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Abstract

Large Language Models (LLMs) have shown
strong potential in medical question answer-
ing, but their reliance on static parametric
knowledge limits their ability to handle rapidly
evolving clinical evidence. The retrieval sys-
tem mitigates this issue by incorporating ex-
ternal medical knowledge, but flat retrieval
can return lexically relevant but clinically mis-
aligned evidence. We propose Med-Chain, a
training-free medical evidence retrieval frame-
work that reformulates retrieval as inspectable
and repairable clinical evidence paths. Med-
Chain first routes each question through a
clinical topic tree to progressively narrow re-
trieval from broad domains to specific guide-
line sections. It then verifies whether the re-
trieved path matches the clinical intent and
performs level-aware refinement to repair mis-
matches. Experiments on seven medical QA
benchmarks show that Med-Chain consistently
improves backbone LLMs and outperforms
existing medical Retrieval-augmented genera-
tion baselines, highlighting the value of clin-
ically structured and repairable evidence re-
trieval.

1 Introduction

Large Language Models (LLMs) have shown con-
siderable promise for medical question answer-
ing (Jiang et al., 2025; Zhang et al., 2023; Luo
et al., 2025). However, medical knowledge is
inherently dynamic (Chow et al., 2023; Densen,
2011). Clinical guidelines, diagnostic criteria, and
treatment recommendations are continuously re-
vised as new evidence emerges (Akl et al., 2017).
This makes it difficult for LLMs to rely solely on
static parametric knowledge, which may become
outdated and provides limited transparency regard-
ing the evidence behind a prediction (Lewis et al.,
2020). Continuously updating LLMs through
domain-specific training is often impractical, as it
requires expensive medical data and computation.

Question: Patient: 27-year-old male IV drug user, found unresponsive in 
ED, attends methadone clinic. Initial Vitals: BP 97/48 mmHg, Pulse 140, 
RR 29, O2 98%. Initial Labs: Glucose 589 mg/dL, K 6.3, HCO3 17. 
Post-treatment Vitals: BP 117/78, Pulse 100, RR 23, O2  98%. Post-treat-
ment Labs: Glucose 90 mg/dL, K 4.3, HCO3 19. Problem: Persistent 
metabolic acidosis. What is the next step in management? 
Gold Answer: Insulin, potassium, IV fluids, and glucose

Human Thinking

Med-Chain

Hmm… the patient is a 27-year-old male IV drug user, found unresponsive, 
with hyperglycemia and metabolic acidosis. Okay, my first thought is to check 
Emergency Medicine and Critical Care documents for acute management. 
Let me search about the Allergy or Angioedema guideline. But wait… the 
findings are consistent with DKA, not an allergic reaction. Ah, this thought 
and search path is not right. let’s refine the search…  shift to Endocrinolo-
gy, Diabetes  and then Complications of Diabetes. Yes, now I’m looking at 
acute DKA management: persistent hyperglycemia, acidosis not fully 
corrected, potassium needs careful monitoring. Got it—the key point: continue 
insulin with dextrose, maintain potassium. That fits the patient’s current status 
perfectly. So… final decision: Insulin, potassium, IV fluids, and glucose.
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Final Answer: Insulin, potassium, IV fluids, and glucose 

1

Self-Refinement

Clinical-Chain Evidence Retrieval

Clinical-Chain Evidence Retrieval

Round1: I will first retrieve Emergency Medicine→Allergy→angioedema
 <Retrieve Top Relevant Evidence>...
Verify:  Relevance: 0.0| Sufficiency: 0.0| Specificity: 0.0| Discriminative: 0.0, 
Has_error: true| Error_level: coarse topic| Confidence: 0.95|Continue_retrieval: 
true| Reason: The selected topic and the document  angioedema are entirely 
unrelated to the patient's presentation of DKA. The retriever has chosen
evidence from the wrong top-level medical topic.  A new retrieval attempt is 
required to find documents related to Diabetic Ketoacidosis, hyperglycemia, 
and metabolic acidosis management.
Controller: Roll back to top level topic and Refine

Round2: Based on the last round, I will retrieve Endocrinology→Diabetes→
diabetic ketoacidosis
<Retrieve Top Relevant Evidence>: When blood glucose falls below 250 
mg/dL, reduce insulin infusion and add 5%-10% dextrose to IV fluids. Add 
potassium replacement after serum potassium falls below 5 mEq/L. During 
DKA treatment, hyperkalemia can transition to hypokalemia unless potassium 
is replaced once potassium falls below 5 mEq/L.
Verify: Relevance: 0.9| Sufficiency: 0.6| Specificity: 0.8| Discriminative: 0.7, 
Has_error: false|Error_level: none| Confidence: 0.9|Continue_retrieval: false|
Reason: The retrieved documents are highly relevant to DKA management 
and complications. The evidence is sufficient to determine that DKA persists 
and that the patient requires continued insulin with dextrose-containing fluids. 
No further retrieval is needed.
Controller: STOP
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Figure 1: Comparison between existing retrieval sys-
tem, human thinking and Med-Chain. Clinicians nar-
row evidence search from broad hypotheses to spe-
cific evidence and revise the search direction when a
mismatch is found. Inspired by this process, Med-
Chain constructs and repairs clinical evidence paths
through clinical-chain retrieval and adaptive retrieval
refinement.

Evidence retrieval therefore offers a natural
solution by augmenting LLMs with external
medical knowledge (Lewis et al., 2020; Xiong
et al., 2024a). However, external retrieval alone
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does not guarantee reliable medical reasoning.
Most retrieval pipelines rely on flat top-k lexi-
cal or embedding-based similarity (Robertson and
Zaragoza, 2009; Karpukhin et al., 2020; Lewis
et al., 2020), which may retrieve passages that
appear relevant at the surface level but are clini-
cally misaligned (Sohn et al., 2025; Xiong et al.,
2024a). In medical QA, evidence can share symp-
toms, laboratory findings, or treatment terms with
the question while referring to the wrong disease,
patient population, care setting, disease stage, or
decision point. Such misaligned evidence can mis-
lead the LLM and degrade answer quality (Sohn
et al., 2025).

The bottleneck of medical evidence retrieval
is not merely retrieving evidence, but retrieving
evidence along the correct clinical path. Exist-
ing medical evidence retrieval frameworks (Zhao
et al., 2025; Xiong et al., 2024b; Frisoni et al.,
2024; Li et al., 2026; Wu et al., 2024) mainly
improve what evidence is retrieved or how re-
trieved passages are filtered, but they rarely ex-
pose the clinical trajectory that leads to the evi-
dence or diagnose which level of the retrieval pro-
cess has failed. In clinical practice, evidence use
is organized around focused questions, evidence
acquisition, critical appraisal, and application to
patient context. As illustrated in Figure 1, clini-
cians search in a coarse-to-fine and self-correcting
manner: they narrow from broad clinical domains
to specific guideline sections, while revising the
search when the evidence fails to match the patient
presentation or decision point. This motivates a
medical retrieval framework that retrieves over in-
terpretable clinical chains and refines them when
misalignment occurs.

Based on this motivation, we propose Med-
Chain, a training-free medical retrieval framework
that reformulates medical evidence retrieval from
flat passage matching into inspectable and re-
pairable clinical evidence paths. Med-Chain has
two core components. First, Clinical-Chain Evi-
dence Retrieval (C2R) routes a medical question
through a guideline-derived clinical topic tree, pro-
gressively narrowing retrieval from broad clini-
cal domains to specific guideline sections. Sec-
ond, Adaptive Retrieval Refinement (ARR) veri-
fies the retrieved evidence path and selectively re-
pairs it when the evidence is insufficient or clini-
cally mismatched. Rather than blindly repeating
retrieval, ARR localizes errors to different levels
of the clinical chain and performs level-aware re-

finement, such as rolling back to a broader do-
main or revisiting a subtopic. As shown in Fig-
ure 1, the retrieval narrative records the evolving
evidence path, while the verifier and controller de-
termine whether the current evidence is sufficient
or whether retrieval should be redirected to a more
appropriate clinical topic. To validate the effective-
ness, we conduct extensive experiments covering
both general medical knowledge and expert-level
clinical reasoning. Results show that Med-Chain
achieves strong performance across benchmarks
and model families, highlighting the effectiveness
of clinical-chain evidence retrieval and adaptive re-
trieval refinement.

Our contributions are summarized as follows:
1) We identify clinical evidence misalignment

as a path-level failure mode in existing medical re-
trieval frameworks, where retrieved passages may
be lexically relevant but clinically mismatched
with the target disease, patient context, or decision
point.

2) We introduce Med-Chain, a training-free
framework that organizes medical retrieval into
inspectable clinical evidence paths and supports
level-aware repair when retrieval is misaligned.

3) Experiments on seven medical QA bench-
marks show that Med-Chain consistently improves
multiple backbone LLMs and outperforms exist-
ing medical RAG baselines.

2 Related Work

2.1 Medical Large Language Models

Medical foundation models improve medical un-
derstanding, generation, and question answering
through domain-specific pretraining, instruction
tuning, and multimodal adaptation. (Jiang et al.,
2025; Lin et al., 2025; LASA Team et al., 2025;
He et al., 2024; Zhao et al., 2026; Wu et al., 2026;
Liu et al., 2025; Wang et al., 2025). Represen-
tative systems, including Med-PaLM 2 (Singhal
et al., 2025), HuatuoGPT (Zhang et al., 2023), Hu-
luMed (Jiang et al., 2025), and MedDr (He et al.,
2024), show that adapting LLMs with medical cor-
pora or medical instructions can substantially im-
prove performance on clinical reasoning bench-
marks.

However, these methods mainly rely on
parameter-centric adaptation. In dynamic clinical
settings, guidelines, diagnostic criteria, and treat-
ment recommendations are continuously revised,
making it costly to keep parametric knowledge up
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to date. Moreover, parameterized knowledge pro-
vides limited evidence grounding and traceability.
These limitations motivate Med-Chain that pro-
vides external and inspectable medical evidence.

2.2 Medical Evidence Retrieval
Medical evidence retrieval improves knowledge-
intensive generation by conditioning LLMs on
retrieved external evidence (Lewis et al., 2020;
Asai et al., 2024; Yan et al., 2024). In medical
question answering, Retrieval-Augmented Gener-
ation (RAG) is particularly useful because clinical
guidelines, biomedical literature, and medical text-
books provide evidence-grounded knowledge be-
yond static parametric memory (Zhao et al., 2025;
Li et al., 2026; Wu et al., 2024). Existing med-
ical retrieval systems, such as MedRAG (Zhao
et al., 2025), i-MedRAG (Xiong et al., 2024b), and
MedRGAG (Li et al., 2026), improve medical QA
by retrieving curated medical evidence, generating
follow-up queries, filtering evidence, or incorpo-
rating structured medical knowledge.

However, most existing methods still treat re-
trieval primarily as passage selection or passage-
level filtering. In medical QA, the critical fail-
ure often occurs earlier: the system may enter the
wrong clinical topic, subtopic, disease stage, pa-
tient population, or decision point, even if the re-
trieved passages appear lexically relevant. Such
clinical-path misalignment is difficult to diagnose
from isolated passages alone. Med-Chain ad-
dresses this limitation by modeling retrieval as
an explicit clinical chain over a guideline-derived
topic hierarchy and using adaptive retrieval refine-
ment to repair errors at the level where the chain
becomes misaligned.

3 Method: Med-Chain

In this section, we introduce Med-Chain, includ-
ing Guideline Corpus Collection (Section 3.2),
Clinical-chain Evidence Retrieval (Section 3.3)
and Adaptive Retrieval Refinement (Section 3.4).

3.1 Overview
Med-Chain is a training-free evidence retrieval
framework for medical question answering. It ad-
dresses the clinically misaligned evidence prob-
lem in medical retrieval frameworks, where re-
trieved passages appear lexically relevant but fail
to support the intended clinical decision. The core
mechanism of Med-Chain is to maintain an ex-
plicit retrieval state and iteratively refine it when

the evidence is insufficient or mismatched. As
shown in Figure 2, the framework first constructs
clinical evidence paths over a hierarchical medi-
cal guideline corpus, then uses a self-refinement
retrieval harness to diagnose retrieval errors and
update the retrieval state, and finally summarizes
the refined evidence into a compact context for an-
swer generation.

Formally, given a medical question q, answer
options O = {o1, . . . , oK}, and a hierarchical
medical guideline corpus D, Med-Chain initial-
izes retrieval by calling the clinical-chain retriever:

(P0, E0) = Rchain(q,D;H0)

where P0 denotes the ranked clinical paths, E0 de-
notes the retrieved evidence chunks, and H0 = ∅
is the initial refinement history.

At refinement round t, let τ denote the index of
the most recently completed retrieval state. The
verifier evaluates the current state:

vt = V (q,O,Pτ , Eτ ).

A deterministic controller maps this diagnosis
to a refinement action:

at = π(vt).

The diagnosis and action are first written into a
temporary updated history:

Ht = Ht−1 ∪ {(vt, at)}.

If refinement is required, the same clinical-
chain retriever is re-invoked with the current paths,
action, and updated history as feedback:

(Pt, Et) = Rchain(q,D;Pτ , at,Ht),

After refinement, we set τ ← t. The process ter-
minates when the controller chooses STOP or the
refinement budget is reached; if refinement stops,
τ remains the index of the most recently com-
pleted retrieval state. After termination at round
τ ≤ T , the final evidence Eτ is summarized into
a compact context Cτ , and the answer is generated
by:

ŷ = Gfinal(q,O, Cτ ).

3.2 Medical Guideline Corpus Collection
We construct a multi-source medical guideline cor-
pus from publicly available clinical guidelines,
screening recommendations, disease descriptions,
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Figure 2: Overview of Med-Chain. The framework follows a retrieve–refine–answer mechanism: (1) Clinical-
Chain Evidence Retrieval performs coarse-to-fine routing over a hierarchical guideline corpus, producing explicit
clinical evidence paths and top evidence chunks; (2) Adaptive Retrieval Refinement verifies evidence quality, de-
tects retrieval errors, selectively re-invokes retrieval with history-aware feedback, and summarizes the refined
evidence into a compact context; and (3) Final Answer Generation uses the evidence context to produce the final
answer.

and evidence-based medical references. For each
document, we preserve source metadata, docu-
ment titles, section headings, and paragraph-level
content, and convert the corpus into a unified
markdown format. To support clinical-chain re-
trieval, we organize the corpus into a hierarchical
topic tree, where documents are assigned to termi-
nal nodes with LLM-assisted classification. This
structure enables Med-Chain to retrieve evidence
through explicit clinical paths, i.e., domain →
subtopic → document → section, while keeping
the corpus construction procedure modular and ex-
tensible. Details are provided in Appendix.

3.3 Clinical-Chain Evidence Retrieval
Given a medical question q, Clinical-Chain Ev-
idence Retrieval constructs multiple candidate
paths over the hierarchical guideline corpus.
At each level, lexical relevance is used as a
lightweight prior to shortlist plausible child nodes,
while the clinical routing decision is mainly made
by an LLM router. Specifically, for a current path
pℓ−1, we first retain the top-B child nodes accord-
ing to lexical relevance:

Cℓ(pℓ−1) = TopBc slex(q, c), c ∈ Child(pℓ−1).

The LLM router then selects the most appropriate
child ĉℓ from Cℓ(pℓ−1). We represent this decision

as a sparse routing score:

rLLM(q, pℓ−1, c) = I[c = ĉℓ].

Each candidate child c expands the current path as
pℓ = pℓ−1 ⊕ c, and the cumulative path score is
updated by

S(pℓ) = S(pℓ−1) + rLLM(q, pℓ−1, c) + slex(q, c).

After each expansion round, all candidate paths
are ranked by their cumulative scores, and only the
top-Kp paths are retained for the next level. This
beam-style routing allows the retriever to preserve
alternative clinical paths instead of greedily com-
mitting to a single early decision.

When terminal documents are reached, the
highest-ranked path p∗ is selected for evidence
extraction, while other high-ranked paths are re-
tained as alternative retrieval candidates. Let d∗

be the terminal document of p∗. We split d∗ into
heading-based evidence chunks, preserving sec-
tion titles and local context, and rank each chunk
by its local relevance to the question:

E = TopKe∈Chunk(d∗)Sev(q, e).

The resulting retrieval state, including the selected
path p∗, ranked candidate paths, and top evidence
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chunks E , is passed to Adaptive Retrieval Refine-
ment for evidence verification and possible refine-
ment.

The same retrieval procedure is used in both ini-
tial retrieval and refinement. In the initial round,
the history is empty. In later refinement rounds,
the retriever can be conditioned on the controller
action and accumulated history Ht, which provide
feedback about previously diagnosed retrieval fail-
ures and guide the retriever to revise the clinical
path rather than perform a new flat retrieval.

3.4 Adaptive Retrieval Refinement

Adaptive Retrieval Refinement verifies and repairs
the retrieved clinical evidence path by identify-
ing fixable mismatches in the clinical reasoning
chain, rather than simply retrieving more passages.
Given the current retrieval state (Pτ , Eτ ), the ver-
ifier produces a structured diagnosis consisting of
evidence quality scores, an error check, and a re-
finement decision. The quality scores assess rele-
vance, sufficiency, specificity, and discriminative-
ness, indicating whether the evidence addresses
the clinical question, contains enough information,
matches the patient context and decision point,
and helps distinguish among answer options.

The error check determines whether the re-
trieval chain contains a repairable mismatch and
localizes it to one of four levels: coarse topic,
subtopic, document, or none. Based on this di-
agnosis, a deterministic controller either stops re-
finement when the evidence is adequate or no reli-
able error is detected, or repairs the retrieval path
at the diagnosed level. Coarse-topic errors trigger
rollback to a broader clinical domain, subtopic er-
rors preserve the reliable prefix and re-route the re-
maining branch, and document-level errors search
for a more suitable evidence source within the cur-
rent branch. The repaired document is then seg-
mented and re-ranked to update the evidence state.

Each refinement round records the verifier diag-
nosis, controller action, and explanation as history,
which is passed to subsequent rounds to avoid re-
peating previous errors. The loop terminates when
no further refinement is needed or the refinement
budget is reached, after which the final evidence is
summarized into the compact context used by the
answerer.

4 Experiments

This section presents the experimental setup, main
results, and analysis. We answer the following
research questions (RQs): RQ1: How effective
is Med-Chain for medical question answering?
RQ2: Do the main components of Med-Chain
work? RQ3: Does retrieving more evidence al-
ways improve performance? RQ4: Does clinical-
chain retrieval improve retrieval quality? RQ5:
How does model scale affect retrieval and answer
generation? RQ6: What are the inference-time
and token costs of Med-Chain?

4.1 Experimental Setup

4.1.1 Datasets
We evaluate Med-Chain on seven text-based med-
ical question answering benchmarks, covering
general medical knowledge, board-style clinical
reasoning, and expert-level medical QA. Specif-
ically, we use HLE-Med (Center for AI Safety
et al., 2026), MedXpertQA-Text (Zuo et al., 2025),
MMLU-Pro-Med (Wang et al., 2024), Medbul-
lets (Chen et al., 2025), SGPQA (Du et al.,
2025), MedQA-US (Jin et al., 2021), and MMLU-
Med (Hendrycks et al., 2020). These benchmarks
vary in difficulty, required medical knowledge,
and clinical reasoning depth, allowing us to evalu-
ate Med-Chain across diverse medical QA scenar-
ios.

4.1.2 Baselines
We compare Med-Chain with a broad set of
baselines, including frontier models (GPT (Ope-
nAI, 2025), Gemini (Comanici et al., 2025),
DeepSeek (DeepSeek-AI et al., 2026)), general-
purpose LLMs (Qwen3.5 (Qwen Team,
2026), Llama-3.1 (Grattafiori et al., 2024),
InternVL3 (Zhu et al., 2025)), medical LLMs
(HuluMed (Jiang et al., 2025), HealthGPT (Lin
et al., 2025), Lingshu (LASA Team et al., 2025),
MedDr (He et al., 2024)), and RAG-style medical
QA methods (MedRAG (Zhao et al., 2025),
i-MedRAG (Xiong et al., 2024b), GENREAD (Yu
et al., 2022), MedGENIE (Frisoni et al., 2024),
GRG (Abdallah and Jatowt, 2023), CGAP (Su
et al., 2023), MedRGAG (Li et al., 2026)). These
baselines cover closed-source references, direct
prompting with general and medical LLMs, and
existing retrieval-augmented approaches. We fur-
ther instantiate Med-Chain with different models
to assess its generality across model families and
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Table 1: Overall experimental results of Med-Chain and baselines on seven medical QA benchmarks. Within each
model group, the best results are highlighted in bold and the second-best results are underlined.

Methods HLE-Med MedXpert-Text MMLU-Pro-Med Medbullets SGPQA MedQA-US MMLU-Med Avg.

Frontier Models
GPT-5.2 12.1 40.3 79.8 81.0 51.2 90.0 90.5 63.6
Gemini-2.5-Pro 8.9 40.1 81.0 76.0 63.0 92.9 91.8 64.8
Gemini-2.5-Flash 7.1 35.6 70.0 77.6 53.3 91.2 84.2 59.9
DeepSeek-V4-Pro 8.5 25.3 71.8 64.5 49.3 81.2 91.0 55.9

General-purpose LLMs
Qwen3.5-4B 11.0 15.1 53.2 41.9 27.3 57.6 72.8 39.8
Llama-3.1-8B 10.6 13.1 51.3 56.5 28.6 60.6 73.4 42.0
Qwen3.5-9B 10.6 18.2 61.7 56.5 33.1 67.7 83.4 47.3
InternVL3-38B 7.5 16.0 72.1 54.6 42.5 73.5 83.8 50.0
Qwen3.5-27B 7.5 27.5 75.9 64.5 51.1 85.3 91.3 57.6
Qwen3.5-35B-A3B 8.5 20.6 69.3 58.1 43.4 73.9 86.4 51.5

Medical LLMs
Hulu-Med-4B 11.1 20.3 58.6 62.7 31.8 73.1 77.5 47.9
Hulu-Med-30B-A3B 10.0 31.3 69.3 71.4 42.2 82.8 85.8 56.1
HealthGPT-14B 6.8 11.3 63.4 39.8 25.7 66.2 80.2 41.9
Lingshu-32B 8.6 22.7 70.2 65.4 41.1 74.7 84.7 52.5
MedDr-40B 8.9 12.0 55.6 44.3 24.0 59.2 65.2 38.5

RAG-Style LLMs
MedRAG 9.6 19.2 67.0 62.1 38.3 75.0 85.5 51.0
i-MedRAG 9.6 20.1 67.0 60.5 38.3 77.5 86.4 51.3
GENREAD 10.7 21.9 68.5 62.1 39.5 81.2 87.3 53.0
MedGENIE 10.0 24.5 72.8 72.6 44.6 85.3 88.8 56.9
GRG 9.6 20.4 67.8 62.9 39.2 77.9 86.5 52.0
CGAP 9.6 17.8 65.3 54.8 38.1 71.1 83.8 48.7
MedRGAG 8.6 27.4 72.2 71.0 45.1 86.0 89.1 57.0

Med-Chain
Ours (Qwen3.5-4B) 9.2 30.9 77.4 74.2 53.5 87.8 89.7 60.4
Ours (Llama-3.1-8B) 9.6 26.0 67.6 73.4 45.7 84.1 87.3 56.2
Ours (Qwen3.5-9B) 10.6 32.9 78.1 74.2 54.4 89.5 91.1 61.6
Ours (Qwen3.5-27B) 9.2 34.7 78.7 77.4 56.6 90.3 93.2 62.9
Ours (Qwen3.5-35B-A3B) 11.0 32.1 78.6 75.8 55.5 89.5 92.1 62.1
Ours (DeepSeek-V4-Pro) 7.5 31.8 78.6 75.8 55.3 90.7 93.0 61.8

scales. Configuration details for the RAG-style
baselines are provided in Appendix.

4.1.3 Implementation Details
By default, we use Qwen3.5-27B as the clinical-
chain retriever. We use Qwen3.5 models (4B, 9B,
27B, 35B-A3B), Llama-3.1-8B, and DeepSeek-
V4-Pro as answerers. The branch factor, beam
width, and number of candidate retrieval paths are
set to 3, 5, and 5, respectively. The top 3 reranked
evidence chunks are used for verification and an-
swer generation. ARR is capped at 5 refinement
steps to avoid unbounded retrieval. Performance
is measured by multiple-choice accuracy. To pre-
vent data leakage, the retrieval corpus excludes all
benchmark questions and answer labels.

4.2 Main Results (RQ1)

As shown in Table 1, we report the performance of
Med-Chain and baselines.

Med-Chain demonstrates superior perfor-
mance by retrieving evidence along clinically
structured paths and refining misaligned re-

trieval results. Compared with standard LLM
prompting, Med-Chain brings substantial aver-
age improvements, with Qwen3.5-27B increas-
ing from 57.6 to 62.9 and Qwen3.5-35B-A3B in-
creasing from 51.5 to 62.1. Compared with ex-
isting medical RAG methods, Med-Chain also
achieves stronger overall performance, demon-
strating the effectiveness of clinical-chain retrieval
and verifier-guided evidence refinement. These re-
sults suggest that flat retrieval or direct parameter-
based medical reasoning is insufficient for chal-
lenging medical QA, while structured evidence ac-
quisition provides a more reliable way to support
answer generation.

Med-Chain exhibits strong generalization ca-
pabilities across model families and model
sizes. Med-Chain consistently improves the cor-
responding backbone models on average. No-
tably, Qwen3.5-9B improves from 47.3 to 61.6,
and Llama-3.1-8B improves from 42.0 to 56.2,
showing that structured retrieval can substan-
tially enhance smaller or weaker base models.
Stronger backbones such as Qwen3.5-35B-A3B
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and DeepSeek-V4-Pro also benefit from the frame-
work, indicating that Med-Chain is a general
inference-time framework rather than a backbone-
specific optimization.

The improvements are particularly evident
on knowledge-intensive and expert-level clin-
ical reasoning benchmarks. On MedXpert-
Text, Med-Chain improves Qwen3.5-27B from
27.5 to 34.7 and Qwen3.5-35B-A3B from 20.6 to
32.1, showing clear gains on expert-level medical
QA. On MMLU-Pro-Med, Med-Chain further im-
proves Qwen3.5-35B-A3B from 69.3 to 78.6 and
achieves 78.7 with Qwen3.5-27B. Similar gains
are observed on Medbullets, SGPQA, MedQA-
US, and MMLU-Med. These results indicate that
Med-Chain is especially effective when questions
require specialized medical knowledge, multi-step
clinical reasoning, and precise evidence ground-
ing.

4.3 Ablation Study (RQ2, RQ3)
Figure 3 reports the ablation results averaged over
seven medical QA benchmarks. All ablation ex-
periments use Qwen3.5-35B-A3B for both the re-
triever and answerer.

Impact of Clinical-Chain Evidence Retrieval
(C2R). For this comparison, ARR is disabled, and
the retrieved evidence chunks are passed directly
to the answerer. Compared with the No-RAG
baseline, flat retrieval methods (Robertson and
Zaragoza, 2009; Jin et al., 2023; Wang et al., 2022)
bring only marginal or unstable gains: BM25 im-
proves the average score from 51.5 to 52.0, while
MedCPT and e5 achieve 51.6 and 50.7, respec-
tively. In contrast, C2R substantially improves the
average score to 57.8. This shows that the key to
medical RAG is not merely retrieving external ev-
idence, but retrieving evidence through clinically
structured paths.

Impact of Adaptive Retrieval Refinement
(ARR). ARR further improves the average score
from 57.8 to 60.3. This indicates that, after the
initial clinical-chain retrieval, verifier-guided re-
finement can correct part of the clinically mis-
aligned evidence and improve downstream an-
swering. Therefore, ARR acts as a repair mech-
anism rather than a standalone retrieval module: it
strengthens Med-Chain by refining retrieval paths
that are initially incomplete or misaligned.

Impact of Retrieval Breadth and Evidence
Depth. The results show that more retrieval is
not always better. For child-node expansion, using

top-3 child nodes achieves the best average score
of 57.9, outperforming both top-1 and top-5. This
suggests that moderate branching balances explo-
ration and noise. For retrieval paths, keeping top-
5 paths performs best, indicating that path-level
diversity helps improve retrieval robustness. For
evidence chunks, using top-3 blocks achieves the
best score, while increasing to top-5 slightly de-
creases performance. This suggests that excessive
evidence may introduce distracting or less relevant
information, and that Med-Chain benefits from
selective evidence use rather than simply adding
more context.

4.4 Analysis of Med-Chain Retrieval Quality
(RQ4)

To further evaluate retrieval quality, we sample
100 representative examples from MedXpertQA-
Text. Two licensed physicians score the retrieved
evidence of each system across five dimensions:
relevance, sufficiency, specificity, discriminative-
ness, and verifiability. Scores are averaged across
annotators and examples.

As shown in Figure 4, Med-Chain achieves the
best overall retrieval quality across all five dimen-
sions. Compared with flat retrievers and existing
medical RAG baselines, our method retrieves ev-
idence that is more clinically relevant, more suf-
ficient for answering the question, and more dis-
criminative for distinguishing among answer op-
tions. Notably, Med-Chain shows a clear advan-
tage in verifiability. Unlike flat retrievers that
return isolated passages, Med-Chain exposes the
retrieval trajectory, including the selected topic,
subtopic, document, and evidence chunks. This
makes it easier to audit whether the retrieved ev-
idence follows a clinically plausible route and
whether it supports the final answer.

4.5 Analysis of Model Scale and Stage
Allocation (RQ5)

Figure 5 shows the effect of model allocation be-
tween retriever and answer generation.

Larger models improve performance, but
balanced stage allocation matters more. We
vary the model used for retrieval routing and ev-
idence summarization, and independently vary the
model used for final answer generation. The re-
sults show that model scale has a clear impact on
Med-Chain, but the effect is not strictly monotonic.
The best average performance is achieved when
Qwen3.5-27B is used for both retriever and an-
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Impact of C2R Impact of ARR Top-K Child Nodes Top-K Path Top-K Evidence Blocks

Figure 3: Ablation results of Med-Chain. We report the average accuracy for clinical-chain evidence retrieval
(C2R), adaptive retrieval refinement (ARR), and different settings of top-k child nodes, retrieval paths, and evi-
dence chunks. The results show that both C2R and ARR improve performance, while moderate retrieval breadth
and evidence depth provide the best trade-off between evidence coverage and noise.

Relevance

Sufficiency

SpecificityDiscriminativeness

Verifiability
1.0

2.0

3.0

3.5
2.9

2.5

2.8
2.4

2.9

MedCPT
e5
BM25

MedRAG
MedRGAG
Med-Chain

Figure 4: Retrieval Quality Evaluation.

swer generation, reaching an average score of 62.9.
This indicates that stronger models can improve
both evidence acquisition and final answering, but
assigning the largest model to every stage does not
necessarily yield the best result.

A smaller retriever can still benefit a larger
answerer. The results show that the retrieval stage
does not always require the largest model to be ef-
fective. Even when a smaller model is used for
retrieval, it can still provide clinically relevant ev-
idence that improves a larger answer model. This
suggests that retrieval routing and answer gener-
ation play complementary roles: the retriever de-
termines whether the answerer receives useful evi-
dence, while the answerer determines how effec-
tively such evidence is used. Therefore, Med-
Chain benefits from balanced model allocation
across stages rather than scaling only a single com-
ponent.

4.6 Efficiency Analysis of Med-Chain (RQ6)

Table 2 reports the efficiency of Med-Chain in
terms of average time per query (TPQ) and token
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Figure 5: Effect of model scale and stage allocation
in Med-Chain. Rows indicate the retriever model
and columns indicate the answerer model. The upper
heatmap shows average accuracy across seven medical
QA benchmarks, while the lower heatmap shows the
gain over the same answerer without retrieval.

consumption per thousand queries (Token/KQ).
Med-Chain requires 0.38 seconds per query and
6.92M tokens per thousand queries. Although
it is more costly than lightweight baselines such
as GENREAD and MedRAG, the additional cost
comes from clinical-chain routing and verifier-
guided refinement. Compared with stronger iter-
ative RAG methods, Med-Chain remains efficient
and uses substantially fewer tokens than MedR-
GAG while achieving better overall performance.

23496



Table 2: Efficiency Comparison.

Method TPQ Token/KQ

CGAP 0.20s 2.36M
GENREAD 0.10s 1.52M
GRG 0.89s 7.14M
i-MedRAG 0.33s 6.45M
MedGENIE 0.26s 2.97M
MedRAG 0.11s 2.08M
MedRGAG 0.74s 10.59M

Ours 0.38s 6.92M

5 Conclusion

In this work, we present Med-Chain, a training-
free medical evidence retrieval framework that
retrieves evidence through inspectable and re-
pairable clinical-chain paths. By combining
Clinical-Chain Evidence Retrieval with Adaptive
Retrieval Refinement, Med-Chain reduces clinical
misalignment in flat retrieval, where lexically rel-
evant passages may fail to support the intended
medical decision. Experiments on seven medical
QA benchmarks demonstrate its effectiveness and
generalizability. These results highlight the impor-
tance of clinically structured and level-aware evi-
dence retrieval for reliable medical QA.

Limitations

Med-Chain has several limitations. Its effective-
ness depends on the coverage, quality, freshness,
and organization of the underlying medical cor-
pus, and missing or outdated sources may affect
both routing and retrieval. Since the evaluated
benchmarks provide answer labels but no gold sup-
porting guidelines or clinical paths, our results
demonstrate the downstream utility of the corpus
rather than directly validating its completeness or
hierarchical organization. Moreover, although the
retrieved sources are traceable, the summarizer
and answerer may still draw on parametric knowl-
edge. Med-Chain therefore supports retrieval-
level grounding but does not guarantee sentence-
level provenance for every generated statement.
Future work will focus on corpus validation, finer-
grained provenance tracking, verifier robustness,
and inference efficiency.
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A Appendix

A.1 Med-Chain Details

A.1.1 Guideline Corpus Construction

We construct a hierarchical guideline corpus as
the external evidence source for Med-Chain. We
collect 12.1K publicly available clinical guide-
line documents, medical reference documents, and
disease-specific reports, and convert all documents
into a unified markdown format. During conver-
sion, we preserve the original document structure
as much as possible, including titles, section head-
ings, subheadings, recommendation statements,
diagnostic criteria, and clinically meaningful para-
graph boundaries.

The corpus is organized into a three-level hierar-
chy under the guidance of clinical experts. Level
1 corresponds to broad clinical domains or body
systems, such as cardiology, respiratory medicine,
infectious diseases, endocrinology, neurology, and
oncology. Level 2 further groups documents by
disease category, clinical problem, or manage-
ment scenario, such as heart failure, arrhythmia,
pulmonary embolism, tuberculosis, diabetes, or
stroke. Level 3 corresponds to the concrete guide-
line or report document. This design follows
the common process of clinical evidence seeking:
identifying the relevant specialty, narrowing it to
a disease or clinical problem, and then consulting
the corresponding guideline. It also enables re-
trieval errors to be localized to the coarse domain,
subtopic, or document level for layer-aware refine-
ment.

We use DeepSeek-V3 to perform model-
assisted document classification. For each mark-
down document, the model is given the title,
source metadata, major headings, and a short con-
tent preview, and then assigns the document to the
most appropriate Level-1 and Level-2 categories.
Ambiguous, low-confidence, or overlapping cases
are reviewed and adjusted by clinical experts. Fi-
nally, each markdown document is segmented into
evidence chunks. We split documents according
to original section boundaries whenever possible,
and further divide long sections into chunks of
approximately 2,500 characters. Each chunk is
stored with its document title, section heading,
source path, and hierarchical breadcrumb for trace-
able retrieval.

Algorithm 1 Med-Chain Inference Procedure
Require: Question q, options O, hierarchical cor-

pus D, maximum rounds T
Ensure: Final answer ŷ

1: H0 ← ∅
2: (P0, E0)← Rchain(q,D;H0)
3: τ ← 0
4: for t = 1 to T do
5: vt ← V (q,O,Pτ , Eτ )
6: at ← π(vt)
7: Ht ← Ht−1 ∪ {(vt, at)}
8: if at = STOP then
9: break

10: else
11: (Pt, Et)← Rchain(q,D;Pτ , at,Ht)
12: τ ← t
13: end if
14: end for
15: Cτ ← Summarize(q,O, Eτ )
16: ŷ ← Gfinal(q,O, Cτ )
17: return ŷ

A.1.2 Med-Chain Pipeline
Algorithm 1 summarizes the inference procedure
of Med-Chain. Given a medical question and
a hierarchical guideline corpus, Med-Chain first
performs clinical-chain retrieval to select struc-
tured evidence paths and retrieve relevant evidence
chunks. At each refinement round, a verifier eval-
uates the current retrieval state, and a determinis-
tic controller selects either STOP or a level-aware
refinement action. If refinement is required, the
retriever is re-invoked using the current path, con-
troller action, and retrieval history. The process
terminates when the controller chooses STOP or
the maximum number of rounds is reached. Fi-
nally, the evidence from the last completed re-
trieval state is summarized into a compact context
for final answer generation.

A.2 Experiment Details
All experiments are implemented under the same
evaluation pipeline. Experiments are conducted
on 8 NVIDIA H20 GPUs with bfloat16 inference.
For multi-GPU inference, we use tensor/model
parallelism according to model size and GPU
memory capacity. The guideline corpus is prepro-
cessed offline, including markdown conversion, hi-
erarchical classification, and evidence chunking,
and is reused across all retrieval-based methods.

For RAG-style baselines, we follow their offi-
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cial configurations and implementation settings as
closely as possible, including their retrieval for-
mat, prompt template, number of retrieved docu-
ments, and evidence construction strategy. To en-
sure a controlled comparison, every LLM-based
module is instantiated with Qwen3.5-35B-A3B
while keeping the remaining pipeline unchanged.
All baselines are evaluated using the same scripts,
answer extraction rules, and metric computation as
our method. We use the original test split of each
benchmark and do not modify the data partition.

For each dataset, we report accuracy based on
the final parsed option letter. If the model output
cannot be parsed into a valid option, it is counted
as incorrect. This protocol is applied consistently
to all methods. For methods involving retrieval,
the retrieved evidence is provided only at infer-
ence time and no model parameters are updated
using the evaluation data.

The ablation studies focus on the retrieval com-
ponent of Med-Chain. We use Qwen3.5-35B-
A3B as the backbone model for retrieval rout-
ing, evidence-based answer generation, verifica-
tion, and final answer generation. To isolate the
effect of retrieval design, ARR is disabled for the
retrieval-strategy comparison, while the top-k sen-
sitivity analyses use a maximum refinement bud-
get of one step. Specifically, the retrieval-strategy
variants perform only the initial retrieval, whereas
the top-k variants allow at most one refinement
step. This setting allows us to separately evaluate
retrieval design and retrieval hyperparameter sen-
sitivity under controlled refinement budgets. We
compare variants such as flat retrieval, clinical-
chain retrieval without refinement, and alternative
evidence selection strategies under the same back-
bone model, prompt format, evidence budget, and
evaluation script.

A.2.1 Efficiency
We report the efficiency of different methods us-
ing two metrics: time per query (TPQ) and tokens
per thousand queries (Token/KQ). TPQ measures
the average wall-clock inference time required to
answer one query, including retrieval, intermedi-
ate reasoning or refinement steps, and final answer
generation. A lower TPQ indicates faster end-to-
end inference. Token/KQ measures the total num-
ber of input and output tokens consumed per 1,000
queries, which reflects the computational cost of
LLM calls. This metric is especially important
for methods that involve multiple retrieval, verifi-

cation, or generation stages.
All efficiency measurements were obtained on

8 NVIDIA H20 GPUs using bfloat16 inference.
Models were served with vLLM using batched in-
ference and 256 asynchronous workers. For N
completed queries, TPQ is calculated as T/N ,
where T is the total wall-clock time spent on on-
line inference. This interval covers retrieval, rout-
ing, verification, refinement, summarization, and
final answer generation, while one-time corpus
preprocessing and index construction are excluded.
Retrieval indices are reused across queries, and
no answer-generation or refinement outputs are
cached. Token/KQ aggregates the input and out-
put tokens from all LLM calls.

A.3 Human Evaluation Rubric
To further analyze retrieval quality, we conduct
a human evaluation on a subset of examples.
We sample 100 representative cases from MedX-
pertQA and ask two licensed clinicians to score
the retrieved evidence. Each retrieved evidence set
is evaluated along five dimensions: relevance, suf-
ficiency, specificity, discriminativeness, and veri-
fiability. Each dimension is scored from 0 to 5,
where 0 indicates that the retrieved evidence is
completely unhelpful and 5 indicates that the ev-
idence is highly useful for answering the question.
The dimensions are:

Relevance: Whether the retrieved evidence is
medically related to the question, including the
same disease, symptom, mechanism, test, treat-
ment, or clinical scenario.

Sufficiency: Whether the evidence provides
enough information to support answering the ques-
tion, rather than only mentioning a related topic.

Specificity: Whether the evidence is specific to
the target condition, population, diagnosis, treat-
ment, or management context, instead of being
overly general.

Discriminativeness: Whether the evidence
helps distinguish the correct option from plausible
distractors.

Verifiability: Whether the retrieved evidence is
traceable, explicit, and easy for users to inspect or
verify through the retrieved clinical path and doc-
ument source.

A.4 Path-Level Diagnostics
Because the datasets provide answer labels but no
gold clinical paths, we evaluate clinically accept-
able rather than exact paths. On 700 cases (100
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Figure 6: Path-level diagnostics on 700 cases. Hit@k
measures the percentage of cases in which a clini-
cally acceptable target appears in the top-k predic-
tions. Error-layer agreement measures agreement be-
tween the controller and the automatic judge on the ear-
liest erroneous layer.

per dataset), DeepSeek-V4-Flash judges the top-
3 domains, top-5 subtopics, top-5 terminal doc-
uments, and earliest erroneous layer. This diag-
nostic uses Qwen3.5-35B-A3B for both retrieval
and answering. Med-Chain achieves 53.29% Do-
main Hit@3, 42.57% Subtopic Hit@5, 38.14%
Document Hit@5, and 78.86% error-layer agree-
ment. Manual review of 150 judgments yields
92% human–judge agreement. Without gold paths,
these values are descriptive diagnostics rather than
standard accuracy.

A.5 Benchmark Details
This section introduces the medical benchmarks
used in our evaluation. These benchmarks cover
a wide range of difficulty levels, from standard
medical knowledge tests to expert-level clinical
reasoning and frontier academic evaluation. To-
gether, they assess LLMs’ capabilities in medical
knowledge recall, clinical decision-making, multi-
step reasoning, and robustness under challenging
question formats.

• HLE-Med. HLE-Med is the health and
medicine subset of Humanity’s Last Exam
(HLE), an expert-level closed-ended bench-
mark for evaluating LLMs on difficult aca-
demic medical questions. Each question has
a clear and verifiable answer, but typically re-
quires specialized biomedical or clinical rea-
soning rather than simple retrieval. It is use-
ful for assessing advanced medical reasoning
beyond conventional QA benchmarks.

• MedXpert-Text. MedXpert-Text is the text-

only subset of MedXpertQA, a challenging
expert-level medical benchmark covering 17
specialties and 11 body systems. It con-
tains carefully reviewed questions designed
through filtering, augmentation, synthesis,
and expert validation to reduce ambiguity
and data leakage. Compared with standard
benchmarks such as MedQA, it emphasizes
specialty-level clinical reasoning and compre-
hensive medical understanding.

• MMLU-Pro-Med. MMLU-Pro-Med is the
medical subset of MMLU-Pro, an enhanced
version of MMLU designed for more difficult
and reasoning-oriented evaluation. MMLU-
Pro improves upon the original MMLU by re-
moving noisy or overly simple questions, in-
creasing answer choices from four to ten, and
introducing more complex reasoning tasks.
As a result, MMLU-Pro-Med provides a
more discriminative evaluation of medical
knowledge and reasoning while reducing the
effect of random guessing.

• Medbullets. Medbullets is a recent medi-
cal multiple-choice QA benchmark consist-
ing of 308 USMLE Step 2/3-style clinical
questions collected from open-access posts
on X after April 2022. Each question in-
cludes a clinical vignette, five answer options,
and expert-written explanations for both cor-
rect and incorrect choices. Its recent construc-
tion makes it less likely to overlap with LLM
pre-training data and suitable for evaluating
both answer accuracy and explanation qual-
ity.

• SGPQA. SGPQA is the medical subset of Su-
perGPQA, a graduate-level benchmark span-
ning 285 disciplines. SuperGPQA uses a
Human–LLM collaborative filtering process
to remove trivial, ambiguous, or unreliable
questions through iterative refinement with
model responses and expert feedback. In the
medical domain, SGPQA evaluates special-
ized biomedical knowledge and clinical rea-
soning beyond standard medical QA tasks.

• MedQA-US. MedQA-US is the English
subset of MedQA, a multilingual medical
multiple-choice QA benchmark derived from
professional medical board exams. The full
MedQA dataset includes English, simplified
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Chinese, and traditional Chinese questions,
while MedQA-US is widely used to assess
English-language clinical knowledge, diag-
nostic reasoning, and board-exam-style med-
ical question answering.

• MMLU-Med. MMLU-Med is the medical
subset of the Massive Multitask Language
Understanding benchmark. It covers sub-
jects such as anatomy, clinical knowledge,
college medicine, medical genetics, and pro-
fessional medicine. Through multiple-choice
questions, it provides a standard evaluation of
broad medical knowledge and general medi-
cal reasoning ability in LLMs.

A.6 Baseline Details
We provide additional details on the general-
purpose and medical-domain LLMs, and retrieval-
augmented baselines used in this study:

• GPT-5.2 is OpenAI’s advanced frontier
model series designed for professional knowl-
edge work and long-running agentic tasks. It
shows strong capabilities in coding, tool use,
long-context reasoning, image understanding,
and artifact generation. These abilities make
it a representative general-purpose baseline
for professional, technical, and multimodal
tasks.

• Gemini-2.5-Pro/Flash is a multimodal rea-
soning model developed for coding, long-
context understanding, and agentic work-
flows. It can process complex multimodal in-
puts, including long video content, and per-
forms well on frontier reasoning and cod-
ing benchmarks. Its combination of reason-
ing, multimodality, and long-context capabil-
ity makes it suitable for complex problem-
solving tasks.

• DeepSeek-V4-Pro is a large Mixture-of-
Experts language model with efficient ac-
tivation of a subset of its parameters dur-
ing inference. It supports very long context
lengths and is designed for reasoning, cod-
ing, and long-horizon tasks. Its architecture
improves efficiency in long-context scenarios
while maintaining strong model capability.

• Qwen3.5 is a family of open-weight vision-
language models designed for reasoning, cod-
ing, agentic tasks, and multimodal under-

standing. The series adopts an efficient hy-
brid architecture that combines linear atten-
tion with sparse Mixture-of-Experts design.
In this study, we use the 4B, 9B, 27B, and
35B-A3B variants to evaluate different model
scales and efficiency settings.

• Llama-3.1 is a family of open foundation lan-
guage models supporting multilingual under-
standing, coding, reasoning, and tool use. Its
largest version supports long-context process-
ing and achieves competitive performance
with leading proprietary models on a variety
of tasks. It also explores extensions to multi-
modal capabilities through image, video, and
speech components.

• InternVL3 is an open-source multimodal
language model that jointly learns from mul-
timodal data and pure-text corpora. Unlike
models that add visual capabilities after text-
only pretraining, InternVL3 adopts a native
multimodal pre-training paradigm. This de-
sign improves visual-language alignment and
supports strong performance across diverse
multimodal reasoning tasks.

• Hulu-Med is a transparent generalist medical
vision-language model designed to integrate
medical text, 2D images, 3D volumes, and
videos in a unified architecture. It is trained
on large-scale public or synthetic medical
data across multiple anatomical systems and
imaging modalities. Hulu-Med also intro-
duces a token-reduction strategy to improve
efficiency for 3D and video inputs.

• HealthGPT is a medical vision-language
model that unifies medical visual understand-
ing and generation within an autoregressive
framework. It progressively adapts medical
comprehension and generation knowledge to
pretrained LLMs through specialized train-
ing strategies. HealthGPT is designed for
medical visual comprehension and genera-
tion tasks.

• Lingshu is a medical-specialized multimodal
large language model for medical visual ques-
tion answering, text-based QA, and report
generation. It uses a comprehensive data cu-
ration pipeline that combines medical imag-
ing, medical text, and general-domain data.
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Through multi-stage training and reasoning-
oriented data, Lingshu aims to improve med-
ical knowledge coverage, reduce hallucina-
tions, and enhance reasoning ability.

• MedDr is a generalist medical vision-
language foundation model designed for di-
verse healthcare modalities, including radi-
ology, pathology, dermatology, retinography,
and endoscopy. It uses a diagnosis-guided
bootstrapping strategy to construct medical
image-text data from image and label in-
formation. During inference, it further ap-
plies retrieval-augmented diagnosis to im-
prove generalization across medical tasks.

• MedRAG is a medical retrieval-augmented
generation framework enhanced by knowl-
edge graph-guided reasoning. It retrieves rel-
evant electronic health records based on pa-
tient manifestations and combines them with
structured diagnostic knowledge. This allows
the model to provide more specific diagnostic
and treatment support, especially for diseases
with similar clinical presentations.

• i-MedRAG is an iterative retrieval-
augmented generation framework for
medical question answering. Instead of
retrieving evidence only once, i-MedRAG
allows LLMs to ask follow-up queries across
multiple rounds. This iterative process
helps gather missing information and form
reasoning chains for complex medical
questions.

• GENREAD is a generate-then-read frame-
work for knowledge-intensive question an-
swering. It replaces or complements docu-
ment retrieval by prompting an LLM to gener-
ate contextual documents relevant to the ques-
tion. These generated contexts are then used
to support final answer generation.

• MedGENIE is a medical generate-then-read
framework for multiple-choice medical ques-
tion answering. It uses domain-specific mod-
els to generate relevant artificial contexts be-
fore answering questions. By providing addi-
tional medical background information, Med-
GENIE improves reasoning and answer accu-
racy on medical QA benchmarks.

• GRG is a Generator-Retriever-Generator
framework for open-domain question answer-
ing. It first generates contextual documents
using an LLM and retrieves relevant docu-
ments from an external corpus in parallel.
The generated and retrieved evidence are then
combined to support final answer generation.

• CGAP is a two-stage closed-book question
answering framework that uses the knowl-
edge stored in pretrained language models.
It first prompts the model to generate a rele-
vant context for the question, and then uses
this context to produce the answer. This
coarse-to-fine process helps activate paramet-
ric knowledge without relying on external re-
trieval.

• MEDRGAG is a unified retrieval–generation
augmented framework for medical question
answering. It combines retrieved exter-
nal knowledge with generated background
knowledge from the model. By selecting use-
ful evidence from both sources, MEDRGAG
aims to reduce incomplete retrieval and un-
reliable generation, improving the robustness
of medical reasoning.
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Table 3: Ablation results for C2R.

Method Retrieval HLE-Med MedXpert-Text MMLU-Pro-Med Medbullets SGPQA MedQA-US MMLU-Med Avg

Ours(Qwen3.5-35B-A3B)

No-Retrieval 8.5 20.6 69.3 58.1 43.4 73.9 86.4 51.5
BM25 9.2 23.6 62.5 71.0 42.5 75.6 79.9 52.0
MedCPT 8.9 23.9 65.6 60.5 42.5 77.2 82.5 51.6
e5 9.9 25.0 65.9 57.3 41.5 75.8 79.6 50.7
C2R 9.2 27.7 73.3 72.6 50.5 84.1 87.1 57.8

Table 4: Ablation results for ARR.

Method ARR HLE-Med MedXpert-Text MMLU-Pro-Med Medbullets SGPQA MedQA-US MMLU-Med Avg

Ours(Qwen3.5-35B-A3B) w/o 9.2 27.7 73.3 72.6 50.5 84.1 87.1 57.8
w 10.6 30.0 76.6 72.6 51.9 88.8 91.6 60.3

Table 5: Ablation results for top-k paths.

Method Top-k Path HLE-Med MedXpert-Text MMLU-Pro-Med Medbullets SGPQA MedQA-US MMLU-Med Avg

Ours(Qwen3.5-35B-A3B)
1 9.2 27.2 72.5 67.7 49.6 84.5 87.9 57.0
3 8.5 28.1 72.3 70.2 49.7 84.2 87.0 57.1
5 10.3 28.5 72.3 72.6 51.1 83.9 86.6 57.9

Table 6: Ablation results for top-k evidence blocks.

Method Top-k Evidence Block HLE-Med MedXpert-Text MMLU-Pro-Med Medbullets SGPQA MedQA-US MMLU-Med Avg

Ours(Qwen3.5-35B-A3B)
1 9.9 26.9 75.2 66.9 48.8 84.3 86.6 57.0
3 10.3 28.5 72.3 72.6 51.1 83.9 86.6 57.9
5 9.9 27.1 71.9 73.4 48.6 85.2 87.8 57.7

Table 7: Ablation results for top-k child nodes.

Method Top-k Child Nodes HLE-Med MedXpert-Text MMLU-Pro-Med Medbullets SGPQA MedQA-US MMLU-Med Avg

Ours(Qwen3.5-35B-A3B)
1 9.2 27.5 74.5 66.1 49.9 84.7 87.5 57.1
3 10.3 28.5 72.3 72.6 51.1 83.9 86.6 57.9
5 9.9 27.3 73.5 71.0 48.4 83.5 85.6 57.0

Table 8: Performance under different retriever and answerer combinations.

Retriever Answerer HLE-Med MedXpert-Text MMLU-Pro-Med Medbullets SGPQA MedQA-US MMLU-Med Avg

— Qwen3.5-4B 11.0 15.1 53.2 41.9 27.3 57.6 72.8 39.8
— Qwen3.5-9B 10.6 18.2 61.7 56.5 33.1 67.7 83.4 47.3
— Qwen3.5-27B 7.5 27.5 75.9 64.5 51.1 85.3 91.3 57.6
— Qwen3.5-35B-A3B 8.5 20.6 69.3 58.1 43.4 73.9 86.4 51.5

Qwen3.5-4B Qwen3.5-4B 11.7 20.2 66.1 59.7 36.8 79.0 85.4 51.3
Qwen3.5-4B Qwen3.5-9B 12.1 21.6 69.3 62.9 39.1 80.8 86.7 53.2
Qwen3.5-4B Qwen3.5-27B 10.3 24.7 74.5 74.2 44.2 86.4 90.0 57.8
Qwen3.5-4B Qwen3.5-35B-A3B 11.0 22.8 71.5 67.7 42.2 84.1 88.4 55.4

Qwen3.5-9B Qwen3.5-4B 11.0 22.6 69.3 70.2 40.4 82.0 87.6 54.7
Qwen3.5-9B Qwen3.5-9B 11.7 24.1 71.5 68.6 42.7 83.4 88.7 55.8
Qwen3.5-9B Qwen3.5-27B 8.2 28.2 75.5 71.8 48.4 86.8 90.8 58.5
Qwen3.5-9B Qwen3.5-35B-A3B 8.9 25.8 72.9 69.4 46.2 85.5 90.0 57.0

Qwen3.5-27B Qwen3.5-4B 9.2 30.9 77.4 74.2 53.5 87.8 89.7 60.4
Qwen3.5-27B Qwen3.5-9B 10.6 32.9 78.1 74.2 54.4 89.5 91.1 61.6
Qwen3.5-27B Qwen3.5-27B 9.2 34.7 78.7 77.4 56.6 90.3 93.2 62.9
Qwen3.5-27B Qwen3.5-35B-A3B 11.0 32.1 78.6 75.8 55.5 89.5 92.1 62.1

Qwen3.5-35B-A3B Qwen3.5-4B 9.2 28.2 74.1 70.2 47.6 86.1 89.5 57.8
Qwen3.5-35B-A3B Qwen3.5-9B 12.4 30.0 74.5 71.0 50.2 88.1 91.2 59.6
Qwen3.5-35B-A3B Qwen3.5-27B 9.2 33.1 77.4 75.8 53.8 90.6 92.6 61.8
Qwen3.5-35B-A3B Qwen3.5-35B-A3B 10.6 30.0 76.6 72.6 51.9 88.8 91.6 60.3
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Level1 Router Prompt Level2/Doc Router Prompt

You are a medical retrieval router.

Task:
Choose the single best directory to 
search first in order to answer the 
medical multiple-choice question.

Return valid JSON in exactly this format:
{
    "best_directory": "DirectoryName",
    "reason": "one concise sentence"
}

Question:
{question}

Available directories:
{directories}

You are a medical hierarchical retrieval router.

Task:
Given a medical multiple-choice question, the 
current node in a topic hierarchy, and its child 
options, choose the single best next child node 
to search.

Return valid JSON in exactly this format:
{
    "best_child": "ChildNodeName",
    "reason": "one concise sentence"
}

Question:{question}

Current node: {current_node}

Available child options:{child_options}

Figure 7: Prompts Used by Med-Chain Routers

Table 9: Institutes/platforms and corresponding links for guideline document collection.

Country/Region Institute/platform Website

United States U.S. Centers for Disease Control and
Prevention

www.cdc.gov

United States Emergency Care Research Institute home.ecri.org
United Kingdom National Institute for Health and Care

Excellence
www.nice.org.uk

United States U.S. Preventive Services Task Force www.uspreventiveservicestask
force.org/uspstf/home

International World Health Organization www.who.int
International PubMed pubmed.ncbi.nlm.nih.gov/
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Verifier Prompt

You are a conservative verifier for a medical RAG retrieval pipeline.

Your job has two separate parts:
1. Judge evidence quality for answering the exact multiple-choice question.
2. Decide whether another retrieval attempt is likely to improve the evidence.

Important distinction:
- Evidence can be insufficient or non-discriminative even when retrieval is structurally acceptable.
- Do NOT request another retrieval just because the evidence is incomplete.
- Continue retrieval only when the selected path/document is clearly off-topic, wrong population/anatomy/disease/task, or a nearby 
document/branch is likely to fix the mismatch.
- If the evidence is broadly relevant but not enough to decide the answer, set has_retrieval_error=false and continue_retrieval=false.
- If several previous attempts would likely keep cycling among unrelated documents, set continue_retrieval=false.

Question: {question}
Options: {options}
Retrieval path context: {retrieval_path_context}
Evidence blocks: {evidence_blocks}
Return valid JSON only, exactly one object, with this schema:
{
  "evidence_quality": {
    "relevance": 0.0,
    "sufficiency": 0.0,
    "specificity": 0.0,
    "discriminative": 0.0,
    "reason": "short explanation"
  },
  "retrieval_error": {
    "has_retrieval_error": false,
    "error_layer": "coarse_topic|subtopic|doc|none",
    "reason": "short explanation"
  },
  "continue_retrieval": false,
  "continue_reason": "short explanation",  
  "confidence": 0.0,
}

Layer definitions:
- coarse_topic: the selected top-level medical area is broadly wrong.
- subtopic: the broad area is right but the narrower branch is wrong.
- doc: the branch is plausible but the chosen document is wrong and another document in the branch is likely better.
- none: retrieval is acceptable or another retrieval is unlikely to help.

Figure 8: Prompts Used by Med-Chain Verifier
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Summarizer Prompt

You are a medical evidence/context summarizer.

Given a medical question, answer options, and retrieved guideline evidence,
produce the final context that is useful for answering the question.

The final output should be context only.

Core rules:
- Do not answer the question.
- Do not predict the final answer.
- Do not mention answer letters.
- Do not add unsupported claims as if they came from retrieved evidence.
- Retrieved evidence is authoritative.
- Generated background knowledge is auxiliary and should only be used when critical knowledge is missing from the retrieved evidence.
- Do not include irrelevant evidence.
- If retrieved evidence contains no useful information, you may include only concise background knowledge that is necessary to understand the 
medical concept, diagnostic criterion, treatment threshold, or differentiating concept needed for the question.
- Do not fabricate citations.
- Do not include reasoning steps, selection rationale, JSON, headings like "useful facts", or metadata.
- Keep the context concise and clinically focused.

Internal procedure:
1.   Extract only the retrieved evidence facts that are directly useful for answering the question.
2.   If the retrieved evidence is incomplete, identify the critical missing medical knowledge needed to answer the question.
3.   Generate concise auxiliary background notes only for those missing knowledge points.
4.   Select the most useful retrieved facts and, if needed, auxiliary notes.
5.   Prefer retrieved evidence whenever it directly supports the answer.
6.   Exclude generated notes that conflict with retrieved evidence.
7.   Output only the final integrated context.

Question:
{question}

Options, if provided:
{options}

Retrieved evidence:
{retrieved_evidence}

Return JSON only:

{
  "evidence": "concise context statement",
}

Figure 9: Prompts Used by Med-Chain Summarizer
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