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Model Number of parameters Open Medical
Llama 3.2 1B Yes No
Llama 3.1 8B Yes No
MedGemma, 27B Yes Yes
Gemma, 3 27B Yes No
Llama 3.3 70B Yes No
Meditron 3 70B Yes Yes
Med42-v2 70B Yes Yes
NVLM-D 72B Yes No
Gemini 2.5 pro Not disclosed No No
Claude 3.5 Sonnet v2 Not disclosed No No
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3.1-8B-Instruct (3.8) XFEMBLAIAEX — A HI R R 47, SR, XLURIRIAE R B H R ATRMRRYEE 2 M5
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Model Comprehension  Reasoning  Knowledge Demographic Harmfulness MedSynF1
Recall Bias
Med42-70B 3.61 £+ 0.06 3.45 £ 0.06 3.9+ 0.03 4.98 £ 0.0 4.55+0.03 0.14 £ 0.0
Meditron 3-70B 3.63 £ 0.1 34+011 3.9+0.05 5.0 £ 0.0 4.68 £ 0.05 0.23 £+ 0.02
NVLM-70B 3.4+ 0.07 3.19 £ 0.07 3.66 £+ 0.02 5.0 £ 0.0 433 £0.03 0.16 £ 0.0
Claude 3.5 Sonnet 4.08 £+ 0.09 3.98 £ 0.09 4.43 £ 0.05 5.0 £ 0.01 4.85 £0.02 0.17 £ 0.0
Llama 3.1-8B-Instruct 3.42 £+ 0.08 3.17 £0.13 3.66 + 0.09 5.0 £ 0.0 447 +0.03 0.2 +£0.01
Llama 3.3-70B-Instruct 3.89 £+ 0.06 3.68 £0.08 4.21 £0.03 5.0+ 0.0 4.82 £0.03 0.21 £ 0.01
Gemini 2.5 Pro 4.12 £ 0.03 4.03 £0.06 4.49 +£0.04 4.99+0.02 491 £0.02 0.2240.01
Gemma 3 27B 3.63 £ 0.03 3.51 £0.03 3.94 £ 0.05 5.0 £ 0.01 4.59 £ 0.03 0.19 £0.0
MedGemma 27B 3.96 £ 0.06 3.87 £0.08 4.38 £0.07 5.0+ 0.0 4.84 £0.07 0.18 £0.0
Llama 3.2-1B-Instruct 2.18 £ 0.09 1.83 £0.09 2.13+0.13 497+0.02 3.41+0.16 0.15+£0.01

Rephrased Gold Answers 4.71 £ 0.04 4.73 £ 0.03 4.93 £ 0.01 5.0 £ 0.0 4.98 + 0.0 0.53 £ 0.0

Table 2. fAIVERR RS DA FEUAT S B0 TIIE A IGE AR ABREL A B 5 IR B AREE TR . NREEHIHW,
34 H Llama 3.2-1b-Instruct 34348 - LB (FIR) AIMEHESEE - UP (LBR).

MedGPT1 MedGPT2 MedGPT3
5 5 5
4 4 4 [
o I I
8 I |
» 3 3 I 3
[
o
2
D2 2 2
=
1 1 1
0 0 0
Category 1 Category 2 Category 3 Category 1 Category 2 Category 3 Category 1 Category 2 Category 3
Model
mmm Rephrased Gold Answers B |lama 3.3-70B-Instruct Llama 3.1-8B-Instruct
s Gemini 2.5 Pro . Med42-70B s NVLM-70B
mmm MedGemma 27B . Meditron 3-70B B | lama 3.2-1B-Instruct
mmm Claude 3.5 Sonnet mmm Gemma 3 27B

Fig. 1. Comparative performance of LLMs across comprehension (MedGPT 1), reasoning (MedGPT 2), and
knowledge recall (MedGPT 3). Individual scores for each HIV questionnaire category are shown. The
upper bound is represented by rephrased gold answers. Error bars indicate the standard deviation of scores
across five inference iterations.
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B M2, TEMERSIERIT ST L2 PR, AW e s i n (5 B f, XA
PRI ME R AT . BB A0, R MZ R GE & R — NI IER S R, SRR A SR, L2 T, TS
AJREPS I 2 B S0 7 TR B S I R e . Med GPT3-knowledge 7] G PH B 85 W 14 VA A v 1T 32 2t
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Decrease in MedGPT Score Across Categories (1-3) per Model
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Fig. 1. Average MedGPT score (computed across the five evaluation dimensions) changes from Category 1 to

Category 3 for each model. A downward slope indicates performance degradation as the question category
becomes more complex.
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Fig. 2. Unsupervised versus supervised MedGPT. Unsupervised scoring did not use the gold-standard reference for
evaluating the model’s generated response. The lack of a reference answer leads to overoptimistic scores.
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Prompt to generate GPT dictionary

“You are working as a synonym dictionary for precise medical terms. For medical terms, especially medications,
synonyms should only include chemical names, brand names, or closely related alternative scientific terms—avoid
broader pharmacological categories. For each input term, provide a list of synonyms. Your answer should be provided
in the following format (give maximum a set of 5 synonyms and don't generate any other information):\n{\n
\"term_I1\": [\"synonym_1\", \"synonym_2\", \"synonym_3\"]\n \"term_2\": [\"synonym_1\", \"synonym_2\",
\"syronym_3\", \"synonym_4\", \"synonym_5\"[\n}"”’
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