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MedJudgeRAG Framework

Vanilla RAG can perform worse than no retrieval in medical MCQA. Structure evidence. Judge options. Decide knowledge use.
* RAG can improve domain-specific QA by supplying external evidence. « MedJudgeRAG turns retrieved documents into structured, option-wise
However, Medical MCQA requires more than simple fact recall. evidence judgments before selecting an answer.
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* Deciding how retrieved evidence should influence final answer selection.

Distill structured reasoning. Let the KG guide, not dominate.

* Ateacher LM generates structured reasoning traces.
D KG > 2 option-wise evidence judgment > (3 decision > @) answer

* Astudent LM is trained with supervised fine-tuning on teacher-generated

traces.

Training

« Step 1. Dynamic Knowledge Graph (KG) Construction
Retrieved documents are structured into a question-focused dynamic KG.
Entities and relations are traced to source document indices.

e Step 2. Option-wise Evidence Judgment
For each answer option, the model assigns one of three verdicts.

(1) SUPPORTED: evidence supports the option as correct.
(2) CONTRADICTED: evidence rules out the option.
(3) INSUFFICIENT: evidence is insufficient to decide.

« Step 3. Three-Way Knowledge Utilization Decision
Based on the verdict combination, the model selects how to use retrieved

evidence.
 We use a segment-weighted cross-entropy loss: :
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Training

> Setting:  QLoORA+ ZeRO-2, 3 epochs, max_seq_len =8,192
> Data: Mistral: 3,479 samples (3,148 train / 331 validation)
Llama: 3,559 samples (3,222 train / 337 validation)

* Across both Mistral and Llama backbones, MedJudgeRAG improves over
vanilla RAG using the same retriever and retrieved documents.

Ablation

KG works best as supervision, not output.

Graph-conditioned supervision improves answer accuracy, while mandatory explicit KG decoding can reduce generation robustness.
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Explicit KG decoding is not always optimal. The dynamic KG is most effective as graph-conditioned
supervision during training, rather than as a mandatory explicit output at inference time.

Mistral * Implicit KG decoding skips KG generation at inference but retains the reasoning behavior learned from
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