment, or other patient-care decisions. Any fu-
ture clinical deployment would require prospective
validation, clinician-in-the-loop evaluation, safety
monitoring, and institution-specific governance.
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A Implementation Details

Serving and hardware. We serve MEDitor com-
ponents and ~7B baselines through vLLM on
4 xRTX 4090 GPUs (24GB each). The ~70B base-
line is evaluated on a separate multi-GPU server
with sufficient aggregate GPU memory. All ex-
periments use the same OpenAl-compatible API
interface, and all latency measurements exclude
model initialization and use warmed serving pro-
cesses.

Prompt contracts. Expert A and Expert B use
the same expert prompt template. The prompt
asks the model to answer a multiple-choice med-
ical question and return exactly one option label
from the provided option set. This shared prompt
contract ensures that expert disagreement reflects
checkpoint-level differences rather than prompt
asymmetry. The Coordinator and Judge use sep-
arate fixed prompts: the Coordinator constructs
candidate-aligned evidence without choosing a fi-
nal answer, and the Judge performs candidate-
constrained arbitration.

Decoding budgets. Unless otherwise stated, Ex-
pert A and Expert B use self-consistency with
n = 10 samples, temperature 0.7, and a maximum
generation budget of 256 tokens per sample. The
Coordinator uses a maximum budget of 128 tokens,
and the Constrained Judge uses 16 tokens. We use
the same answer parser for all expert outputs.

Self-consistency and artifact construction.
Self-consistency is applied symmetrically to both

Expert A and Expert B. For each expert, we sam-
ple n = 10 label-only outputs with temperature
0.7, parse each output into an option label, and use
majority voting to determine the expert candidate
ye- The decisiveness proxy A, is computed from
the vote margin between the top two option labels.
After y. is fixed, we invoke the same expert check-
point once more with a candidate-conditioned ratio-
nale prompt to obtain 7.; this rationale-generation
call cannot change y. or A.. The resulting expert
artifacts are cached and reused across protocol ab-
lations.

Retrieval backend and evidence pack. For
disagreement cases, we use MedRAG with the
MedCPT retriever and top-K = 5 passages.
The Evidence-Grounded Coordinator organizes re-
trieved snippets into a candidate-aligned evidence
pack with traceable passage identifiers. The Coor-
dinator only organizes retrieved evidence for the
two expert-induced candidates and does not intro-
duce a new candidate or final answer.

Judge and fallback. The Constrained
Judge outputs one control token from
{CHOOSE_A, CHOOSE_B, ABSTAIN}. We parse

CHOOSE_A as selecting Expert A’s candidate,
CHOOSE_B as selecting Expert B’s candidate, and
ABSTAIN as abstention. Abstentions are resolved
by a deterministic fallback that combines expert
decisiveness and evidence support with a fixed
coefficient e = 0.7.

Routed-arbitration cost accounting. The rel-
evant routing comparison holds the MEDitor
pipeline fixed and contrasts disagreement-triggered
execution with a policy that applies EGC, Debate,
and Judge to every instance. Let p be the disagree-
ment rate, Tghaiow the Shallow-only latency, and
Textra the additional Deep-Path latency on routed
cases:

IE[Trou‘ce (p)] = Tshallow + pTextray
Tnoroute - Tshallow + Textra-

)
With p = 35.96%, Tshanow = 4.03s, and
E[Tioute] = 22.65s, we estimate Toyira = 51.78s
and Thoroute = 55.81s. Thus, routing reduces
Deep-Path calls by 64.04% and expected latency
by 59.4% relative to always applying the full Deep
Path. These savings are relative to a no-routing
MEDitor-style policy, not to single-model infer-
ence.
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Dataset Format Choice Test Size Domain

MedQA Question + Answer A/B/C/D 1273 Us l\éi(g;i;ii%iming
MedMCQA Question + Answer A/B/C/D and Explanations 4183 AIIMS+NE§Jm1:G entrance
PubMedQA  Question + Context + Answer Yes/No/Maybe 500 PubMed paper abstracts
MMLU-med Question + Answer A/BIC/D 109 Medical subjects from MMLU

MedXpertQA-Text Question + Answer

Multiple-choice A-J

(multiple exam-style sources)
Expert-level medical reasoning

2450 .
across specialties

Table Al: Benchmark summary.

Operating point Acc. Deep-path Meanlat. P95lat. Agg. peak GPU Reduction vs. no-routing
(Avgs) rate (s) (s) (GB) Deep-Path calls / lat.

Reference single-model operating points

Best single ~7B expert ~ 62.28 - 241 3.08 20.59 -

Best single ~70B expert  65.57 - 4.87 6.99 150.71 -

MEDitor operating points

Shallow-only 61.40 0.00% 4.03 4.35 41.18 100.0% / n/a

Full MEDitor (routed) 65.94 35.96% 22.65 23.16 75.89 64.04% / 59.4%

No-routing Deep Path' 100.00% 55.81 - - 0.0% / 0.0%

Table A2: Routed-arbitration cost accounting on the five-benchmark evaluation suite under warmed serving
processes. Single-model rows are reference operating points and do not provide MEDitor-style evidence-grounded
arbitration. The relevant routing comparison is between Full MEDitor and a no-routing Deep-Path policy that
applies EGC, Debate, and Judge to every instance. TNo-routing latency is estimated from the observed Shallow-only
latency, Full MEDitor latency, and the average disagreement rate p = 35.96% using Eq. 5. GPU memory denotes
aggregate peak allocated memory across all devices used by the corresponding serving process.

B Self-Consistency Aggregation and
Decisiveness Proxy

This appendix details how we instantiate the expert
artifact interface H, = (ye, e, A¢) under optional
self-consistency. These choices are implementation
details and do not affect MEDitor’s protocol-level
I/O contract.

Self-consistency sampling. For each expert e €
{A, B} and instance z = (¢, O), we draw n sam-
ples (e.g., by varying decoding randomness or
seeds), producing sampled option labels {yéj ) i1

where yéj) e{l,...,m}.

Majority-vote candidate. We count votes for

each option id {:

ve(l) = Y Iy =1,
Jj=1 (6)
Yo = argle{lﬁ.z.z.)fm}ve(l).

Ties in arg max are broken deterministically (e.g.,
by a fixed ordering over option ids).

Decisiveness proxy. Let [; and [y be the top-1
and top-2 option ids under v, (+) (after deterministic

tie-breaking). We define a normalized margin as a
simple within-expert stability proxy:

velh) = vella) € [0,1].

A, = (N
Intuitively, larger margins indicate that the expert’s
prediction is less sample-sensitive. When n = 1,
we set A, = 1 by convention.

Candidate-conditioned rationale generation.
The n self-consistency samples are used only to
determine the aggregated candidate y. and deci-
siveness proxy A.. After majority voting fixes e,
we invoke the same expert checkpoint once more
with a separate rationale-generation prompt that in-
cludes the question, answer options, and the fixed
candidate y.. The resulting explanation is stored as
re. This call is candidate-conditioned: it may elab-
orate the reasoning for y. but cannot change the
candidate label or A.. Thus, rationale generation
does not participate in the majority vote.

Artifact interface. Finally, the expert artifact
passed to downstream MEDitor modules is

He = <y87T€7A6)7 (8)
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which contains (i) the candidate option id, (ii) an
associated rationale, and (iii) a stability proxy.

C EGC Evidence References: Passage
IDs, Retriever Scores, and Weight
Normalization

This appendix specifies how EGC constructs trace-
able, weighted evidence references I5,Ig. The
goal is to (i) preserve auditability via stable passage
identifiers and (ii) provide a comparable evidence-
support signal via normalized weights.

Passage identifiers. Each retrieved passage is
assigned a unique passage identifier py =
(docig, spanyy), where dociq is the source doc-
ument identifier and span;, indexes a concrete text
span (e.g., a chunk index under a fixed chunking
policy). We store p;q rather than raw text to keep
evidence traceable and reproducible under a fixed
corpus snapshot.

Retriever scores. Given an instance x and a can-
didate y., the retriever returns a ranked list of pas-
sages {(pid,k,sk)}le, where s, € R is the re-
triever relevance score (e.g., similarity score for
dense retrieval or BM25 score for sparse retrieval).
Scores are not assumed to be calibrated across
queries.

Score-to-weight normalization (within-
candidate). For each candidate e € {A B},
we convert retriever scores into normalized
within-candidate weights:

- exp(sp/T)

Y exp(sy/r)]

where 7 is a temperature hyperparameter. These
weights are used for ranking/truncation within the
same candidate and are not assumed to be cali-
brated across different candidates.

Deduplication and truncation (retained mass).
When multiple retrieved entries map to the same
piq (e.g., repeated retrieval across sub-queries), we
merge them by summing weights:

>

k:pid,k=Pid

W(pia) =

We then keep the top-K, passages by w(piq) to
form a compact candidate-specific set

je = { (pid , W (pid)) }pid €TopK, -

We define the retained relevance mass

d we(0,1],

(pid 7"1}) Efe

R, =

which measures how much of the within-candidate
relevance distribution is preserved after truncation.

Union renormalization and evidence support
(cross-candidate comparable). To compare sup-
port across the two candidates, we renormalize
weights over the union I AU fB:

W(pia)
- -’
(Piq:0")EIAUIp w

Z w =1,

(pia,w)EIAUIB

w(pia) = 5

and define the final reference sets
Ie == {(pidu w(pid))}(pid’w)efe .
We then compute evidence support

>

(pid :w)EIe

Se =

hence Sp +5Sg = 1. We use S, as the deterministic
relative evidence-support signal in the abstention
fallback (Section 3.4).

D Offline Clinical-Case Set

We additionally evaluate MEDitor on 312 de-
identified real-world clinical cases from an ar-
rhythmia department. The cases focus on atrial-
fibrillation-related clinical tasks and are converted
into text-only QA instances covering disease di-
agnosis, evidence grounding and field extraction.
Each instance is constructed from anonymized clin-
ical summaries, examination findings, electrocar-
diographic descriptions, treatment records, and can-
didate diagnostic or management options. Refer-
ence labels are retrospectively derived from final-
ized clinical diagnoses or documented management
decisions.

The hospital-domain study uses Huatuo-8B as
the base medical model for the clinical-task base-
line, and MEDitor applies the same routed arbi-
tration protocol to improve robustness over this
base setting. Direct identifiers were removed be-
fore model inference. The study was reviewed
and approved through the hospital’s internal ethics
review process. It is retrospective, offline, and non-
interventional: model outputs were not shown to
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clinicians during patient care, were not used for di-
agnosis or treatment, and did not affect any clinical
decision.

MEDitor achieves approximately 78.0% accu-
racy on this real-world hospital set, compared with
approximately 57.0% for the Huatuo-8B baseline.
This result suggests that the routed arbitration pro-
tocol can operate on noisier hospital-style atrial-
fibrillation QA inputs, but it should not be inter-
preted as evidence of clinical safety, clinical effec-
tiveness, or deployment readiness.

De-identified real-world atrial-fibrillation
case study

Task. Extract the documented disease diagnosis from a
de-identified arrhythmia-department record. The answer
should be grounded in the discharge diagnosis or other
explicit diagnostic evidence in the case record.

Anonymized case context. The patient was admitted for
atrial-fibrillation-related evaluation after postoperative pal-
pitations and a persistently rapid ventricular rate. The
record reports that an electrocardiogram showed atrial
fibrillation with rapid ventricular response. During hos-
pitalization, rate-control and anticoagulation-related man-
agement were documented. The final discharge diagnosis
explicitly lists atrial fibrillation.

Retrieved evidence used by MEDitor.

* Chief complaint: atrial fibrillation was discovered
for more than 20 days.

History of present illness: postoperative palpita-
tions were followed by electrocardiographic evi-
dence of atrial fibrillation with rapid ventricular rate.

* Treatment signal: amiodarone was administered
for ventricular-rate control, with anticoagulation-
related management documented in the admission
course.

Discharge diagnosis: the record explicitly docu-
ments atrial fibrillation as the discharge diagnosis.

Multi-agent decision trace.

* Base medical model: Huatuo-8B is used as the
hospital-domain clinical baseline.

* Expert proposal: one expert extracts atrial
fibrillation directly from the discharge-
diagnosis field.

« Evidence grounding: the retrieved snippets support
the diagnosis through both electrocardiographic evi-
dence and the final discharge diagnosis.

¢ Arbitration: MEDitor preserves the diagnosis sup-
ported by the explicit discharge-diagnosis evidence
rather than expanding the answer to unrelated co-
morbidities or treatments.

Final answer. atrial fibrillation. This example
illustrates that MEDitor can apply the same evidence-
grounded routing and arbitration protocol to a real-world

arrhythmia-department scenario, where the model must
connect noisy longitudinal record fields with the final docu-
mented diagnosis while preserving a concise and auditable
answer.

E System Prompts

This section summarizes the fixed prompt contracts
used by MEDitor. The prompts define a reusable in-
terface for expert proposal, evidence coordination,
rationale refinement, and candidate-constrained ar-
bitration.

Prompt contracts for MEDitor

Expert A/B. You are a senior physician. Answer the
multiple-choice medical question. Return exactly one
option label from the given option set.

EGC. You are a vretrieval coordinator for medical
multiple-choice questions. Summarize retrieved evidence
and map it to the two expert claims. Do not answer the
question. Do not choose between Expert A and Expert B.
Ground evidence using snippet identifiers such as [A1] and
[B2].

EGC output. [Key Evidence]; [Evidence favoring Candidate
Al; [Evidence favoring Candidate B]; [Conflicts /
Uncertainties]; [Retrieval Note].

Debate. Refine rationales conditioned on EGC evidence.
Keep the candidate labels fixed to the two expert-induced
options. Do not introduce a new answer option.

Judge. Compare Candidate A and Candidate B using the
evidence pack. Do not re-solve the question. Output exactly
one token from {CHOOSE_A, CHOOSE_B, ABSTAIN}. Abstention
is resolved by deterministic fallback.

F Qualitative Case Studies

This section presents two qualitative examples: one
agreement case resolved by the Shallow Path and

one disagreement case escalated to the Deep Path.
Case study 1:

Shallow Path / Agreement —
1d=586

Task: MedQA. Question: A 34-year-old man has headaches, blurry vi-
sion, erectile dysfunction, bitemporal visual field deficit, and an intrasellar
mass. Which pituitary cell type is the mass derived from? Options: (A)
Thyrotrophs (B) Lactotrophs (C) Somatotrophs (D) Gonadotrophs.
Experts: y, = B, yg = B = early stop. Final: Pred = B, Gold = B.
Takeaway: Headache and bitemporal hemianopsia suggest a pituitary
macroadenoma compressing the optic chiasm, and sexual dysfunction is con-
sistent with hyperprolactinemia. MEDitor correctly returns the consensus
answer without invoking EGC, Debate, or Judge.

Case study 2: Deep Path / Disagreement —
id=166

Task: MedQA. Question: A 60-year-old man with progressive exertional
dyspnea worked for 20 years in glass manufacturing. Chest radiograph shows
interstitial fibrosis, reticulonodular infiltrates, and eggshell calcification of
multiple lymph nodes. What is the most likely diagnosis? Options: (A)
Berylliosis (B) Silicosis (C) Asbestosis (D) Talcosis.

Experts: y» = B vs. yp = D = routed to Deep Path. EGC evidence:
glass manufacturing is consistent with silica exposure, and eggshell calci-
fication of hilar or mediastinal lymph nodes is a classic clue for silicosis.
Judge: selects Candidate A. Final: Pred = B, Gold = B.

Takeaway: EGC does not propose a new option. It grounds the two fixed
candidates, after which the Constrained Judge selects the better-supported
candidate.
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