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Abstract

Large language models (LLMs) are promising
for medical question answering (QA) but re-
main unreliable in Chinese clinical settings
due to hallucinations, weak factual ground-
ing, and difficulty handling clinically com-
plex cases. We propose CAMEC (Complexity-
Aware Multi-Expert Collaboration), a frame-
work that combines hierarchical medical adap-
tation with complexity-aware expert routing
for reliable Chinese medical QA. We adopt a
three-stage LoRA-based supervised fine-tuning
pipeline for domain adaptation, instruction fol-
lowing, and clinical reasoning. At inference,
CAMEC routes each query by predicted com-
plexity and selectively recruits three experts:
an internal chain-of-thought (CoT) expert, a
retrieval-augmented expert over a dense med-
ical vector database, and a knowledge graph
(KG) expert over a structured medical knowl-
edge base. An LLLM-as-a-Judge module eval-
uates and critiques expert reports, iteratively
refining them into a consensus answer. Ex-
periments on four Chinese medical bench-
marks show that CAMEC consistently outper-
forms strong general and medical LLM base-
lines, achieving 78.86% (CMExam), 84.15%
(MedQA-CN), 78.51% (CMMLU-Med), and
74.40% (CMB-exam), with consistent absolute
improvements over the previous state-of-the-art
HuatuoGPT-01-7B across all benchmarks. The
complexity-aware router reduces expert invoca-
tions and inference cost, making CAMEC both
highly effective and computationally efficient.

1 Introduction

Large language models (LLMs) have shown re-
markable progress across a wide range of natu-
ral language processing tasks (Brown et al., 2020;
Workshop et al., 2022; Chowdhery et al., 2023; Tou-
vron et al., 2023; Achiam et al., 2023), motivating
their deployment in high-stakes domains such as
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medicine (Thirunavukarasu et al., 2023; Clusmann
et al., 2023). Despite Chinese being one of the most
widely spoken languages globally, Chinese med-
ical LLMs remain less mature than their English
counterparts (Cai et al., 2024; Wang et al., 2025).
While recent efforts have improved domain adap-
tation through specialized medical training (Chen
et al., 2023; Yang et al., 2024), medical LLMs
still face fundamental challenges in accuracy, inter-
pretability, and evaluation for clinical applications
(Yu et al., 2025). In particular, most existing ap-
proaches rely on single-model reasoning paradigms
and lack mechanisms for multi-perspective valida-
tion, structured knowledge grounding, and adaptive
quality control, which are critical for reliable clini-
cal decision support.

To address these challenges, recent Chinese med-
ical LLMs have explored three complementary
technical directions to improve domain understand-
ing and reliability: single-model domain adapta-
tion, retrieval augmentation, and multi-agent col-
laboration. Single-model approaches such as Hu-
atuoGPT (Zhang et al., 2023; Chen et al., 2023,
2024) and Zhongjing (Yang et al., 2024) enhance
Chinese medical reasoning through large-scale
domain-specific training and preference optimiza-
tion. As illustrated in Figure 1, such single-model
paradigms are vulnerable to hallucinations and
diagnostic ambiguity in complex or overlapping
symptom scenarios.

To improve factual grounding, retrieval-
augmented methods (Lewis et al., 2020; Zhao
et al., 2025) have been introduced into Chinese
medical QA to incorporate external medical knowl-
edge. While effective in reducing factual errors,
methods typically operate as isolated pipelines and
lack systematic validation or coordination with
complementary reasoning processes.

Beyond single-model and retrieval-based ap-
proaches, multi-agent frameworks (Tang et al.,
2024; Zhou et al., 2025) explore expert collabo-
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A 60-year-old male presents with shortness of breath and difficulty breathing at night, along with
bilateral lower limb edema. He has a history of hypertension.
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. i < e
|m| Answerl: According to the symptoms you 5 Searching @ Reasoning .;,..,‘.
described, the diagnosis is kidney disease. @'
Incorrect Database Relevant documents Experts
| | Answer2: The symptoms you describe are @ Th'e possible diagnosis is congestive heart
. failure, and further tests such as an
caused by Insomnia and Mental stress. i X
lllogical electrocardiogram (ECG), echocardiogram,
and BNP levels are required.
| ] Answer3: The symptoms you describe are
E often caused by Heart disease. @ Correct @ logical @ Clear
Unclear
(a) (b)

Figure 1: (a) Existing single-model LLMs or naive RAG pipelines may produce incorrect, illogical, or clinically
vague diagnoses when symptoms overlap, due to the lack of multi-perspective validation. (b) CAMEC illustrates a
multi-expert diagnostic pipeline that integrates external knowledge retrieval and complementary expert reasoning,
producing diagnoses that are medically correct, logically consistent, and clinically interpretable.

ration for medical reasoning. Nevertheless, these
systems generally adopt static collaboration strate-
gies and do not account for query complexity or
provide explicit quality control in high-stakes Chi-
nese medical QA settings.

To address these gaps, we introduce CAMEC
(Complexity-Aware Multi-Expert Collaboration),
a framework that adaptively coordinates special-
ized experts based on query complexity for Chi-
nese medical QA. We first establish a strong foun-
dation through hierarchical medical adaptation of
Qwen3-8B via three-stage LoRA-based SFT (Do-
main Adaptation — Instruction Following — Clin-
ical Reasoning). During inference, a lightweight
router predicts query complexity and selectively
recruits three specialized experts: Ec,r for inter-
nal reasoning, Erag for evidence retrieval, and
Exg for knowledge graph grounding. An LLM-as-
a-Judge module evaluates expert outputs, triggers
refinement when quality thresholds are unmet, and
synthesizes high-confidence responses into final
decisions.

Our contributions are summarized as follows:

(1) Complexity-aware adaptive collaboration.
We propose CAMEC, an adaptive multi-expert
framework that routes medical queries by predicted
complexity to selectively recruit specialists and al-
locate refinement rounds, improving cost efficiency
while maintaining accuracy.

(2) Multi-expert inference with judge-guided
consensus. We design a multi-expert inference ar-
chitecture combining internal reasoning, semantic

retrieval, and knowledge graph grounding, with a
unified LLM-as-a-Judge mechanism for iterative
evaluation and synthesis.

(3) Empirical effectiveness. Experiments on
CMExam, MedQA-CN, CMMLU-Med, and CMB-
exam show consistent performance gains over com-
petitive Chinese medical LLM baselines, including
HuatuoGPT-01-7B.

2 Related Work
2.1 LLMs in Medicine

Large medical LLMs have achieved rapid progress
in clinical reasoning and medical exam tasks. Med-
PalLM and Med-PalLM 2 (Singhal et al., 2023,
2025) improve USMLE performance through med-
ical instruction tuning and alignment with clinician
feedback. Building on this, AMIE (Tu et al., 2025)
focuses on conversational diagnostic capabilities,
while MedFound (Liu et al., 2025) further devel-
ops a generalist medical model with a standardized
evaluation protocol.

In Chinese medical settings, the HuatuoGPT
series (Zhang et al., 2023; Chen et al., 2023,
2024) improves reasoning through large-scale med-
ical corpora and multistage supervised fine-tuning
(SFT). DISC-MedLLM (Bao et al., 2023) inte-
grates knowledge graph guidance with human pref-
erence alignment for medical dialogue. More re-
cently, ChiMed-GPT (Tian et al., 2024) adopts a
full-process training paradigm with pre-training,
supervised fine-tuning, and preference optimiza-
tion to enhance Chinese medical reasoning, while
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BenCao (Xie et al., 2025) extends instruction-tuned
LLMs to Traditional Chinese Medicine using struc-
tured knowledge and expert feedback. Our work
follows this line while introducing progressive SFT
and complexity-aware multi-expert collaboration.

2.2 RAG in Medical LLMs

Retrieval-augmented generation (RAG) improves
factual consistency in medical reasoning by incor-
porating external biomedical knowledge (Lewis
et al., 2020; Asai et al., 2024; Ke et al., 2025).
Medical RAG systems address hallucinations in
rare-disease and multi-symptom scenarios (Zhao
et al., 2025). Hybrid approaches such as KARE
(Jiang et al., 2024) and DualRAG (Cheng et al.,
2025) integrate KGs to enhance evidence utiliza-
tion and multi-hop reasoning.

In CAMEC, RAG operates as one of three ex-
perts and collaborates with CoT and KG experts
under judge supervision. Unlike standard RAG
pipelines, our RAG expert is iteratively refined by
feedback from a unified judge, improving factual
grounding within a collaborative multi-expert set-
ting.

2.3 LLM-based Multi-Agent Collaboration

Multi-agent collaboration has emerged as a way to
improve medical reasoning and safety. MedAgents
(Tang et al., 2024) uses role-based coordination be-
tween diagnostic and reviewer agents. Al Hospital
(Fan et al., 2025) simulates clinical interactions us-
ing multi-agent architectures, and Tiered Agentic
Oversight (Kim et al., 2025) leverages hierarchical
oversight for safer decision-making. LILM-as-a-
Judge methods (Gu et al., 2025; Li et al., 2025)
evaluate and refine model outputs for improved
consistency.

CAMEC differs from prior work in two key as-
pects: it performs parallel expert reasoning rather
than sequential agent interactions, and uses a uni-
fied judge-driven refinement mechanism to ensure
stable and controllable collaboration.

3 Method

We propose CAMEC, a Chinese medical QA
framework combining hierarchical supervised fine-
tuning, complexity-aware expert routing, multi-
expert parallel inference, and judge-guided iter-
ative evaluation. Figure 2 illustrates the complete
framework. Given a query ¢, CAMEC proceeds as:
1. Hierarchical SFT (training): starting from

Qwen3-8B, we conduct a three-stage LoRA-

based SFT pipeline (Domain Adaptation — In-
struction Following — Clinical Reasoning).

2. Routing & parallel generation (inference):
a lightweight router predicts query com-
plexity and activates a subset of experts
(CoT/RAG/KG), which generate structured re-
ports in parallel.

3. Judge-guided evaluation: A judge scores each
report on correctness, completeness, and safety;
if no report reaches the acceptance threshold,
experts revise with judge feedback for up to
three rounds; the judge then synthesizes a final
weighted consensus.

3.1 Hierarchical Supervised Fine-Tuning

Training data. We fine-tune Qwen3-8B using
several high-quality Chinese medical datasets, in-
cluding Huatuo26M-Lite (Wang et al., 2025),
HuatuoGPT2-SFT-GPT4-140K (Chen et al., 2023),
and medical-ol-reasoning-SFT (Chen et al., 2024).
Although these datasets are primarily constructed
for medical tasks, they may still contain a small
amount of noisy or non-medical content. We there-
fore apply a lightweight filtering step using an LLM
to remove samples that are not medically relevant.

Three-stage SFT. We adopt a three-stage hi-
erarchical SFT schedule: (1) Domain Adapta-
tion uses real-world doctor—patient dialogues from
Huatuo26M-Lite to align the model with medi-
cal terminology and clinical communication pat-
terns. (2) Instruction Following leverages diverse
multi-turn consultations from HuatuoGPT2-SFT-
GPT4-140K to improve instruction adherence and
conversational coherence. (3) Clinical Reason-
ing employs complex case analyses with chain-
of-thought supervision from medical-o1-reasoning-
SFT to strengthen diagnostic reasoning.

At each stage, a subset of high-quality data from
previous stages is mixed with the current training
data to mitigate catastrophic forgetting. We adopt
a simple replay strategy, where prior-stage sam-
ples are interleaved with current-stage data during
training without introducing additional weighting
or scheduling. We employ LoRA (Hu et al., 2022)
while keeping the base model frozen, which re-
duces trainable parameters and accelerates training.

3.2 Complexity-Aware Expert Routing

Medical queries exhibit varying diagnostic diffi-
culty. Invoking all experts with multi-round judge
refinement for every query is computationally in-
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Figure 2: Overview of the CAMEC framework. Given a query, a router predicts its complexity to selectively
recruit experts (CoT/RAG/KQG); the system retrieves relevant documents or KG facts when needed, constructs
expert-specific prompts, generates expert reports in parallel, and uses an LLM-as-a-Judge to iteratively refine them

into a final consensus answer.

efficient, especially for straightforward cases. We
introduce a lightweight complexity-aware router
to predict query difficulty and adaptively activate
experts.

Medical Complexity Score (MCS). We define a
Medical Complexity Score (MCS) for each query ¢
as a weighted combination of four clinically moti-
vated dimensions:

4
MCS(q) = > w; - fi(a), (1)
=1

where f1 = symptom ambiguity, fo = disease rar-
ity, f3 = comorbidity risk, and f, = diagnostic
uncertainty. Each fi(¢) € [0,3], and we set
w; = {0.3,0.25,0.25,0.2}. We partition MCS
into LOW (<1), MEDIUM (1, 2)), and HIGH
(>2). The prompting template and rubric are pro-
vided in Appendix B.1.

Router Training. We sample 8,000 questions
from the training split of CMExam (Liu et al.,
2023) and MedQA-CN (Jin et al., 2021) (4,000
each) to construct the training set for the complex-
ity router. For each question, we use DeepSeek-R 1
(Guo et al., 2025) to assign the four dimension
scores and derive the final complexity label. Using

these annotated samples (Appendix C.3), we fine-
tune a lightweight Qwen3-0.6B (Yang et al., 2025)
model as a 3-way classifier (LOW / MEDIUM /
HIGH). This trained router enables adaptive expert
selection at inference time, reducing computational
cost while maintaining diagnostic accuracy.

Adaptive Expert Selection. At inference, the
router predicts the complexity level of the question
q and applies the following policy:

* LOW: E¢,T only.

* MEDIUM: Ecor + FRrAG-

* HIGH: ECOT + ERAG + EK(;.

This adaptive routing strategy reduces average ex-
pert invocations while maintaining high QA accu-
racy, as we demonstrate empirically in §5.4.

3.3 Multi-Expert Parallel Inference

To enhance the reliability and professionalism of
medical reasoning, we design a multi-expert paral-
lel framework comprising three modules: an inter-
nal reasoning expert Fcot, a retrieval-augmented
expert Erag, and a knowledge graph expert k.
The architecture combines intrinsic reasoning, ex-
ternal evidence retrieval, and structured knowledge
constraints to generate clinically sound and inter-
pretable answers.

38430



3.3.1 Chain-of-Thought Expert Ec,1

Clinical diagnosis relies not only on retrieving facts
but also on reasoning about symptoms, signs, dis-
ease progression, and risk factors. Given a query
g, the internal reasoning expert performs chain-
of-thought reasoning purely based on the model’s
internal knowledge:

RCOT = Ecor (q; pCoT) )

where pcor is a structured prompt guiding the
model to produce differential diagnosis, key ev-
idence, and management suggestions. This expert
enhances robustness and interpretability when ex-
ternal evidence is missing.

3.3.2 RAG Expert Egac

To improve factual grounding, we build a dense
retrieval module over a vector store M constructed
from Huatuo_encyclopedia_qa (Wang et al., 2025)
question—answer pairs. Each concatenated QA pair
forms a document entry, and we use Milvus (Wang
et al., 2021) as the vector database for efficient
similarity search.

For a query ¢, we first encode it using Qwen3-
Embedding-0.6B (Zhang et al., 2025):

hg = femb(q) € RY 3)

Then we perform IVF-based ANN search in M to
obtain the top-k documents:

Dy = TopK (Search(hg; M,IVF)).  (4)

Given D, the RAG expert is prompted with prac
to read, integrate, and reason over retrieved evi-
dence, explicitly citing slices in its output:

Rrac = Erac(q, Dg, prac) 5)

This module emphasizes verifiability, factual con-
sistency, and traceable evidence.

3.3.3 Knowledge Graph Expert Fxg

Clinical knowledge exhibits strong structure (e.g.,
disease —symptom, examination —treatment, con-
traindication links). To avoid inconsistencies from
purely unstructured reasoning, we introduce a
knowledge graph expert operating over a medical
KG G = (V, R). For a query ¢, entity linking is
performed:

Jent(q) = ACV (6)

Then a local subgraph is expanded around anchored
nodes with radius r:

G4 = Expand(G, A, 1) @)

The expert performs structured path reasoning and
generates a report containing causal paths, com-
pliance checks, conflict warnings, and explicit evi-
dence chains:

Rxc = Exc(q, Gg, pxa) )

This module improves explainability, auditability,
and safety.

Robustness to Incomplete or Outdated Knowl-
edge. While the above experts rely on both inter-
nal and external knowledge, In real-world clinical
settings, external knowledge sources such as re-
trieval databases and knowledge graphs may be
incomplete or outdated. To enhance robustness,
CAMEC incorporates complementary mechanisms
across experts.

First, the internal reasoning expert EcoT pro-
vides a fallback when external evidence is miss-
ing or unreliable, enabling the system to generate
clinically plausible hypotheses based on learned
medical knowledge.

Second, the judge module performs cross-
expert validation by comparing outputs from EcoT,
ERrAG, and Exc. When insufficient or inconsistent
external knowledge leads to erroneous or conflict-
ing expert outputs, the judge assigns lower scores
and triggers iterative refinement.

Finally, the consensus synthesis mechanism pri-
oritizes high-confidence claims supported by mul-
tiple experts, reducing the impact of noisy or out-
dated external knowledge.

3.4 Judge-Guided Iterative Evaluation

Reports from EcoT, Erac, and Exg may differ or
conflict. To obtain a consistent and reliable answer,
we employ a unified judge module that evaluates all
candidate reports and guides iterative refinement
and final synthesis.

Scoring scheme. Inspired by LLM-as-a-Judge
(Gu et al., 2025), the judge is instantiated using
the same fine-tuned 8B model as the experts, with
an evaluation-oriented prompt that scores reports
along three dimensions: medical correctness, com-
pleteness, and safety (Appendix B.3). For each
expert report Rg) at iteration ¢, the judge outputs
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: : : (t) (t) (®)
dimension-wise scores (Se,corr, Se,comp ¢ gafe) L0~

gether with targeted feedback (59. These sub-
scores are aggregated into a scalar score:

Sét) = Oésggorr + Bsggomp + 'YSEfz,aﬁy ©)

where = 0.6, 8 = 0.2, v = 0.2 to prioritize
medical correctness, and each dimension is scored
on a 0-10 scale. This aggregated score is used for
threshold-based stopping and expert ranking.

Iterative arbitration. Let &, C {Ecot, ErAG,
Exc} denote the experts activated for query g. At
iteration ¢, experts generate reports:

C;={RW :eccé&,}.
The judge evaluates all candidates and returns:
(S(t)a 5<(3t)) = J(Ctapscore)- (11)

e
We set an acceptance threshold 7 = 8 and a max-

imum of Ty,.x = 3 iterations. If max Sét) < T,
experts revise their reports according to judge feed-
back:

(10)

RO+ = Revise(RY, 51)), (12)
where feedback is dimension-aware (e.g., correct-
ing inconsistencies, improving coverage, or miti-
gating unsafe assertions). Once any report exceeds
T, the iteration stops.

Consensus synthesis. Given the final candidate
set Cp = {Rg) e € &} and their aggregated
scores SéT), the judge synthesizes a consensus re-
port via a weighted, conflict-aware fusion strategy.
We define the fusion weights as:

T
exp(St")
o
Seee, exp(S )
Each expert report can be viewed as a set of atomic
medical claims (e.g., diagnoses, evidence, and rec-

ommendations). For any claim a, we compute its
aggregated support as:

score(a) = Z We.

e€€q:a€ A,

13)

We —

(14)

The fusion procedure retains highly supported
claims and resolves conflicts by prioritizing asser-
tions from experts with higher scores. In practice,
the judge implements this via structured prompt-
ing: it compares expert reports with their associated
scores, prioritizes high-confidence content, and re-
solves contradictions. The final report 12y remains
faithful to the expert outputs and does not introduce
unsupported medical facts.

4 Experiments

4.1 Datasets and Benchmarks

Training Datasets. We fine-tune Qwen3-8B on
three Chinese medical datasets following the three-
stage SFT pipeline in §3.1. Dataset statistics and
preprocessing are reported in Appendix C.1.
Evaluation Benchmarks. We evaluate on
four authoritative Chinese medical benchmarks:
CMExam (Liu et al., 2023), CMB-exam (Wang
et al., 2024), MedQA-CN (Jin et al., 2021), and
CMMLU-Med (Li et al., 2024), which cover fac-
tual recall, diagnostic reasoning, and multi-domain
medical knowledge. Following prior work, we re-
port accuracy (%) on their official test splits.
Baselines. For CMExam, MedQA-CN, and
CMMLU-Med, we compare against general-
purpose LLMs (Yi-1.5-9B, GLM-4-9B, Qwen2.5-
7B) (Young et al., 2024; GLM et al., 2024;
Qwen Team, 2025) and medical-domain mod-
els (HuatuoGPT-1I-7B, HuatuoGPT-01-7B) (Chen
et al., 2023, 2024), with baseline results from Chen
et al. (2024). For CMB-exam, baseline results are
taken from Wang et al. (2024), except for Qwen3-
8B, which we evaluate under the same benchmark
settings. All models are evaluated under identical
benchmark settings to ensure fair comparison.

4.2 Implementation Details

Model Fine-tuning. We apply the three-stage
LoRA-based SFT schedule described in §3.1, us-
ing LoRA rank 16 and maximum sequence length
2048. Full hyperparameters are in Appendix C.2.

Complexity Router. We fine-tune Qwen3-0.6B
as a 3-way classifier using 8,000 automatically an-
notated queries (Appendix C.3). The router ac-
tivates experts according to predicted complex-
ity: LOW — Ecor; MEDIUM — Ecor + ErAG:
HIGH — Ecor + Erac + Exa-

External Knowledge Sources. For RAG,
we build a dense vector index over hu-
atuo_encyclopedia_qga using Qwen3-Embedding-
0.6B and Milvus, retrieving k=3 documents per
query. For KG, we construct a Neo4j (Robinson
et al., 2015) graph with ~40k entities and ~290k
relations covering diseases, symptoms, drugs, tests,
and treatments. Construction and retrieval details
are in Appendix D.

Judge Configuration. We set acceptance thresh-
old 7=8, maximum iterations 7T}, ,x=3, decoding
temperature 0.3, and context length 4096 tokens.
The judge iteratively scores expert reports on [0,10]
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Models CMExam MedQA-CN CMMLU-Med
Yi-1.5-9B 68.1 75.8 64.2
GLM-4-9B 70.5 75.2 67.6
Qwen2.5-7B 70.4 71.4 70.5
HuatuoGPT-1I-7B 67.4 73.7 58.4
HuatuoGPT-01-7B 74.1 79.8 74.5
Ours 78.86 84.15 78.51

Table 1: Results on Chinese medical benchmarks. CMMLU-Med indicates that only the medical portion is evaluated.
MedQA-CN refers to the Chinese test set of MedQA (MedQA-MCMLE)

Model Physician Nurse Pharmacist Technician Disciplines Graduate Exam Average
General Models
Baichuan2-7B-Chat 42.55 51.75 44.59 45.50 43.00 32.56 43.33
Qwen-7B-Chat 48.00 54.25 48.34 48.08 44.87 35.94 46.41
Deepseek-1lm-67B-Chat 52.90 61.50 54.28 51.42 51.19 40.63 51.99
Qwen3-8B 61.70 68.88 63.34 59.92 55.69 39.62 58.99
GPT-4 59.90 69.31 52.19 61.50 59.69 54.19 59.46
Yi-34B-Chat 71.10 77.56 73.16 73.67 66.56 52.94 69.17
Medical Models
BianQue-2 4.90 4.19 4.28 3.58 3.31 3.25 3.92
BentSao-7B 21.55 19.94 20.92 22.75 19.56 16.81 20.62
SumSimiao-7B 38.75 44.37 43.81 33.26 37.05 31.34 38.51
IvyGPT-13B 37.70 43.56 40.47 38.08 35.31 32.16 37.88
DISC-MedLLM-13B 42.25 46.28 38.44 33.88 39.10 31.44 38.73
HuatuoGPT-1I-7B 64.55 63.75 64.04 62.67 63.08 54.31 62.07
HuatuoGPT-1I-13B 67.85 66.12 66.19 64.06 65.40 59.62 64.87
Ours (8B) 73.75 80.56 73.91 71.65 71.75 69.43 74.40

Table 2: Accuracy of general-purpose and medical models on different categories of the CMB-exam dataset. (Bold
indicates the best result in each column, and underlined numbers denote the second-best.)

and provides critiques for refinement until an ac-
ceptable answer is found.

Infrastructure. Experiments run on a single
NVIDIA RTX 4090 (24GB) GPU using PyTorch
2.7.0 and Transformers 4.52.4.

5 Results and Analysis
5.1 Main Result

Table 1 reports performance on three Chinese med-
ical benchmarks. Our model achieves 78.86%,
84.15%, and 78.51% accuracy on CMExam,
MedQA-CN, and CMMLU-Med respectively, es-
tablishing strong performance among Chinese med-
ical LLMs.

CAMEC consistently outperforms strong
general-purpose and medical LLM baselines
across all three benchmarks. In particular, it
surpasses Qwen2.5-7B by 8.46, 12.75, and 8.01
points on CMExam, MedQA-CN, and CMMLU-
Med respectively, highlighting the importance of

domain-specific adaptation for medical question
answering.

More importantly, CAMEC outperforms the pre-
vious state-of-the-art HuatuoGPT-01-7B by 4.76,
4.35, and 4.01 points on CMExam, MedQA-CN,
and CMMLU-Med respectively. These consis-
tent improvements across diverse benchmarks in-
dicate strong generalization capability rather than
dataset-specific adaptation, and validate the effec-
tiveness of combining internal reasoning (FcoT),
retrieval-augmented evidence (Erac), and knowl-
edge graph constraints (Fgg) with judge-guided
consensus.

5.2 Subtask Analysis

Table 2 shows performance on six CMB-exam
sub-tasks. Our model achieves 74.40% aver-
age accuracy, outperforming the strongest general
model Yi-34B-Chat (69.17%) by 5.23 points and
the strongest medical model HuatuoGPT-11-13B
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Ablation Setting CMExam
Fine-Tune Reason Expert RAG Expert KG Expert Accuracy(%)

- - - - 72.30

v - - - 73.91

- v v v 77.14

v - v v 77.05

v v - v 76.16

v v v - 76.83

v v v v 78.86

Table 3: Ablation study results on the CMExam dataset.
Level Count Ratio 5.3 Ablation Study
LOW 413 12.06% Table 3 reports ablation results on CMExam. To
MEDIUM 1487 43.40% isolate the contribution of individual components,
HIGH 1526 44.54% we disable the complexity-aware router for all con-
figurations except the full system, ensuring uniform

TOTAL 3426 100%

Table 4: Complexity distribution predicted by the router
model on MedQA-CN.

Setting Avg Acc. Cost
Experts (%) Reduction

Full Experts 3.00 84.36 0%

Ours (Router) 2.32 84.15 -22.51%

Table 5: Comparison of expert usage, accuracy, and
inference cost under different settings.

(64.87%) by 9.53 points, demonstrating robust gen-
eralization across diverse medical subdomains.

Performance is particularly strong on clinically
oriented tasks, with 73.75% on Physician and
80.56% on Nurse exams, while remaining bal-
anced on pharmacology and diagnostic procedures
(71-74%). While Yi-34B-Chat slightly outper-
forms our model on the Technician subtask, this cat-
egory primarily emphasizes procedural knowledge
and operational conventions, where large general-
purpose models benefit from scale and surface-
level recall. In contrast, our model shows clear
advantages on clinically complex tasks. Even on
the challenging Graduate Entrance Exam requiring
cross-disciplinary reasoning, our model reaches
69.43%, exceeding HuatuoGPT-II-13B by 9.81
points and Yi-34B-Chat by 16.49 points. Over-
all, these results highlight stronger capability in
complex clinical reasoning beyond simple factual
or procedural recall.

expert usage across test queries.

The base model without domain adaptation
achieves 72.30% accuracy. Hierarchical SFT alone
raises it to 73.91%, a gain of 1.61 points, confirm-
ing that progressive domain alignment is essential
for medical QA.

Multi-expert collaboration without SFT reaches
77.14%, gaining 4.84 points over the base model,
demonstrating that external knowledge substan-
tially improves diagnostic decisions even without
domain-tuned models. When combining SFT with
expert subsets, we observe: (1) SFT + RAG + KG
achieves 77.05%, showing that external knowledge
sources (RAG and KG) together provide strong
factual grounding; (2) SFT + CoT + KG reaches
76.16%, indicating that structured knowledge (KG)
complements internal reasoning; (3) SFT + CoT +
RAG attains 76.83%, the highest among two-expert
combinations, suggesting RAG’s strong evidence
retrieval capability.

The full model incorporating all three experts
and the router achieves 78.86%, corresponding
to a 6.56-point improvement over the base model.
Adding the third expert consistently improves per-
formance over all two-expert combinations, demon-
strating the complementary roles of CoT, RAG, and
KG in enhancing reasoning, factual grounding, and
structural consistency. These results validate our
design choice of multi-expert collaboration with
judge-guided synthesis for reliable medical QA.

5.4 Router Efficiency Analysis

Table 4 shows the distribution of complexity levels
predicted by our router on MedQA-CN. The router
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classifies 12.06% of queries as LOW, 43.40% as
MEDIUM, and 44.54% as HIGH, indicating that
nearly half of medical queries can be resolved with-
out recruiting all three experts.

Table 5 compares the full expert configuration
against our adaptive router. While the full sys-
tem invokes all three experts for every query (av-
erage 3.00), our router reduces the average expert
count to 2.32, achieving a 22.51% reduction in in-
ference cost with only a minimal accuracy trade-off
(84.36% — 84.15%, 0.21 points). This demon-
strates that complexity-aware routing effectively
balances diagnostic accuracy and computational ef-
ficiency, making CAMEC practical for real-world
deployment.

6 Conclusion

We present CAMEC, a complexity-aware multi-
expert collaboration framework for reliable Chi-
nese medical question answering. CAMEC com-
bines progressive three-stage LoRA-based SFT
with a lightweight complexity-aware router and
a unified LLM-as-a-Judge to adaptively recruit and
refine CoT, RAG, and KG experts. Experiments
on four authoritative Chinese medical benchmarks
demonstrate consistent improvements over strong
baselines with improved inference efficiency. Over-
all, CAMEC provides an effective and practical
solution for robust medical QA in clinically com-
plex settings.

Limitations

CAMEC is evaluated mainly on Chinese medical
exam-style benchmarks, which may not fully re-
flect real-world clinical queries (e.g., noisy patient-
generated inputs) or distribution shifts. The RAG
and KG experts depend on the coverage, correct-
ness, and timeliness of the underlying retrieval cor-
pus/index and knowledge graph; missing or out-
dated entries can weaken grounding and complete-
ness. The judge-guided multi-round inference im-
proves reliability but increases latency and compu-
tation compared to single-pass generation. Finally,
CAMEC does not explicitly quantify uncertainty,
so plausible yet incorrect answers may still arise in
underspecified cases.

Ethics Statement

This study uses publicly available datasets and
knowledge sources and does not involve private
patient records or human-subject data collection.

CAMEC is intended for research/educational use
and must not be treated as clinical advice; any real-
world deployment requires qualified clinician over-
sight. While our multi-expert and judge-guided
design aims to reduce hallucinations, residual risks
(e.g., unsafe suggestions or biased behavior) may
remain and warrant further safety and fairness eval-
uation.
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A System Overview

A.1 Multi-expert Judge-Guided Evaluation

Algorithm 1 Multi-expert Judge-Guided Evalua-
tion

Input: Question ¢, Experts &£, Initial reports Cp =
{Réo)}, Judge J, Max iterations Tyyax = 3, Thresh-
old 7 = 8.0, Weights («, 3,v) = (0.6,0.2,0.2)
Output: Final report R

t<+ 0

while ¢t < T} do
// Judge evaluates each expert report
for each e € £ do

(Sgt,zorra Sgt,:):ompa S(t) (5§t)) — J(Ctapscore)

e,safe’
t t t
Sé ) <_ asg7()jorr + BSE,():omp + ’ys

end for

®)

e,safe

// Check acceptance condition
if max, Sét) > 7 then
// Weighted consensus synthesis
for each e € £ do
We < eXp(Sét))/ Ze’eg exp(Sg))
end for
Ry < Synthesize(Cy, {we})
break
else if t < Tp,.x then
// Dimension-aware revision
t—t+1
for each e € £ do
ét) — Revise(Rffﬁl), (5&71))
end for
Cy + {Rgt) re€ &}
else
// Max iterations reached, force synthesis
for each e € £ do
we = exp(S”) ) Loee exp(Sy))
end for
R «+ Synthesize(Cy, {we})
break
end if
end while

return 12y
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A.2 Case Study

We present three representative cases to demon-
strate CAMEC’s adaptive multi-expert collabora-
tion: (1) iterative refinement when all experts ini-
tially fail to meet quality thresholds (MCS=2.6, Ta-
ble 6), (2) conflict resolution when an expert pro-
duces clinically invalid output (MCS=2.4, Table 7),
and (3) efficient consensus under medium com-
plexity with only two experts activated (MCS=1.6,
Table 8). Each case illustrates how the judge eval-
uates expert reports across correctness, complete-
ness, and safety dimensions, provides targeted feed-
back for iterative improvement, and synthesizes
final diagnoses through score-weighted consensus.

38439



GGEIEIEED)

655 B, MEMRE . SEINH, ESEINE, KERERE, BAE SRS 105
(& Fom ]

TS ZE: ™ (MCS=26) - iEE%K: CoT- RAG- KG-

(RAGHZIEHE]

(1) TR RBELER. S TGS INE - (R BB EERRIEE S -

(2) A I 2 O M A R K B B A FS N 2, KR I s2m O AL I -

(3) /AILER N I T2 ARIER SRR -

(KGR R ]

STEREERE. R - S — ORI T O/ OB -

SEFALENE: BOOER (R . KA, TESEINE) - HEERE (OHRE . SRekER

(F—AAk]

(CoTEFRIRE] (F5: EMME7/10, 528Me6e/10, Z4M7/10 — E.56.8/10)

BERE—M655 HIFM, REHMBEASEINA, EHZEERNE, KEFTLIERE, FELEIm
R, XFERE RS ORI R EE 3, o DOBLSIL] - @IGH— S MO A R SRR .
Judge U iH: ZIRE A HES OB I FINT . RIFHFHYESHEL - KBS X — ST IR E
TR WIS, BT LR E RIS EE -

(RAGEFIRE] (4 EfftEs/n0, 528M6/10, 2 Ms8/10 — HK4937.6/10)

RIBER, BEMTEEE (BORSEROIEIN] | SARRIIFIETE, Z2EAS HILIAER...
Judge[i%: WENELRIZH N O SEAVOIBRIL", it —5 XA AR E OSBRI H bR (B
HHER - BRERBIHEIEIER) - NEARRIUETEE VeI W -

(KGEFME] (¥5r: EFstter10, 528M7/10, L4710 - 5.56.4/10)

BEERMARS, HIMRSEER, ettt [FILESEA O afEsEm] .

Judgefi%: FERFEFEMEAS, RESEREFFE EEL - KEEE) SHIEHIZE, THRE
TR ST

Judgellsk: FTERFESBIETRE (7=8.0) . BIRELMIL -

(% A (BT RmEuE) )

(CoTEFRIRE] (E5H: IEMitEo10, 52EM10, 241910 — H519.0/10) v

BERI N BT MR E, BAESEINE - REJRERE e, FrEabuE, fE (e
o) BRI . 255655 SFRMIOERMENRE GDLREZRGRRE) | LW R fErER . %5
DR HERRITIRIE GO (EEE TN oK) MBI (EROIER) - BUGERLRE - ZEh ik
3o ul e ks RS -

(RAGERIRE] (5 EMTE10, 2EEMES/10, Z2M810 — 5578.6/10) v

ARG FAESE, T OSBRI S E 1SS N REREEE", 5 BB AEREE 2. B 655 H
e, amilE (EEERER) | e BEILSIE] FIRANBIHE . BB ESE T O R E RO
BRSBTS R R . FIR TR HILE, B Osm & VRS -

(KGEFRE] (F5: EFMEe/10, 528ME7/10, 22418/10 — H.917.8/10)

BFER6SE B, REHIMR - SEA3N A, AEREE SN I E . RS JE R - R R R AR
i, MR+ S 550 R+ 8RR S OB L SR/ O S R R SR SRR, R H A 1047 5 ML LR
7 St — P PR i R B R R AL S LRI & A o BRI M AT BT RES I DOMLERIL GREAC9R) ] -
PO AT O e R R TR B ko S A 2 LA — 2 I -

JudgelFAh: WA AIIERS, HEFRE SIER B .

(JudgeZr A 17 ]
CoTHIRAGE FKiT A HIik bR (8.5-9.097) . UWrmE—8 GEUmARERLLUR) | HEECBE AT FIHT
RERIN FHRHE - KCEFRBARHEREEE, TS558 LME -

(B WRE ]

RIEBERBMIEKR B, 655 Bk, KEHIME « SHE3TH, EeiENE, KEA%E, BEE&NLE
JRHE10E, XERIFS (BREROSUE] MMAERHE . BEEREES 1EXL - BERBIHEE, %45
MESGREEZE, Z2EEORTEGREE R OLIR A BEE R - BUGH — P T ORE -« OIS KR 3N kaE
RERE, KEEEH B0 M T RIEAHITIEE 5I8TT -

Table 6: High-complexity case demonstrating judge-guided iterative refinement when none of the experts initially
meet the acceptance threshold.
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REIMEGRE, XFERE T IEERR, L anEERR s R a2 & . BRHER,
L2 BEERMEN NS HI B RS RN . Fik, BFEReET (PR
) PG, TEHA—DRELIARERE .

Judge/Z it ZEFRIE T EFBEAEMERER, B TEAEHE R ENZH S RnG, 5t
T MBI BRI SE, A FRRIEES 28 BERRIFITEMES, FEILIER
PERSEEEME RS .

(KGEZRRE] (F4: IEFE/10, 52EEM7/10, Z21E8/10 — H.4578.4/10) v
ETHNRERE ISR, B8 YA R iR+ SO BT+ uh SLATE M E+ AN El
BIRZE FERAS, 5 [EERERMIE] BERELEE - %FERS AR R 7
FERRRCHAIETR, FIRBEEREK, WA A BT IHME R B AR e & ANBERFHE - 458 %5mR
BHREMFEE R, PR EN AFEEEMRIEICTIEA R TR, FHRIERE IR RTIAT
BFARTI - BAIEITR LA TE I EAF S IR RS -

(JudgeZ7 A 15K ]

RAGE ZFIEHER IR L EZWI I H, Btz WIERBIR ) 2 B, Rt A E&MA R
Al AR TCoTERK (9.047) 5KGER (8.44)) EWI W LaE—5, Bt
B AIRKRHTE, 255, Judgeft e RNFIE B W HHAITIAE S, AR IS -
(B2 RS ]
RIEEE R, HEEEFRESHEIIGER T, &Rzl (BRI R HE] -
IR LT RS ] S R R R AT RER I, (BT B R EM TR, A
- FEMEGERZ - BRUKSE . FHit, BEFE A TH PR GEEE (WMRIECT) |, L
BAR2 W 8 MRLIRIT T & -

Table 7: High-complexity case demonstrating judge-based conflict resolution and reliability gating when an expert
outputs symptom—disease hierarchy confusion.
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GEIEIEED

455 B, B FIEEREIEI A, BEINE, R BR, THEARE T
(% F ) )

FMIE . P (MCS=1.6) - EMIEE%: CoT-~ RAG-

(RAGHZRIEHE]

(1) B E R RN LIRS - BfENE - RERFIRES .

(2) BEERIFRLRER « Kol BIEINE N HATIFRI .

(3) TEAL ISz Al B Bl « TEILIE AL - 1B IR SRR -

4) FAREFEZRER IR - 2% AR KHEE

(CoTHZZHIRE] (¥4 IEWMEI/10, FEEEME/10, Z41E9/10 — H.579.0/10) v

RIEHR AR RIEIR, BHERE FETER - BEME . K- BS%E, FGFEWE3N
A, XEERSHENERGERE R . Hf, REBAESE [BEE K] HRAER,
m LR EEMEN RS (BREEEE] X BUUEEREREITIFERR
=, WEBES, AWK . R, REEREEHEY - BRSNS R E -
(RAGEZFIRE] (¥4 IEMTES/10, FEEES/10, 24 1E-/10 — 5.578.0/10) v

R AR R IE, FIRERRER - BENE - fERER - BN, XEERS MBS R
Btz ] KRS . 2R IRE, BHERAE B LSELE FENE, 63
WRETARE A0 ~ BERK - MIRSE - EWERETIERMZ, #ITEBRELAFIZE, R
Eﬁﬁ#%ﬁﬁﬁ&%ﬁﬁo¥N&E%ﬁﬁ,ﬁ%%ﬁ%ﬁﬁﬂﬁﬁ%,%%m%%ﬁ
SR

(JudgeZr & 1FH )

TXK1 (9.04)) FIEZR2 (8.0%) 2WimE—, WBITHRE (r=8) - JudgeZREH &R
B, MERTESERINEZEZE (BEERWRK) | FNREERIEHNEZLER
2l (BHE R TR -

(&R ]
BERMEAFHERS (BRERMFE] BRI SE -, TEREFERNE . k
i < BRI IZEE WIRIREFHE - Bb4h, BETCIHRRE TR, HERR T W fos al H A ™
ERTERFENERNERE, #5320 B8 RAURTTREME . BEENEME Lo E 5k
BT RER IR AR (WEEER - RER) , TEESEEHERIXLEIZN . BUGHITE S
R DABA TR B A7 B MR AIE « Iz el EMREE - WP WrEsch: B BE RIE,
B SR LA SRR A mTgEME - RN, BUUEE BN SR, BEREE - R
Y, IR, R, WOREEE, DURRER - GERERSEE N E, B R
EHFEEMHRIEE .

Table 8: Medium-complexity case demonstrating multi-expert collaboration and judge-guided weighted consensus
under partial expert disagreement.
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B Prompt Engineering

This section presents the complete prompt tem-
plates used in our CAMEC framework: the com-
plexity router prompt (§B.1), expert prompts
(§B.2), and judge prompt (§B.3). These prompts
define the input—output format, reasoning con-
straints, and evaluation criteria for each module.

B.1 Router Prompt Template

Tables 9 and 10 present the prompt templates used
by the Qwen3-0.6B router to predict Medical Com-
plexity Scores (MCS) and three-way complexity
labels (LOW/MEDIUM/HIGH). Table 9 shows the
original Chinese prompt used in training and in-
ference, while Table 10 provides an equivalent En-
glish version for reproducibility. Both prompts
define four scoring dimensions (symptom ambi-
guity, disease rarity, comorbidity risk, diagnostic
uncertainty), as well as the JSON output format
described in §3.2.
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VERNEXER, ERTEEAZIE ZEER] (Medical Complexity Score, MCS) X DL [l
AT AL

[A]&: sample[’ Question’]

WAL EETT 5 (0-35))

1. FERHEHAEE Symptom Ambiguity: EEIRGE FIEFFRAE - HA R TR

2. I 7 UL J¥ Disease Rarity: 7 XA E S F I

3. H & AE NS Comorbidity Risk: &I &E RS- HRAERE

4. VWi AN & Diagnostic Uncertainty: SH1I2WER - TEMGEE ~E

(S 4 53 AN (T INAURIMCS) }

MCS = 0.3-Ambiguity + 0.25-Rarity + 0.25-Comorbidity + 0.2-Uncertainty
-LOW (0 <KMCS < 1): 5Bk, HWp, JTTHLIE, Z2WrEm
- MEDIUM (1 <KMCS <?2): ZIEIk - TFEERZH, —BRENME
-HIGH (2 <SMCS <3): SEIRE 7%« FOW « £ RG0E -« SRS

IR [E] AR ISONAF 2

{{

"symptom_ambiguity": <score>,
"disease_rarity": <score>,

"comorbidity_risk": <score>,
"diagnostic_uncertainty": <score>,
"overall_level": <"LOW"/"MEDIUM"/"HIGH">,
"reasoning": "<&l 7 > "

"Question": sample[’Question’]

1

Table 9: Prompt Template for Complexity-Aware Router (Chinese Version)
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You are a medical expert. Please evaluate the following question based on a Medical Complexity
Score (MCS) framework.

Question: sample[’Question’]

Please assign scores (0-3) for each of the following dimensions:

1. Symptom Ambiguity: Whether the symptoms are non-specific or incompletely described

2. Disease Rarity: Whether the condition involved is rare

3. Comorbidity Risk: Whether multiple systems or prior medical history are involved

4. Diagnostic Uncertainty: The number of differential diagnoses and the complexity of required
examinations

Final Complexity Level (based on weighted MCS):
MCS = 0.3 - Ambiguity + 0.25 - Rarity + 0.25 - Comorbidity + 0.2 - Uncertainty

- LOW (0 < MCS < 1): Single symptom, common disease, no comorbidity, clear diagnosis

- MEDIUM (1 < MCS < 2): Multiple symptoms, requires differential diagnosis, moderate
complexity

- HIGH (2 < MCS < 3): Complex symptoms, rare diseases, multi-system involvement, diagnosis
relies on examinations

Return the result in strict JSON format:

{{

"symptom_ambiguity": <score>,
"disease_rarity": <score>,
"comorbidity_risk": <score>,
"diagnostic_uncertainty": <score>,
"overall_level": "<LOW/MEDIUM/HIGH>",

n,on

"reasoning": "<brief explanation>",

"question": "sample[’Question’]"

i3

Table 10: Prompt Template for Complexity-Aware Router (English Version)
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B.2 Expert Prompt

Prompt templates used for the three expert modules
(CoT, RAG, and KG) in our multi-expert inference
framework are provided in Tables 11 and 12. Ta-
ble 11 shows the original Chinese prompts used
in all experiments, while Table 12 provides equiv-
alent English versions for reproducibility. These
templates define the role, input—output format, and
reasoning constraints for each expert, and maintain
identical structure and requirements across both
versions.
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Prompt for CoT Expert (pcor): IRE—ZEFEHRETR, RESEETETFHIPE
ImRER (B ~ ATE -~ e - RBERSE) | WE—1EW . ZPNHEEERE, H4
H— " 5 B SRR % -
HEER:
- HHETEETE TR HIANER;
- ANEIMA T ARSE S i BAK R S
- S PR RLE L . S5 TE M -
(GA]
Al {Question}
(i A% =X ]
HEFTAE:
1. <RSEDITRT ) KRB E 2 B>
2. <M S5 B AT REFR A IR AR R >
3. <UtBH AR RIZR R Z (A 8 B EK 2>
4. <HEBR S BT BAFFHI T [A)>
Ulrgidk: <& T BIFHIZI T A>
Prompt for RAG Expert (prac): K& —&THIEE2AEEEERR, RIMESEETEEIE
PRI SRR BNE 2 CREOETE, AR TR 2 4
HEER:
- LA S FR 5 BB IR E A R A B E IR ;
- HRBRNBSIEPINGFEAET BEAMER, RS IR EEE R,
- SIHZSH GBI TR PMERIR, BRI B
- GEEBESETERE ), WRERIZWTE 2
(A
A Question
S8R (KZRTIE) : context
(i A% =X ]
MR <HESE R E, RS BE PR R OIEE>
VWL <&M AIERESINKEHA2E, 88 HEEKES
Prompt for KG Expert (px): 1RE—ZEZFAEIEMEE R, FIESEETHTALE
SRR ERELER, WG CETRA RS B RS M % e .
HER:
- PLAER I FRR B 8 b 5 R T DT EC OB -RER ~ KB -1RYT R REE1E;
- HREEE SN EEE, A A EEEREA T, (EFREWINERIE SRR E,
- HAIERE S 8T R RN —50, R T Ui
- TR ORHMEZRBE A Im PR & BRI 50 T B 4l i s DL A
(A
[AIfH: {Question}
FAKEE (FE) . {graph_info}
(G Hitg=(]
KRR (1-26]) « <ERE RS AR 71 H B 5B R SR Bg 12 Bl R R o 2>
PRk <FE T RS SRR T >

Table 11: Prompt Template for Specialized Experts (Chinese Version)
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Prompt for CoT Expert (pcoT): You are a medical reasoning expert. Your task is to construct a
clear and step-by-step reasoning process based solely on the clinical information provided in the
question (e.g., symptoms, signs, disease course, and examination results), and propose a diagnosis
candidate supported by the given information.
Please note:
- The reasoning must strictly rely on the information explicitly stated in the question;
- Do not introduce external or unstated medical facts;
- The reasoning process should be logically consistent and well-structured.
Input:
Question: {Question}
Output Format:
Reasoning Process:
1. <Analyze key clinical information in the question>
2. <Explain the clinical implications of each piece of information>
3. <Describe the logical relationships among different clues>
4. <Rule out inconsistent or unsupported possibilities>
Diagnosis Candidate: <Diagnosis supported by the given information>

Prompt for RAG Expert (prac): You are an evidence-based medical analysis expert. Your task is
to provide a diagnosis grounded in both the patient’s symptoms and the retrieved medical evidence.
Please note:
- Prioritize evidence from the references that is highly relevant to the patient’s symptoms;
- If the retrieved content is irrelevant or contradictory, explicitly identify this and rely on the
patient information instead;
- Clearly cite evidence sources to ensure traceability;
- Maintain logical consistency in clinical reasoning.
Input:
Patient Question: {Question}
Retrieved Evidence: {context}
Output Format:
Evidence Analysis: <Evaluate the quality of references and extract relevant evidence>
Diagnosis Conclusion: <Diagnosis supported by evidence and clinical reasoning>

Prompt for KG Expert (pkg): You are a medical knowledge graph reasoning expert. Your task
is to analyze the question using structured medical knowledge and reasoning over the provided
knowledge graph.
Please note:

- Prioritize disease—symptom and examination—treatment relations from the knowledge graph;

- If the graph coverage is incomplete, you may supplement with medical reasoning, but clearly
indicate the level of graph support;

- Identify and explain any inconsistencies between the graph and the question;

- Ensure clinical plausibility takes precedence over simple graph matching.
Input:
Question: {Question}
Knowledge Graph (subgraph): {graph_info}
Output Format:
Key Path Analysis (1-2 sentences): <Key causal or relational paths identified from the graph>
Diagnosis Candidate: <Diagnosis supported by the graph structure>

Table 12: Prompt Template for Specialized Experts (English Version)
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B.3 Judge Prompt

Tables 13 and 14 present the prompt templates for
the LL.M-as-a-Judge module. Table 13 shows the
original Chinese prompt used in all experiments,
while Table 14 provides an equivalent English ver-
sion for reproducibility. The judge evaluates expert
reports on three dimensions (correctness, complete-
ness, safety), provides dimension-wise feedback
for iterative refinement, and synthesizes a final
consensus report without introducing new medi-
cal facts, maintaining identical evaluation criteria
and constraints across both versions.
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FR—ZEFREHEEB AR R, NN BUERNR KRR S H TN 585
HABEAERETET A E R0 -
(E55UiRA])
1 NEMRRIIRESDET =T (EFVE . 28 . 220 | JFTRIEUES -
2. HEERFESILTHME (<8) . frfeedback 45 HEGHEIN, HEXRKELT -
3LHEEBDNERFENREEE (28) . FERDTERNEEMBEESHRE:
- NERRER BR R IR, ANFIABTHIE ¥ FLa R
-AHTEE S A BE . (PRCEAS L,
- RE T RAT, WERT B RN -
(HiA]
[AIf: {Question}
BUE R R LH IR (expert_reports)
(TF: MRIERIBERE, ATRERUECOT ~ RAG~ KGHIN1-3M %K)
(2 5]
BT IR =4
(1) IE#E (correctness) : W5 BEIPRA—EE, REFAELIREEETE;
(2) SEEEME (completeness) : & E LA E T RBIGKRGEE, HHEEEEE,
(3) &tk (safety) : BEFELEW S - EENSBIRENZ 2FA .
ZEVERITE: Se = 0.6 X Secorr + 0.2 X Se.comp + 0.2 X Se safe
(%= (JSON) ]
{
"dimension_scores": {
"expertl": {"correctness": X1, "completeness": Y1, "safety": Z1},
"expert2": {"correctness": X2, "completeness": Y2, "safety": Z2},
"expert3": {"correctness": X3, "completeness": Y3, "safety": Z3}

o

s

%,
"aggregated_scores": {"expertl": X, "expert2": Y, "expert3": Z},
"feedback": {
"expertl": "<ZRE E>",
"expert2": "<ZEAE Um>",
"expert3": "<ZEA K Im>"
1,
"decision": "refine" | "synthesize",
"synthesized_report": "<{X 2 decision=synthesizeM i Hi>"
}
i Mdecision=refinef], iR[Alfeedbackfit® FKMEIT; Hdecision=synthesizefs, 1X[EET
BRNBLR & BRI -

Table 13: Prompt template for the LLM-as-a-Judge module, including three-dimensional evaluation, iterative
feedback generation, and consensus synthesis (Chinese Version)

38450



You are a medical report evaluation and integration expert. Your role is to assess and synthesize the
diagnostic reports provided by activated experts. You must not introduce any new medical knowledge
beyond the provided expert outputs.
Task Description
1. Evaluate each expert report along three dimensions (correctness, completeness, safety) and
compute a weighted aggregate score.
2. If all expert scores fall below the threshold (< 8), provide feedback for each expert to guide
refinement.
3. If at least one expert meets the threshold (> 8), synthesize a final diagnostic report by integrating
high-quality expert outputs:
- The content must be strictly derived from expert reports without introducing new medical facts
or reasoning;
- You may rewrite, merge, deduplicate, resolve conflicts, and restructure the content;
- Retain high-quality conclusions and remove inconsistent or incorrect statements.
Input
Question: {Question}
Activated Experts and Reports: {expert_reports}
(Note: Depending on question complexity, 1-3 experts among CoT, RAG, and KG may be activated.)
Scoring Criteria
Each expert is evaluated along three dimensions:
(1) Correctness: Consistency between the diagnosis and patient symptoms; absence of factual errors
or logical contradictions;
(2) Completeness: Coverage of key clinical information and coherence of the reasoning chain;
(3) Safety: Absence of overconfident claims, potential risks, or clinically unsafe statements.
The aggregated score is computed as:
Se = 0.6 X 5¢corr + 0.2 X S¢ comp + 0.2 X S¢ gafe
Output Format (JSON)
{
"dimension_scores": {
"expertl": {"correctness": X1, "completeness": Y1, "safety": Z1},
"expert2": {"correctness": X2, "completeness": Y2, "safety": Z2},
"expert3": {"correctness": X3, "completeness": Y3, "safety": Z3}
1,
"aggregated_scores": {"expertl": X, "expert2": Y, "expert3": Z},
"feedback": {
"expertl": "<feedback>",
"expert2": "<feedback>",
"expert3": "<feedback>"

}’
n,oon

"decision": "refine" | "synthesize",

noon

"synthesized_report": "<only when decision = synthesize>"

}

Note: If the decision is "refine", return feedback for expert revision; if the decision is "synthesize",
return the final integrated report based solely on expert outputs.

Table 14: Prompt Template for the LL.M-as-a-Judge Module, including multi-dimensional evaluation, iterative
feedback, and consensus-based synthesis (English Version)
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C Training Configuration

C.1 Training Data Statistics and
Preprocessing

We fine-tune Qwen3-8B using three Chinese medi-
cal datasets aligned with our three-stage SFT sched-
ule: Huatuo26M-Lite (Wang et al., 2025) (Domain
Adaptation), HuatuoGPT2-SFT-GPT4-140K (Chen
et al., 2023) (Instruction Following), and medical-
ol-reasoning-SFT (Chen et al., 2024) (Clinical Rea-
soning). We retain only Chinese samples and filter
noisy/non-medical instances.

Preprocessing. We (i) keep native Chinese sam-
ples, (ii) remove empty/garbled entries, and (iii)
discard clearly non-medical content. We also en-
sure no overlap with evaluation benchmarks by
applying a conservative filtering strategy to remove
samples that may overlap with the evaluation sets,
thereby reducing the risk of potential data leakage.

38452



Dataset Stage #Samples Avg. Tokens

Huatuo26M-Lite Domain Adapt. 177703 297.48
HuatuoGPT2-SFT-GPT4-140K  Instr. Follow. 142248 672.94
medical-ol-reasoning-SFT Clinical Reason. 20171 1049.96

Table 15: Training data statistics after preprocessing.

Huatuo26M-Lite {

"instruction": "BF TR, JNHEHFWHEGAGHE, B AKEE, EEHREE R
RRPkER, B ERIma R, BRIREEET 2W, NMIZEART? ",

"input": "",

"output": "IRIFIEIRFEAR, AIRERE KA RS ERIMR TR, (HECHERIME R, A
%?%ﬁ*ﬁ@ﬁ%%ﬁﬁo%%,@&%ﬁ&%ﬁﬁﬁ@,¢%$%m%ﬁ%,%%%
ﬁ‘\‘ x% °© "}

HuatuoGPT2-SFT-GPT4-140K {

"instruction": "FENFAA A LS, EFEXERFHILT SME i, ERESrEE
MFHFEAEFEREZIRTTIS? ",

"input": "",

"output": "EEE H MM ERIE R, FESLHAHE « XMES AR T Hi -
B BEEE KT BUOESHE R T - TR AT A A 6 M tE ey o, Bk
WRIREE, DLRATREMERERIRESS ~ k& OBbINESE . RN ECESME WL, M
SLRIEERRIZEN ] - EAFRESHT B SR E DI E B M REFAE, RIF#HTHEN
HIRIT - VRIT FIRERIRZGYIRYY, AN A (nBRhime) R B W, B
BFREFTENSE FAFAIRST, WiEMEEEBEREGS - Bk, MFRrE-, SES
M SE TR BAERE RE 2 IRYT o X X MR AT RE S BU™ BRI AAE, aiikoe « e
BHEAE, HFEAEREMEDRZE NHTIRT - [N, ERESa@URSEZEFRIR,
TR - B ~ B GEA AR AR ZSE . DIBTIEE R . )
medical-ol-reasoning-SFT {

"instruction": "38% A F WA K ZH 1075, RERLLIET AN, WEEIREROZ KT 4
TEHE? ",

"input": "Mk, 38 MILIET EHUTKE T —F, XEERE . BREEEAA, RE10
B OSERAE . W RELIEEBERAKN, FIROZAREARTE . B, XERE R
RIZHNRRG, AIRER— LM - (R EXRE, HEARBEINEHES EER . FHsh
AT KIS > AN B RIS 1 o SRR B B0 1 45 BRI, SRR, thRE Dt —
BRI . Ak, AEEFHVKER, BULKEER, EEERIKTRESEIREE . 08, 6
R BRI 8 A BN BB X R AR, HXHRERMAE SR
Ko Pl mFAHBUERAR S EC K MR EIEE T, RAISF209080, XHE4b RIS/
ROZEEPEAE - XL T2 S FATH HITRIR SRR IR, hREAEFENK . X
NETRABUL, JXFERLZAERS it R AR AN B (R B B e SR -

"output": "% T38% LM RGIF LA IEFR BB BT . 1. RO+ 7R {55 LR]
FATR BN KR BE 2 R R AR WA A 715 o FREEF KIMEELSEI2000 89, AT LUE Rk F%
B, ZEEPER, JREDH— P RERE - FE R KR B A R R, B okER
FIRES S BURG - 2. #xB AN ZIGIT . IB2IERINRIRITE « S il EE A B A
73, AR FONREE AN, M A RS BURRE AR H RE - 3. #+REFTHTE**: 1%
WG, BRMBETXOEAL, #RRE . RIFZOXKEIEEM T 6, B . 4. =0EG
T RBAEARER, BUERKIE - QIEAREEN LS, EUREE, DER L
BEy7 N DL ATt — P Ab 3 o 3l P BROX S P TROR AN 3, X A AT DR — E R R AR
i, R OB XS - )

Table 16: Representative samples from the three-stage hierarchical SFT pipeline.
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C.2 Training Hyperparameters

Hierarchical SFT. We fine-tune Qwen3-8B with
LoRA in three stages. Table 17 reports key hyper-
parameters.

Hyperparameter Value
Model Qwen3-8B
LoRA rank 16
LoRA dropout 0.05
Max sequence length 2048
Batch size 2
Gradient accumulation 4
Precision bfloat16
Optimizer AdamW
Scheduler cosine
Epochs (each stage) 1

Learning rates 1.5e-5/ 1e-5/ 5e-6

Table 17: Key hyperparameters for hierarchical SFT.

Router fine-tuning. We fine-tune Qwen3-
0.6B with LoRA as a 3-way classifier
(LOW/MEDIUM/HIGH) over 8,000 Iabeled
queries. The model is trained with cross-entropy
loss, and Table 18 reports the hyperparameters.

Hyperparameter Value
Model Qwen3-0.6B
LoRA rank 8
LoRA dropout 0.05
Max sequence length 512
Batch size 4
Gradient accumulation 4
Precision bfloat16
Optimizer AdamW
Loss Cross-entropy
Epochs 3
Learning rate le-4

Table 18: Hyperparameters for training the complexity
router.

C.3 Router Training Data Examples

Table 19 shows representative samples from the
8,000 automatically annotated training instances
for the complexity-aware router (§3.2). Each
sample includes: (1) the original medical ques-
tion, (2) four dimensional scores (0-3) assess-
ing symptom ambiguity, disease rarity, comorbid-
ity risk, and diagnostic uncertainty, (3) natural
language reasoning explaining the scoring ratio-
nale, and (4) the derived overall complexity label
(LOW/MEDIUM/HIGH). These annotations were

generated by prompting DeepSeek-R1 to analyze
each question along our complexity assessment
framework.
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Example 1:{

"symptom_ambiguity": 2,

"disease_rarity": 1,

"comorbidity_risk": 3,

"diagnostic_uncertainty": 3,

"overall_level": "HIGH",

"reasoning": "EHERIMHKIR - BWEEE - ERIEAFR MR, P55 XIEH OIEHE
KIOFEMHERSZMBENERE X, IEPREE—ERIERRE, B OIRERHFAER, |
EIFREHAEIR W S 20 BN, BB EEMOIERE, ATREW M R4 - RilfE 0
ZARGIAR, HARFEIRITTE: FEAIEHER (WM EE) - YR - U
ZELEZMATRENE, REALRE - RRE G, REERER . ",

"Question": "%, 30%, BRKIGMOMHEER, SIRTTRCRAL - EUEDRKIR, IAHE
Rt DU R SR R AR B M B AGR T, R RIE AT T, ARRT - IR T EEX
4Bz LI REES, MEERE, AMIESK. R 52, ERIZAHFE . RIEL
IGPRAEIR - ZEREZWIATRER () APSUERERMIERS BJEMR  CoOMERPTEUE RS
D f FAVEERE

}

Example 2:{

"symptom_ambiguity": 2,

"disease_rarity": O,

"comorbidity_risk": 3,

"diagnostic_uncertainty": 1,

"overall_level": "MEDIUM",

"reasoning": "% EE N61Y L, RIGLIMEEF UG, AR RERRE AR R (W
B BEREE) | AN BRERIER L, NEELK. HEESHZHE
WegE (BRI SILE - 28R HRBRAZ MY, B2 RS ZIER
S, UEBRREAY RS PEETN (WPPERAY S B HE THAXR) BN
Zr e, LR aES RERI, EEREFNER MEEE, FE—EMNi2
W AT . ",

"Question": "EHHE, &, 61%, KRALAMEEFREL, BRESHEERLWL . &M
Fe~ 2RI IR - KIAMRA R ERNMIHIE R~ B NI H-S SRR, SR TR
BEH L BTRIICARIAIE - SRR AR FF . BRER - FhOr %R B R
REAERIIE, SRR () ARG . HESHEARIOIERE BRI IR,
DUIMEEFIRRER UORE - CORRRIRE I X, @D BhEHIE) DB~ 28 B —IKEEE
E&H DERE HIEHE15~2070 8

}

Example 3:{

"symptom_ambiguity": 2,

"disease_rarity": O,

"comorbidity_risk": 0,

"diagnostic_uncertainty": 0,

"overall_level": "LOW",

"reasoning": "% [FEJE THEME TR, AW EKEMRIEIR « FWREZE RS LIE - 7]
AT, TR ERERNIHT . ",

"Question": "NEENHLFIRAFERKEFTFEE () AMR BiEHR CHEAMRRX DAL
AR

}

Table 19: Representative training samples for the complexity-aware router. Each sample includes four dimensional
scores (symptom ambiguity, disease rarity, comorbidity risk, diagnostic uncertainty), LLM-generated reasoning,
and the derived complexity label (LOW/MEDIUM/HIGH).
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D External Knowledge Source
Configuration

D.1 RAG Corpus Construction

We construct a dense retrieval corpus from the hu-
atuo_encyclopedia_qa dataset. After preprocessing
(removing non-medical entries, deduplication, and
filtering incomplete answers), the final corpus con-
tains 364,420 QA pairs with an average of 760.65
tokens per concatenated document.

Each QA pair is concatenated as “question +
answer” and encoded using Qwen3-Embedding-
0.6B (1024-dim). Vectors are stored in Milvus
v2.5.12 with an IVF_FLAT index (nlist=1024,
inner-product metric). At inference, we retrieve
k=3 nearest neighbors with nprobe=16. Table 20
summarizes corpus statistics, and Table 21 shows
representative examples.

D.2 Knowledge Graph Construction

We construct a Chinese medical KG from publicly
available medical knowledge sources. After pre-
processing (removing incomplete entries and dedu-
plication), the final KG contains 40,276 entities
(including 8,808 diseases, 5,998 symptoms, 3,828
drugs, and other medical concepts) and 291,503
relations across 11 relation types, stored in Neo4;j
v5.18.1.

Subgraph Retrieval. For each query, we per-
form entity linking to identify mentioned medi-
cal terms, then retrieve relevant subgraphs using
predefined Cypher templates. We define 16 tem-
plates covering common clinical intents (symptom
inquiry, treatment recommendation, examination,
etiology, etc.). For example, for a treatment inquiry
about diabetes:

MATCH (d:Disease {name:''})
-[:cure_way]l->(t:Treatment)
RETURN t.name

Example entry. A representative disease entity
from the source dataset:

name: [ifiifl 2 H FTTAAE

symptom: 4%, Ji0ym, FEIG IR ME, = )
department: [N, PRI AR

check: fFERCT, fifi &

cure_way: S VE AL
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Statistic Value

Total QA pairs 364,420

Avg. tokens per document (Q+A) 760.65

Document format “question + answer’”” concatenation
Embedding model Qwen3-Embedding-0.6B
Index type Milvus IVF_FLAT (nlist=1024)

Table 20: Statistics of the RAG corpus used for external evidence retrieval.

Example 1:{

"questions": " T HIVEIT TR 2T 47",

"answers": " H T AE VAT B IR R IGTT FIXNHIEIRTY o X BEIRT R IR A RIE 0L N 2 &
R, gt n T, i Y IR, AT T T N T RERE N e A )
T, AE IS VBRI H RS R R AR o G0 SR T MR SR SRR BT S R B, Ak
SRR EROT S ~ SRR EIE, BRI FEEEE R TR A T, DI RE .
}

Example 2:{

"questions": "VEAE VR 2 AEIR",

"answers": "R PR AR W R — R EAENE SR AR, B — R - WAERK
RO S, B I SR o IMPRAEIRE IR LR, ATLUR TOAEIRE), AT LUEA AR
PR~ BACRR - 57 - REBES o SRR T AT AOm PR30S AT IR A 7 1R IR B Al I
P, BFRERE T 238 BRIE ARG 25 o ImPR b, FFARORR B I BOREAIR ,  E 02 AT A0 fi
}

Table 21: Representative examples from the RAG corpus (huatuo_encyclopedia_ga) used for evidence retrieval.
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