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Abstract

Medical reasoning in large language models
seeks to replicate clinicians’ cognitive pro-
cesses in interpreting patient data and making
diagnostic decisions. However, widely used
benchmarks—such as MedQA, MedMCQA,
and PubMedQA—mix questions that require
multi-step reasoning with those answerable
through factual recall, complicating evaluation.
We introduce an expert-validated evaluation
framework that disentangles knowledge recall
from reasoning by training a PubMedBERT-
based classifier and applying it to 11 widely
used biomedical QA benchmarks. This frame-
work reveals that only 32.8% of questions
require multi-step reasoning, indicating that
current evaluations largely measure factual
recall. Stratified evaluation of biomedical
models (HuatuoGPT-01, MedReason, m1) and
general-domain models (DeepSeek-R1, o4-
mini, Qwen3) consistently shows lower per-
formance on reasoning-heavy than knowledge-
heavy questions (e.g., HuatuoGPT-01: 56.9%
on knowledge vs. 44.8% on reasoning). Be-
yond aggregate accuracy, we assess robust-
ness through adversarial evaluations in which
models are prefixed with uncertainty-inducing,
incorrect statements; biomedical reasoning
models degrade sharply in this setting (e.g.,
MedReason: 50.4% — 24.4%), with de-
clines especially pronounced on reasoning-
heavy questions. Finally, we show that fine-
tuning on high-quality, reasoning-heavy exam-
ples augmented with adversarial traces, fol-
lowed by reinforcement learning with GRPO,
improves both robustness and accuracy across
knowledge and reasoning subsets within our
evaluation framework. !

1 Introduction
Medical reasoning is a complex cognitive pro-
cess through which clinicians interpret patient data,
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apply biomedical knowledge, and make diagnos-
tic and therapeutic decisions (Croskerry, 2009;
Shin, 2019). Unlike medical knowledge—which
consists of facts learned in the classroom set-
ting—reasoning requires dynamically applying
learned knowledge to uncertain and context-
specific scenarios. While knowledge retrieval may
be straightforward when symptoms map directly to
known diseases, real-world cases are rarely so clear-
cut. Patients often present with atypical symptoms,
comorbidities, or ambiguous findings, demanding
reasoning that extends beyond memorization (Ben-
ner et al., 2008; Stolper et al., 2021).

Medical reasoning models aim to mimic the
clinician’s cognitive process of interpreting clin-
ical information, generating diagnostic hypotheses,
and formulating treatment decisions. While rea-
soning in LL.Ms has seen substantial progress in
domains like math and coding (Guo et al., 2025;
Jaech et al., 2024), its application in the medical do-
main remains relatively new. Recent models such
as HuatuoGPT-o1 (Chen et al., 2024b), MedRea-
son (Wu et al., 2025a), and m1 (Huang et al.,
2025) attempt to bridge this gap by distilling rea-
soning traces from general reasoning models and
fine-tuning on biomedical tasks using supervised
fine-tuning (SFT) and reinforcement learning (RL).
While these efforts mark important steps toward
developing LL.Ms capable of medical reasoning,
the extent to which they succeed remains unclear,
in large part because existing evaluations do not
separate factual recall from reasoning ability.

This uncertainty stems in part from the nature of
commonly used evaluation benchmarks. Datasets
such as MedQA (Jin et al., 2021), MedMCQA (Pal
et al., 2022), MedBullets (Chen et al., 2024a), and
PubMedQA (Jin et al., 2019) are frequently used to
assess medical reasoning (Chen et al., 2024b), yet
they contain a mix of question types. Some ques-
tions require medical reasoning (e.g., “A newborn
presents with cyanosis, oligemic lung fields, and a
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Knowledge-Heavy Questions

Q1. A patient presented to the hospital with
severe hydrophobia. You suspect rabies and
obtained corneal scrapings from the patient.
What test should be done on this specimen for
a diagnosis of rabies?

Q2. Which type of movement is most asso-
ciated with the development of the overuse
syndrome known as athletic pubalgia?

Q3. Why is genetic drift less important in
human evolution at present than it was twenty
thousand or more years ago?

Q4. Poisoning by which element causes blind
staggers alkali disease in livestock?

QS. A 4-year-old boy with Klippel-Feil syn-
drome has elevation of the left scapula since
birth. Spine radiographs show no evidence of
scoliosis. What shoulder motion is likely to be
most limited?

Reasoning-Heavy Questions

Q1. A 45-year-old mechanic presents to the
emergency department complaining of acute-
onset shortness of breath while repairing a
plowing tractor for his neighbor. The pa-
tient denies having any history of asthma or
respiratory symptoms, and does not smoke.
His temperature is 99.8°F (37.7°C), pulse is
65/min, blood pressure is 126/86 mmHg, and
respirations are 20/min. His oxygen satura-
tion is 97%. On exam, he is pale and di-
aphoretic. His pupils are contracted. Diffuse
wheezes are noted in all lung fields. What is
the best treatment for his condition?

Q2. A 16-day-old girl was brought to the
emergency department with lethargy. Physi-
cal exam showed tachypnea and marked hep-
atomegaly, as well as small hemangiomas on
the skin. TSH was elevated. MRI showed
numerous hepatic lesions and cardiomegaly.
What is the most likely diagnosis?

Figure 1: Representative examples of knowledge-heavy and reasoning-heavy questions, sampled from benchmark
datasets. Knowledge-heavy questions tend to be shorter and require direct factual recall, whereas reasoning-heavy
questions are typically longer, involving multi-step inference.

normal-sized heart—what is the most likely diag-
nosis?”), while others are solvable through straight-
forward factual recall (e.g., “Which gene regulates
dentin mineralization?”). This heterogeneity makes
it difficult to accurately measure a model’s rea-
soning capabilities: performance gains on these
benchmarks may reflect better recall rather than im-
proved reasoning, and mixed evaluations obscure
where models truly succeed or fail. To rigorously
assess and advance medical reasoning in LLMs, it
is therefore essential to disentangle reasoning from
simple knowledge retrieval and to evaluate models
separately on each question type.

Robustness testing is crucial for assessing medi-
cal reasoning models, particularly their ability to re-
cover from incorrect assumptions. Clinicians often
begin with heuristic-based impressions that must
be revised as new information becomes available
(Scott, 2009; Yazdani and Hoseini Abardeh, 2019).
While adversarial testing is common in general
Al (Bullwinkel et al., 2025), its use in medicine
is limited, and even state-of-the-art models like
GPT-4 can fail under clinical stress tests (Chang
et al., 2025). General models such as GPT-40 and

DeepSeek-R1 show emerging backtracking abil-
ities through extended inference and verification
(Guo et al., 2025; Jaech et al., 2024), and biomedi-
cal models have begun adopting similar strategies
(Wu et al., 2025a; Huang et al., 2025). Whether
they can reliably recover from flawed reasoning,
however, remains unclear—making stress-testing
on carefully stratified knowledge versus reasoning
subsets essential for developing trustworthy sys-
tems.

Our work. We propose an evaluation frame-
work for biomedical QA that separates knowledge-
heavy from reasoning-heavy questions and uses
this stratification to analyze model performance, ro-
bustness, and training strategies. At the core of this
framework is a PubMedBERT classifier fine-tuned
on MedXpert to predict whether a question pri-
marily requires factual recall or multi-step reason-
ing. Validated against gold-standard annotations
and two medical experts, the classifier achieves
human-level agreement (~81%) and generalizes
to 11 widely used biomedical QA benchmarks,
where we find that only 32.8% of questions are
reasoning-heavy. Using this stratification, we eval-
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uate biomedical models (e.g., HuatuoGPT-o1) and
strong closed-source models (e.g., GPT-04-mini),
consistently observing a performance gap—for in-
stance, HuatuoGPT-o01 scores 56.9% on knowledge-
heavy questions vs. 44.8% on reasoning-heavy
ones, while GPT-04-mini drops from 77.0% to
68.9%.

Built on the same stratified benchmarks, our
framework next introduces a robustness test where
models are prefixed with incorrect or uncertainty-
inducing answers and asked to reconsider. Biomed-
ical reasoning models degrade substantially in this
setting (e.g., MedReason drops from 50.4% to
24.4%), while larger general-domain models show
greater resilience. The performance decline is
more pronounced on reasoning-heavy questions,
highlighting the brittleness of current medical rea-
soning capabilities. Encouragingly, we find that
smaller biomedical models can partially recover
performance with minimal training on adversarial
traces.

Finally, we use our framework to study how
training strategies affect reasoning-specific perfor-
mance. We find that augmenting datasets with
reasoning-heavy problems and a small number
of adversarial samples leads to stronger medical
reasoning models. We expand the m23k med-
ical reasoning dataset—which empirically per-
formed best—with 7,627 additional reasoning-
heavy questions filtered from MedQA-USMLE,
MedMCQA, and HeadQA (Vilares and Gémez-
Rodriguez, 2019) using our classifier, and incorpo-
rate a small set of adversarial traces during SFT. We
then train two model variants with a combination
of SFT and RL: BioMed-R1-8B, based on Llama-
3.1-8B-Instruct, and BioMed-R1-32B, based on
Qwen2.5-32B-Instruct. BioMed-R1-8B achieves
the strongest overall and adversarial performance
among similarly sized biomedical LL.Ms, while
BioMed-R1-32B surpasses all other biomedical
models in its class—including MedGemma-27B
(Sellergren et al., 2025)—and rivals HuatuoGPT-
01-70B, despite being less than half its size and
trained on substantially less data. Together, these
results show that disentangling knowledge and rea-
soning is not only conceptually important but also
practically necessary for evaluating biomedical
LLMs and designing effective training curricula.

2 Evaluation Framework

We begin by curating and cleaning the evaluation
datasets, followed by two evaluation tasks: (1) dis-
entangling knowledge from reasoning to assess
reasoning-specific performance, and (2) testing
model robustness by injecting adversarial traces
to evaluate self-correction. An overview of the full
workflow is shown in Figure 2.

2.1 Evaluation Data Curation

We curate 11 widely used benchmarks for assess-
ing biomedical LLM reasoning. These include
established English MCQ datasets such as MedQA-
USMLE (Jin et al., 2021), PubMedQA (Jin et al.,
2019), and MedMCQA (Pal et al., 2022); sci-
ence transfer sets like MMLU-Pro (Wang et al.,
2024) and GPQA (Rein et al., 2024); smaller QA
sets from The Lancet, NEJM, and MedBullets
(Chen et al., 2024a); and recent reasoning bench-
marks MedXpertQA (Zuo et al., 2025) and HLE
(Phan et al., 2025). While our primary focus is
on multiple-choice QA for consistency with prior
work, we also include two open-ended datasets:
BioASQ-QA (Krithara et al., 2023), which mainly
tests factual recall, and MedCaseReasoning (Wu
et al., 2025b), which emphasizes multi-step diag-
nostic reasoning. Additional details about these
dataset is provided in Section B.

2.2 Disentangling Benchmark Questions

While medical problem-solving involves both
knowledge and reasoning, distinguishing between
them is essential for identifying where models fall
short. Stratifying questions allows us to assess
whether reasoning-focused SFT datasets genuinely
improve reasoning or merely reinforce factual re-
call. Rather than aiming for perfect separation,
our goal is a practical division into predominantly
reasoning- or knowledge-heavy subsets to enable
more targeted analysis of model behavior.

To this end, we leverage the MedXpertQA
dataset (Zuo et al., 2025), which includes annota-
tions labeling each question as either requiring med-
ical reasoning or knowledge. Of the 2,460 samples
in the dataset, 1,861 are labeled as reasoning and
589 as knowledge. We fine-tuned PubMedBERT (Gu
et al., 2021) on this dataset for 10 epochs using a
learning rate of 1 x 107> and a batch size of 16.
We randomly held out 100 examples for valida-
tion and another 100 for testing (with a balanced
50/50 split between reasoning and knowledge), us-
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Figure 2: Our evaluation pipeline. (A) A PubMedBERT classifier is trained on MedXpert to distinguish between
knowledge- and reasoning-heavy questions. (B) The classifier achieves 81% agreement with both gold-standard
labels and expert annotations. (C) We apply it across benchmarks to stratify question types, revealing consistent
performance gaps. Finally, we test robustness under adversarial prompts and find most models struggle to recover.

ing the remaining examples for training. The model
achieved 77.5% accuracy on the validation set and
81% accuracy on the held-out test set. To ensure ro-
bustness, we also compared PubMedBERT against
a range of alternative classifiers, including linear
baselines, general-domain encoders, biomedical
encoders, and large decoder models. As summa-
rized in Supplementary Table S1, PubMedBERT
achieved the highest average performance across
both in-domain and out-of-distribution splits, justi-
fying its use for large-scale stratification.
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Figure 3: Accuracy of the PubMedBERT classifier, med-
ical experts, and a word-count baseline on MedXpert
and OOD datasets. PubMedBERT matches expert-level
accuracy (81% on MedXpert, 85% OOD).

To assess the subjective nature of the task, we
asked two medically trained annotators to label the
same 100 held-out test samples (see Appendix D
for full annotation details). Annotators were pro-
vided with short guidelines defining reasoning-
heavy questions as those requiring multi-step clin-
ical reasoning, synthesis of multiple findings, or
diagnostic judgment, and knowledge-heavy ques-
tions as those solvable by recalling a single biomed-

ical fact or concept. In ambiguous cases, annotators
were instructed to apply their clinical judgment. As
shown in Figure 3, the annotators achieved 79%
accuracy relative to the MedXpert labels, and the
PubMedBERT classifier achieved 81% agreement
with both MedXpert and expert annotations. These
results highlight the inherent subjectivity of the task
and show that the classifier performs at a level com-
parable to human annotators. Visual comparisons
are shown in Figures S1 to S3

Representative examples of knowledge- and
reasoning-heavy questions are shown in Figure 1.
Reasoning-heavy questions tend to be much longer
than knowledge-heavy ones. We illustrate this dif-
ference through the word count distribution in Fig-
ure S4. To test this correlation, we trained a logistic
regression model that uses word count as input to
predict reasoning probability. As shown in Fig-
ure 3, this simple baseline achieves a notable 72%
accuracy. While the PubMedBERT classifier sig-
nificantly outperforms it, the baseline supports the
observation that reasoning questions generally re-
quire longer context problem or statements. We
further present representative correct and failure
cases of our classifier in Figures S5 to S7.

We applied the PubMedBERT classifier to the
remaining biomedical QA benchmarks to estimate
the distribution of reasoning- versus knowledge-
heavy questions. To assess generalization, we sam-
pled 100 questions from outside the MedXpert
dataset (50 predicted as reasoning, 50 as knowl-
edge) and had them blindly annotated by medical
experts. As shown in Figure 3, the model achieved
85% agreement with the experts, further supporting
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its robustness despite the inherent subjectivity of
the task. Overall, we find that only 32.8% of ques-
tions across all benchmarks are reasoning-heavy
(Figure 2). A detailed breakdown across individual
benchmarks is provided in Table S2.

2.3 Robustness Testing

To reach a diagnosis, clinicians often begin with
an initial diagnostic impression—shaped by heuris-
tics, primary presenting symptoms, or prior experi-
ence—which is iteratively refined as more informa-
tion becomes available. These early impressions
are not always correct: clinical data may be incom-
plete, ambiguous, or misleading, requiring iterative
re-evaluation and revision. Our robustness evalu-
ation mimics this dynamic by prompting models
with an incorrect initial hypothesis and assessing
whether they can recover to produce the correct an-
swer. This ability is not only important for model
safety but also clinically meaningful: reasoning
models may one day serve as diagnostic copilots,
helping clinicians re-evaluate uncertain decisions.
Thus, strong adversarial robustness reflects not just
model reliability under stress, but a foundational
requirement for safe and collaborative deployment.

To test this, we introduce adversarial reason-
ing traces that simulate an initial flawed hypoth-
esis. Specifically, we prefill the model’s input with
an uncertainty-inducing statement—e.g., “Hmm, I
think the answer is {incorrect answer}, but I am
not sure. Let me think more.”—immediately before
generation, as shown in Figure S9. We construct
three variants of this adversarial trace, each contain-
ing a different incorrect answer (Figure S10), and
report model performance averaged across them.
These prompts are designed to nudge the model
toward an incorrect reasoning path while still al-
lowing for course correction.

3 Experiments and Results

3.1 Model Training

While recent medical reasoning models such as
HuatuoGPT-01 (Chen et al., 2024b), MedRea-
son (Wu et al., 2025a), and m1 (Huang et al., 2025)
release their fine-tuned models, we chose to retrain
them from scratch. This decision was driven by
three considerations. First, some released mod-
els include additional RL steps beyond SFT (e.g.,
HuatuoGPT-01), complicating comparisons of rea-
soning capabilities learned primarily through SFT.
Second, several training datasets contain bench-

mark test questions—such as MedReason over-
lapping with MedXpert and HLE, or ml over-
lapping with PubMedQA—raising concerns about
data leakage. We filtered the SFT datasets by re-
moving any known overlaps with evaluation bench-
marks, using dataset-specific identifiers when avail-
able and exact string matching on question texts
to detect duplicates. Third, retraining all models
on a unified, decontaminated SFT corpus under a
standardized training pipeline enables fair compar-
isons between architectures, including Llama-3.1-
8B-Instruct (Grattafiori et al., 2024) and Qwen2.5-
7B-Instruct (Yang et al., 2024). Full dataset and
training details are provided in Sections B and C.

3.2 Baselines

We evaluate Llama-3.1-8B-Instruct and Qwen2.5-
7B-Instruct. In the basic setting, the model is
prompted to directly select an answer from the
provided options. We also evaluate two popu-
lar inference-time reasoning strategies: (1) self-
consistency, where the model generates 64 answers
via temperature sampling and returns the most fre-
quent prediction, and (2) CoT prompting, where
the model is encouraged to reason step-by-step.
Additionally, we implement a RAG ap-
proach by converting the three reasoning
SFT datasets—medical-ol, MedReason, and
m23k—into vector databases using question
embeddings. At inference time, the two most simi-
lar training examples (including their questions,
reasoning traces, and final answers) are retrieved
and included in prompt. We also include baselines
where models are trained only on question—answer
pairs without reasoning traces. This setup enables
us to isolate the impact of explicit reasoning
supervision and assess whether performance gains
are due to reasoning content or simply additional
supervision from more challenging examples.

3.3 Main Evaluations

General-Domain Reasoning Models Remain
Competitive on Medical Benchmarks. Before
evaluating biomedical reasoning models, we first
assess the performance of leading open-source
general-domain reasoning models such as Qwen3-
235B, DeepSeek-R1, and GPT-40 on our bench-
mark setup. This is important because many medi-
cal reasoning datasets, such as m23k, medical-ol,
and MedReason, are distilled from these models,
making their capabilities directly relevant to the
foundations of biomedical instruction tuning. As
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Model Knowledge Reasoning Overall
Normal Adv. (%A) Normal Adv. (%A) Normal Adv. (%A)
QwQ-32B 68.2 62.9 (-7.8) 53.6 48.2 (-10.0) 63.4 58.1 (-8.4)
Qwen3-235B 72.7 62.4 (-14.2) 58.9 51.1(-13.3) 68.2 58.7 (-13.9)
DeepSeek-R1  75.3 72.1 (-4.2) 64.3 59.7 (-7.3) 1.7 68.0 (-5.1)
GPT-40 73.0 68.0 (-6.8) 58.5 55.0 (-5.9) 68.2 63.7 (-6.6)
GPT-04-mini 77.0 76.9 (-0.2) 68.9 69.2 (+0.5) 74.4 74.3 (-0.0)

Table 1: Performance of general-domain reasoning models on knowledge- and reasoning-heavy medical questions
under standard and adversarial settings. Adversarial prompts include incorrect hypotheses to test backtracking.
Parentheses indicate relative performance drops. Stronger models such as GPT-04-mini show greater robustness.

Setting Knowledge Reasoning Overall
Prompting Methods
Llama-3.1-8B-Instruct 48.447,4 494 36.034,6 -375 44.443.5 452
+ Self-consistency (64) 50.6405-516 36.5352-380 46.045.1-4638
+ CoT prompting 56.9559-580 40.7392-422 51.6508-52.5
Finetune / Retrieval Using medical o1
+ Retrieval only 56. 155_1 -572 40.639.1 -422 51.150.2 -519
+ SFT (W/o reasoning trace) 55.154,0 -56.2 41 .7402 433 50.749.9 -51.6
+ SFT (with reasoning trace) 56.6555.577 42.1406-437 51.9510-527
Finetune / Retrieval Using MedReason
+ Retrieval only 57-356.3 584 43.542.0 451 52.852.0 -536
+ SFT (w/o reasoning trace) 55.1540-561 44.4429-460 51.6507-504
+ SFT (with reasoning trace) 549538 _559 41.2398-426 50.4495_512
Finetune / Retrieval Using m23k
+ Retrieval only 56.755_7 -57.8 41 .539.9 431 51.750.9 -525
+ SFT (W/O reasoning trace) 52.551.4 535 38.336.7 -397 47.847.() _48.7
+ SFT (with reasoning trace) 60.5594-615 47.1455.486 S56.1553_570

Table 2: Accuracy across knowledge, reasoning, and overall categories for Llama-3.1-8B-Instruct variants on 11
biomedical QA benchmarks. Subscripts denote 95% confidence intervals. Reasoning accuracy is consistently lower
than knowledge. CoT prompting, RAG methods, and SFT without reasoning traces remain competitive with fully

fine-tuned models. See Table S5 for task-level scores.

shown in Table 1, general-domain models consis-
tently perform better on knowledge-heavy ques-
tions than on reasoning-heavy ones. While rea-
soning accuracy still lags behind knowledge ac-
curacy, these general-domain models achieve sub-
stantially stronger reasoning performance overall.
Larger RL-trained models like DeepSeek-R1 and
04-mini show better robustness even under adver-
sarial prompts. These findings highlight both the
current ceiling for open-domain reasoning perfor-
mance and the potential for improving biomedical
models through cross-domain transfer or stronger
supervision signals. A task-level performance
breakdown is provided in Table S3.

Biomedical Reasoning Model Struggles with
Reasoning. We now evaluate specialized biomed-

ical reasoning models, such as HuatuoGPT-ol,
MedReason, and m1, which are trained on curated
datasets distilled from general-domain models like
GPT-40 and DeepSeek-R1. Given that these medi-
cal models build upon the same general-domain
foundations evaluated above, a key question is
whether domain-specific supervision provides ad-
ditional benefits—particularly for reasoning-heavy
questions. Table 2 presents the performance of var-
ious test-time strategies, RAG methods, and SFT
models using the Llama-3.1-8B-Instruct backbone.

Among test-time strategies, CoT prompting im-
proves the overall accuracy from 44.4% (base
model) to 51.6%, and reasoning accuracy from
36.0% to 40.7%. This 4-point gain in reasoning
suggests that encouraging step-by-step generation
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Model Knowledge Reasoning Overall
Normal Adv. (%A) Normal Adv. (%A) Normal Adv. (%A)
Llama-3.1-8B-Instruct 48.4 34.5 (-28.9) 36.0 18.7 (-48.0) 44 4 29.3 (-34.0)
MedReason-8B 54.9 28.1 (-48.8) 41.2 16.8 (-59.3) 50.4 24.4 (-51.6)
Llama w/ m23k SFT 60.5 49.9 (-17.5) 47.1 35.8 (-24.0) 56.1 45.3 (-19.3)
HuatuoGPT-01-8B (SFT) 56.6 37.4 (-33.9) 42.1 22.6 (-46.3) 51.9 32.6 (-37.2)
HuatuoGPT-01-8B (RL) 56.9 50.1 (-12.0) 44.8 35.3 (21.2) 529 45.2 (-14.6)

Table 3: Performance of biomedical models on standard versus adversarial prompts. Adversarial prompts begin
with a plausible but incorrect hypothesis to test each model’s ability to backtrack.

enhances reasoning ability. While CoT slightly un-
derperforms the medical-ol (42.1%) and MedRea-
son (41.2%) models in reasoning accuracy, it sur-
passes both in knowledge (56.9% vs. 56.6% and
54.9%). This suggests that Llama’s inherent in-
struction capabilities already support a strong level
of general medical knowledge.

RAG methods also yield strong results. The best-
performing variant, which retrieves from MedRea-
son, achieves 43.5% on reasoning and 52.8% over-
all—surpassing simple CoT prompting on both
metrics. The RAG baseline on Medical ol per-
forms nearly as well as its fully SFT counterpart
(51.1% vs. 51.9%) and even outperforms it on
MedReason (52.8% vs. 50.4%). These results sug-
gest that access to retrieved reasoning traces, even
without gradient updates, can help the model rea-
son more effectively at inference time.

The strongest performance across all methods is
observed with SFT on the m23k dataset and rea-
soning trace, achieving 60.5% knowledge, 47.1%
reasoning, and 56.1% overall accuracy. In contrast
to the other two reasoning datasets (medical-ol
and MedReason), which are distilled from GPT-4o,
m23k is distilled from DeepSeek-R1. Moreover,
as shown in Figure S11, m23k includes signifi-
cantly longer reasoning chains, potentially provid-
ing richer supervision. Table S4 shows similar
trends for the Qwen2.5-7B-Instruct model, where
full SFT on m23k yields the best results: 55.9%
knowledge, 41.3% reasoning, and 51.1% overall
accuracy—slightly trailing behind LLaMA. A task-
wise breakdown is provided in Tables S5 and S6.

We further validated these findings beyond
MCAQ by including two open-ended benchmarks:
BioASQ-QA and MedCaseReasoning. As shown
in Table S7, the same trend holds—models perform
worse on reasoning-heavy than knowledge-heavy
questions. This reinforces that our framework gen-
eralizes beyond MCQ settings and highlights the
gap in medical reasoning capabilities.

Medical Reasoning Models Struggle with Self-
Correction. Table 3 presents results for LLaMA-
based models under an adversarial setup, where
models are prefixed with an incorrect trace (e.g.,
“Hmm, I think the answer is {wrong answer},
but I am not sure. Let me think more.”). Most
models—including those trained with reasoning
traces—show a substantial performance drop when
required to recover from flawed reasoning. In many
failure cases, this drop stems from models directly
adopting the incorrect answer in the prefix: for ex-
ample, MedReason-8B copies the wrong answer
86% of the time, HuatuoGPT-01-8B in 73%, and
Llama-m1-8B-23k in 68%.

Interestingly, models trained with RL, partic-
ularly HuatuoGPT-01-8B (RL), show the least
degradation in performance compared to both stan-
dard SFT models and their own SFT-only vari-
ant (HuatuoGPT-01-8B (SFT)). These results sug-
gest that RL. may contributes to greater robustness
against misleading initial reasoning and enhances
backtracking capabilities. We provide further evi-
dence supporting this claim in Table 4.

Additionally, reasoning-heavy questions tend to
suffer larger performance drops than knowledge-
heavy ones, as evidenced by the higher relative
percentage decreases across most models. This
pattern further highlights a gap in current models’
reasoning capabilities: while they may perform
well on fact-based queries, their ability to reason
through uncertainty, reconsider initial impressions,
and course-correct remains limited.

Not all adversarial traces impact performance
equally. As shown in Table S17, Trace 1 leads to
the largest performance drop compared to Traces 2
and 3, likely due to the greater uncertainty it intro-
duces. While we evaluate only three examples, our
findings highlight the importance of systematically
exploring a diverse range of adversarial traces to
better understand and improve model robustness
under misleading or uncertain conditions.
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Model Knowledge Reasoning Overall
Normal Adv. (%A) Normal Adv. (%A) Normal Adv. (%A)
Llama w/ m23k SFT 60.5 49.9 (-17.5) 47.1 35.8 (-24.0) 56.1 45.3 (-19.3)
+ Random Hard SFT 60.0 46.6 (-22.4) 47.9 31.2 (-34.9) 56.0 41.5 (-25.9)
+ Knowledge Hard SFT 60.1 46.7 (-22.3) 47.1 30.4 (-35.5) 55.8 41.4 (-25.9)
+ Reason Hard SFT 60.5 47.2 (-22.1) 49.1 30.0 (-38.9) 56.8 41.5 (-26.8)
+ Reason Hard RL 63.6 52.1 (-18.0) 49.0 37.0 (-24.6) 58.8 47.2 (-19.8)
m23k + Reason Hard Full RL 59.5 42.5 (-28.6) 43.6 26.5 (-39.2) 54.3 37.3 (:31.4)

Table 4: Performance of Llama-3.1-8B-Instruct variants fine-tuned on m23k, followed by SFT, RL, or SFT+RL
on 7,627 reasoning-hard examples. Controls use knowledge-hard and random-hard subsets. Reasoning-hard
supervision yields the largest gains, especially under SFT. RL narrows differences across subsets, and SFT+RL

consistently outperforms all other variants.

3.4 Training Ablations

While the primary contribution of this paper is to
propose a new approach for stratifying the perfor-
mance of biomedical reasoning models on existing
benchmarks and stress-testing them with adversar-
ial prompts, we also leverage these insights to con-
duct a set of targeted training ablations.

SFT + RL Enhances Both Knowledge and
Reasoning. Building on our finding that mod-
els fine-tuned on the m23k dataset achieve strong
performance, we next tested whether adding cu-
rated reasoning examples could further improve re-
sults. We filtered 7,627 “reasoning-hard” multiple-
choice questions from MedQA, MedMCQA, and
HeadQA using three criteria: (i) neither Llama-
3.1-8B-Instruct nor Qwen2.5-7B-Instruct answered
them correctly more than 50% of the time, (ii) our
PubMedBERT classifier assigned them a reasoning
probability above 0.75, and (iii) they did not over-
lap with m23k. For comparison, we constructed
two equally sized control sets: a “knowledge-hard”
set (same difficulty threshold, reasoning probabil-
ity below 0.75) and a “random-hard” set (randomly
sampled from similarly difficult questions). We
generated reasoning traces for all examples using
R1 and trained models under three configurations:
m23k + reasoning-hard (+Reason Hard SFT), m23k
+ knowledge-hard (+Knowledge Hard SFT), and
m23k + random-hard (+Random Hard SFT). As
shown in Table 4, incorporating reasoning-hard ex-
amples produced measurable gains in reasoning
accuracy (47.1% — 49.1%), while the other two
sets yielded negligible improvements.

Next, we applied the 7,627 reasoning-hard exam-
ples in an RL setup using GRPO (“+ Reason Hard
RL”), continuing from the m23k SFT checkpoint.
Training was performed with the EasyR1 frame-
work (Zheng et al., 2025; Sheng et al., 2024) (hy-

perparameters in Table S8). The resulting model
achieved 58.8% overall accuracy and 63.6% on
knowledge questions, showing that RL training
on reasoning-hard examples provides larger gains
than SFT alone and achieves the highest scores
across both knowledge and reasoning categories
under normal and adversarial conditions. We also
trained a model entirely with RL on the com-
bined “m23k + Reason Hard” dataset (without any
SFT initialization), which yielded the worst perfor-
mance—highlighting the importance of initial SFT.
Similar trends were observed with Qwen2.5-7B-
Instruct (Table S9), with detailed benchmark-level
results in Tables S10 and S11.

These results yield several important insights.
While SFT on reasoning-hard examples primarily
improves reasoning accuracy, RL produces broader
gains across both reasoning- and knowledge-heavy
tasks—Iikely because it encourages the model to
prune irrelevant or inaccurate reasoning paths, re-
ducing hallucinations and improving factual pre-
cision even on knowledge-oriented queries. This
same mechanism likely also explains the increased
resilience under adversarial prompting: by opti-
mizing directly for reward against gold answers,
RL training equips models to resist distractive or
misleading intermediate steps and to recover more
effectively from flawed reasoning. Although we
do not claim to have identified the optimal balance,
our findings suggest that some degree of SFT is
especially important for general-domain models,
which may lack sufficient exposure to biomedical
content compared to domains like math or code.

We further observe a significant difference in
the number of tokens generated for reasoning-
versus knowledge-heavy problems. This is ex-
pected—models allocate more “thinking” tokens
to harder tasks—but models trained with RL tend
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to generate fewer tokens overall than their SFT
counterparts ( Figure S13). This suggests that RL
may encourage more efficient reasoning, reducing
verbosity while preserving correctness.

Including Adversarial Reasoning Traces Im-
proves Robustness. Next, we tested whether train-
ing with uncertainty-inducing traces could help
models recover from incorrect assumptions. We
constructed a pool of adversarial templates that
mimic varying degrees of uncertainty and hesita-
tion (Zhou et al., 2023). These prefills, illustrated
in Figure S14, introduce plausible but incorrect
hypotheses designed to disrupt the reasoning tra-
jectory. During training, each m23k example had
a 25% chance of being augmented with one of
these adversarial traces, which was appended to the
beginning of the distilled reasoning trace to teach
models to override misleading signals. As shown in
Table S14, this simple augmentation substantially
improved robustness: Llama’s performance drop
under adversarial prompts decreased from 19.3%
to 4.9%, and Qwen’s from 20.2% to 5.0%. Stan-
dard accuracy also improved slightly, suggesting
that exposure to uncertain or misleading cues helps
models validate and correct their reasoning more
effectively.

Final Model Comparison. Building on our find-
ings—that SFT + RL improves performance over
SFT or RL alone, reasoning-hard examples provide
stronger supervision, and adversarial fine-tuning
enhances robustness—we train two final mod-
els: BioMed-R1-8B (Llama-3.1-8B-Instruct) and
BioMed-R1-32B (Qwen2.5-32B-Instruct). Both
were initialized with SFT on the m23k dataset,
augmented with adversarial traces on 25% of ex-
amples, and further trained with RL on 7.5K
reasoning-heavy questions. As shown in Table S16,
BioMed-R1-8B achieves the strongest performance
among models of similar scale under both stan-
dard and adversarial prompting. BioMed-R1-32B
closely matches HuatuoGPT-01-70B in overall ac-
curacy despite being trained on far less data, and
delivers the best adversarial robustness across all
model sizes. Both models also strike a favorable
balance in generation length, avoiding too much
verbosity (Figure S15), though token usage on
knowledge-based questions remains somewhat in-
flated. Future work could explore adaptive token
budgeting to further improve efficiency. A detailed
task-level breakdown is provided in Table S15.

4 Discussion and Conclusion

This work introduces an evaluation framework
that stratifies biomedical QA benchmarks into
knowledge- and reasoning-heavy subsets, reveal-
ing that only 32.8% of questions require multi-step
reasoning, challenging the assumption that popu-
lar biomedical QA datasets robustly measure clini-
cal reasoning. Stratified evaluation reveals consis-
tent performance and robustness gaps across both
biomedical and general-domain models, and adver-
sarial testing highlights that many models adopt in-
correct prefixed answers rather than revising them.
These findings shows that current biomedical rea-
soning models remain brittle in reasoning under
uncertainty, a critical barrier to safe and trustwor-
thy clinical deployment.

Our work highlights three key insights. First, RL
on reasoning-heavy and adversarial traces improves
both reasoning and knowledge accuracy while en-
hancing resilience to misleading prompts. Second,
the quality and origin of reasoning traces are criti-
cal: the m23k dataset, distilled from a reasoning-
optimized model, outperforms those from general-
purpose LLMs, showing that not all CoT super-
vision is equally effective. Third, results from
BioASQ-QA and MedCaseReasoning confirm that
the knowledge-reasoning gap persists in free-text
QA, indicating that our framework generalizes be-
yond multiple-choice settings.

Limitations

While our work provides new insights into evaluat-
ing and improving medical reasoning in LLMs, sev-
eral limitations should be acknowledged. First, our
automated classifier for distinguishing reasoning-
heavy from knowledge-heavy questions is inher-
ently imperfect. Even among medical experts,
the distinction between factual recall and multi-
step reasoning is often ambiguous and context-
dependent. Nonetheless, we find that our classi-
fier—despite this noise—reveals consistent and in-
terpretable performance differences across model
families.

Second, our empirical analysis is restricted to a
limited set of biomedical benchmarks and model
architectures. These datasets, while widely used in
prior work, represent only a subset of real-world
clinical and biomedical reasoning scenarios. Thus,
our conclusions should not be overgeneralized be-
yond the evaluated domains, languages, or reason-
ing styles. Extending this analysis to additional
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datasets, languages, and general-domain models
adapted for biomedicine would yield a more com-
prehensive understanding.

Third, our exploration of training strate-
gies—combining SFT and RL—covers only a sub-
set of possible design choices. We do not sys-
tematically evaluate alternative reward definitions,
curriculum strategies, or optimization schedules.
Performance may therefore depend on specific hy-
perparameter settings or the stability of the RL
algorithm, which we have not exhaustively studied.

Fourth, our adversarial robustness evaluation fo-
cuses on a narrow class of uncertainty-inducing
prompts (e.g., linguistic ambiguity, minor factual
perturbations). Other important stressors—such
as multi-hop contradictions, context omissions, or
subtle domain shifts—remain unexplored.

Finally, our experiments assume model well-
specification and noiseless evaluation environ-
ments, which may not hold in real-world clinical
contexts. Future work should rigorously test model
behavior under distributional shift, imperfect su-
pervision, and human—Al collaborative settings to
better understand limitations of reliability, general-
izability, and interpretability.

Ethical Considerations

This study aims to evaluate and improve biomedical
reasoning in LLMs; however, none of the models
examined or released are validated for clinical use.
They should not be employed for medical decision-
making, patient care, or diagnostic purposes with-
out regulatory oversight and expert supervision.
Our models and datasets are released solely for re-
search purposes under a non-commercial license,
and their use is explicitly limited to scientific and
educational contexts.

Data governance and privacy. All datasets
used in this study are publicly available and dis-
tributed under research-friendly licenses. They con-
tain no personally identifiable information or pro-
tected health information (PHI), and their use does
not require institutional ethics approval. Our work
complies with all relevant data use agreements and
privacy standards.

Bias and fairness. The benchmarks used may
reflect sampling or representation biases inherited
from their original sources, such as overrepresenta-
tion of certain demographic groups, disease types,
or linguistic patterns. Consequently, model behav-
ior may vary across populations or clinical settings.

We acknowledge that evaluating models on a nar-
row range of biomedical questions may inadver-
tently reinforce such biases. We encourage future
work to assess fairness across diverse subpopula-
tions and to incorporate bias mitigation strategies
in biomedical reasoning tasks.

Risks and dual use. Although adversarial fine-
tuning improves robustness to certain uncertainty-
inducing prompts, other potential vectors for model
misuse—such as generating plausible but incorrect
medical explanations or propagating misinforma-
tion—remain possible. These models could, if mis-
applied, lead to user overreliance or the spread of
erroneous health information. We mitigate these
risks by releasing only research checkpoints and by
emphasizing that the systems are not intended for
deployment or patient-facing applications.

Annotation and human contribution. Anno-
tation was limited and conducted by medical ex-
pert co-authors who contributed domain-specific
expertise in exchange for authorship. All annota-
tors provided verbal consent for their participation.
Because annotation was performed by co-authors
rather than recruited participants, no external com-
pensation or demographic reporting protocols were
required. The annotators included one white male
(approximately 26 years old) and one Asian female
(approximately 28 years old), both with relevant
medical training.

Environmental impact. Most experiments were
performed on limited compute budgets (<= 8
NVIDIA H100 GPUs per run), and we reused pre-
trained checkpoints where possible to minimize
energy consumption.

Use of AI assistance. Al tools (e.g., ChatGPT)
were used solely for grammar and formatting as-
sistance and for minor coding support. All concep-
tual, methodological, and analytical decisions were
made by the human research team.

Overall, we view this work as a step toward safer
and more interpretable biomedical reasoning sys-
tems. However, responsible deployment will re-
quire extensive validation, fairness auditing, and
ongoing monitoring to ensure equitable and trust-
worthy real-world behavior.

References

Howard S Barrows and Paul J Feltovich. 1987. The clin-
ical reasoning process. Medical education, 21(2):86—
91.

Patricia Benner, Ronda G Hughes, and Molly Sutphen.

2459



2008. Clinical reasoning, decisionmaking, and ac-
tion: Thinking critically and clinically. Patient safety
and quality: An evidence-based handbook for nurses.

Blake Bullwinkel, Amanda Minnich, Shiven Chawla,
Gary Lopez, Martin Pouliot, Whitney Maxwell,
Joris de Gruyter, Katherine Pratt, Saphir Qi, Nina
Chikanov, and 1 others. 2025. Lessons from red
teaming 100 generative ai products. arXiv preprint
arXiv:2501.07238.

Crystal T Chang, Hodan Farah, Haiwen Gui,
Shawheen Justin Rezaei, Charbel Bou-Khalil, Ye-
Jean Park, Akshay Swaminathan, Jesutofunmi A
Omiye, Akaash Kolluri, Akash Chaurasia, and 1 oth-
ers. 2025. Red teaming chatgpt in medicine to yield
real-world insights on model behavior. npj Digital
Medicine, 8(1):149.

Hanjie Chen, Zhouxiang Fang, Yash Singla, and Mark
Dredze. 2024a. Benchmarking large language mod-
els on answering and explaining challenging medical
questions. arXiv preprint arXiv:2402.18060, 10:13.

Junying Chen, Zhenyang Cai, Ke Ji, Xidong Wang,
Wanlong Liu, Rongsheng Wang, Jianye Hou, and
Benyou Wang. 2024b. Huatuogpt-ol, towards med-
ical complex reasoning with llms. arXiv preprint
arXiv:2412.18925.

Pat Croskerry. 2009. A universal model of diagnostic
reasoning. Academic medicine, 84(8):1022—-1028.

Arthur S Elstein, Lee S Shulman, and Sarah A Sprafka.
1978. Medical problem solving: An analysis of clini-
cal reasoning. Harvard University Press.

Aaron Grattafiori, Abhimanyu Dubey, Abhinav Jauhri,
Abhinav Pandey, Abhishek Kadian, Ahmad Al-
Dahle, Aiesha Letman, Akhil Mathur, Alan Schelten,
Alex Vaughan, and 1 others. 2024. The llama 3 herd
of models. arXiv preprint arXiv:2407.21783.

Yu Gu, Robert Tinn, Hao Cheng, Michael Lucas, Naoto
Usuyama, Xiaodong Liu, Tristan Naumann, Jianfeng
Gao, and Hoifung Poon. 2021. Domain-specific lan-
guage model pretraining for biomedical natural lan-

guage processing. ACM Transactions on Computing
for Healthcare (HEALTH), 3(1):1-23.

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao
Song, Ruoyu Zhang, Runxin Xu, Qihao Zhu, Shi-
rong Ma, Peiyi Wang, Xiao Bi, and 1 others. 2025.
Deepseek-rl: Incentivizing reasoning capability in
Ilms via reinforcement learning. arXiv preprint
arXiv:2501.12948.

Tianyu Han, Sven Nebelung, Firas Khader, Tianci Wang,
Gustav Miiller-Franzes, Christiane Kuhl, Sebastian
Forsch, Jens Kleesiek, Christoph Haarburger, Keno K
Bressem, and 1 others. 2024. Medical large language
models are susceptible to targeted misinformation
attacks. NPJ digital medicine, 7(1):288.

Xiaoke Huang, Juncheng Wu, Hui Liu, Xianfeng Tang,
and Yuyin Zhou. 2025. m1: Unleash the potential
of test-time scaling for medical reasoning with large
language models. arXiv preprint arXiv:2504.00869.

Aaron Hurst, Adam Lerer, Adam P Goucher, Adam
Perelman, Aditya Ramesh, Aidan Clark, AJ Ostrow,
Akila Welihinda, Alan Hayes, Alec Radford, and 1
others. 2024. Gpt-4o system card. arXiv preprint
arXiv:2410.21276.

Aaron Jaech, Adam Kalai, Adam Lerer, Adam Richard-
son, Ahmed El-Kishky, Aiden Low, Alec Helyar,
Aleksander Madry, Alex Beutel, Alex Carney, and 1
others. 2024. Openai ol system card. arXiv preprint
arXiv:2412.16720.

Di Jin, Eileen Pan, Nassim Oufattole, Wei-Hung Weng,
Hanyi Fang, and Peter Szolovits. 2021. What disease
does this patient have? a large-scale open domain
question answering dataset from medical exams. Ap-
plied Sciences, 11(14):6421.

Qiao Jin, Bhuwan Dhingra, Zhengping Liu, William W
Cohen, and Xinghua Lu. 2019. Pubmedqa: A dataset
for biomedical research question answering. arXiv
preprint arXiv:1909.06146.

Anastasia Krithara, Anastasios Nentidis, Konstantinos
Bougiatiotis, and Georgios Paliouras. 2023. Bioasq-
ga: A manually curated corpus for biomedical ques-
tion answering. Scientific Data, 10(1):170.

Aviral Kumar, Vincent Zhuang, Rishabh Agarwal,
Yi Su, John D Co-Reyes, Avi Singh, Kate Baumli,
Shariq Igbal, Colton Bishop, Rebecca Roelofs, and
1 others. 2024. Training language models to self-
correct via reinforcement learning. arXiv preprint
arXiv:2409.12917.

Woosuk Kwon, Zhuohan Li, Siyuan Zhuang, Ying
Sheng, Lianmin Zheng, Cody Hao Yu, Joseph Gon-
zalez, Hao Zhang, and Ion Stoica. 2023. Efficient
memory management for large language model serv-
ing with pagedattention. In Proceedings of the 29th
Symposium on Operating Systems Principles, pages
611-626.

Stuart Lubarsky, Valérie Dory, Marie-Claude Audétat,
Eugene Custers, and Bernard Charlin. 2015. Using
script theory to cultivate illness script formation and
clinical reasoning in health professions education.
Canadian Medical Education Journal, 6(2):e61.

Aman Madaan, Niket Tandon, Prakhar Gupta, Skyler
Hallinan, Luyu Gao, Sarah Wiegreffe, Uri Alon,
Nouha Dziri, Shrimai Prabhumoye, Yiming Yang,
and 1 others. 2023. Self-refine: Iterative refinement
with self-feedback. Advances in Neural Information
Processing Systems, 36:46534-46594.

James A Marcum. 2012. An integrated model of clini-
cal reasoning: dual-process theory of cognition and
metacognition. Journal of evaluation in clinical prac-
tice, 18(5):954-961.

2460



Ankit Pal, Logesh Kumar Umapathi, and Malaikan-
nan Sankarasubbu. 2022. Medmcqa: A large-scale
multi-subject multi-choice dataset for medical do-
main question answering. In Conference on health,
inference, and learning, pages 248-260. PMLR.

Vimla L Patel and Guy J Groen. 1986. Knowledge
based solution strategies in medical reasoning. Cog-
nitive science, 10(1):91-116.

Long Phan, Alice Gatti, Ziwen Han, Nathaniel Li,
Josephina Hu, Hugh Zhang, Chen Bo Calvin Zhang,
Mohamed Shaaban, John Ling, Sean Shi, and 1 oth-
ers. 2025. Humanity’s last exam. arXiv preprint
arXiv:2501.14249.

David Rein, Betty Li Hou, Asa Cooper Stickland, Jack-
son Petty, Richard Yuanzhe Pang, Julien Dirani, Ju-
lian Michael, and Samuel R Bowman. 2024. Gpqa:
A graduate-level google-proof g&a benchmark. In
First Conference on Language Modeling.

Roger C Schank and Robert P Abelson. 2013. Scripts,
plans, goals, and understanding: An inquiry into
human knowledge structures. Psychology press.

Tan A Scott. 2009. Errors in clinical reasoning: causes
and remedial strategies. BMj, 338.

Andrew Sellergren, Sahar Kazemzadeh, Tiam Jaroensri,
Atilla Kiraly, Madeleine Traverse, Timo Kohlberger,
Shawn Xu, Fayaz Jamil, Cian Hughes, Charles Lau,
and 1 others. 2025. Medgemma technical report.
arXiv preprint arXiv:2507.05201.

Guangming Sheng, Chi Zhang, Zilingfeng Ye, Xibin
Wu, Wang Zhang, Ru Zhang, Yanghua Peng, Haibin
Lin, and Chuan Wu. 2024. Hybridflow: A flex-
ible and efficient rlhf framework. arXiv preprint
arXiv:2409.19256.

Hyoung Seok Shin. 2019. Reasoning processes in clin-
ical reasoning: from the perspective of cognitive
psychology. Korean journal of medical education,
31(4):299.

Erik Stolper, Paul Van Royen, Edmund Jack, Jeroen
Uleman, and Marcel Olde Rikkert. 2021. Embracing
complexity with systems thinking in general prac-
titioners’ clinical reasoning helps handling uncer-
tainty. Journal of Evaluation in Clinical Practice,
27(5):1175-1181.

Kimi Team, Angang Du, Bofei Gao, Bowei Xing,
Changjiu Jiang, Cheng Chen, Cheng Li, Chenjun
Xiao, Chenzhuang Du, Chonghua Liao, and 1 others.
2025. Kimi k1. 5: Scaling reinforcement learning
with llms. arXiv preprint arXiv:2501.12599.

David Vilares and Carlos Gémez-Rodriguez. 2019.
Head-qa: A healthcare dataset for complex reasoning.
arXiv preprint arXiv:1906.04701.

Yubo Wang, Xueguang Ma, Ge Zhang, Yuansheng Ni,
Abhranil Chandra, Shiguang Guo, Weiming Ren,
Aaran Arulraj, Xuan He, Ziyan Jiang, and 1 others.

2024. Mmlu-pro: A more robust and challenging
multi-task language understanding benchmark. In
The Thirty-eight Conference on Neural Information
Processing Systems Datasets and Benchmarks Track.

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten
Bosma, Fei Xia, Ed Chi, Quoc V Le, Denny Zhou,
and 1 others. 2022. Chain-of-thought prompting elic-
its reasoning in large language models. Advances
in neural information processing systems, 35:24824—
24837.

Sean Welleck, Ximing Lu, Peter West, Faeze Brah-
man, Tianxiao Shen, Daniel Khashabi, and Yejin
Choi. 2022. Generating sequences by learning to
self-correct. arXiv preprint arXiv:2211.00053.

Juncheng Wu, Wenlong Deng, Xingxuan Li, Sheng
Liu, Taomian Mi, Yifan Peng, Ziyang Xu, Yi Liu,
Hyunjin Cho, Chang-In Choi, and 1 others. 2025a.
Medreason: Eliciting factual medical reasoning
steps in llms via knowledge graphs. arXiv preprint
arXiv:2504.00993.

Kevin Wu, Eric Wu, Rahul Thapa, Kevin Wei, Angela
Zhang, Arvind Suresh, Jacqueline J Tao, Min Woo
Sun, Alejandro Lozano, and James Zou. 2025b. Med-
casereasoning: Evaluating and learning diagnostic
reasoning from clinical case reports. arXiv preprint
arXiv:2505.11733.

An Yang, Baosong Yang, Beichen Zhang, Binyuan Hui,
Bo Zheng, Bowen Yu, Chengyuan Li, Dayiheng Liu,
Fei Huang, Haoran Wei, and 1 others. 2024. Qwen2.
5 technical report. arXiv preprint arXiv:2412.15115.

Shahram Yazdani and Maryam Hoseini Abardeh. 2019.
Five decades of research and theorization on clinical
reasoning: a critical review. Advances in medical
education and practice, pages 703-716.

Yiming Zhang, Jianfeng Chi, Hailey Nguyen, Kar-
tikeya Upasani, Daniel M Bikel, Jason Weston, and
Eric Michael Smith. 2024. Backtracking improves
generation safety. arXiv preprint arXiv:2409.14586.

Yaowei Zheng, Junting Lu, Shenzhi Wang, Zhangchi
Feng, Dongdong Kuang, and Yuwen Xiong. 2025.
Easyrl: An efficient, scalable, multi-modality 1l train-
ing framework.

Tianyang Zhong, Zhengliang Liu, Yi Pan, Yutong
Zhang, Yifan Zhou, Shizhe Liang, Zihao Wu, Yanjun
Lyu, Peng Shu, Xiaowei Yu, and 1 others. 2024. Eval-
uation of openai ol: Opportunities and challenges of
agi. arXiv preprint arXiv:2409.18486.

Kaitlyn Zhou, Dan Jurafsky, and Tatsunori Hashimoto.
2023. Navigating the grey area: How expressions
of uncertainty and overconfidence affect language
models. arXiv preprint arXiv:2302.13439.

Yuxin Zuo, Shang Qu, Yifei Li, Zhangren Chen, Xuekai
Zhu, Ermo Hua, Kaiyan Zhang, Ning Ding, and
Bowen Zhou. 2025. Medxpertqa: Benchmarking
expert-level medical reasoning and understanding.
arXiv preprint arXiv:2501.18362.

2461



Appendix
A Related Work

Medical Reasoning. Medical reasoning is
typically categorized into diagnostic reason-
ing—focused on identifying conditions—and
management reasoning, which guides treatment
decisions (Scott, 2009). Several cognitive models
describe this process. The dual-process theory
distinguishes between a fast, intuitive system
(Type I) and a slower, analytical system (Type II)
(Croskerry, 2009; Marcum, 2012). Script theory
suggests clinicians use internalized “illness scripts”
to recognize familiar disease patterns (Schank
and Abelson, 2013; Lubarsky et al., 2015), while
the hypothetico-deductive model emphasizes
generating and testing diagnostic hypotheses
through iterative data interpretation (Elstein
et al., 1978; Patel and Groen, 1986; Yazdani
and Hoseini Abardeh, 2019). In routine cases,
pattern recognition also enables rapid matching
of symptoms to known presentations without
formal hypothesis testing (Barrows and Feltovich,
1987). Despite their differences, these frameworks
converge on a common structure: clinicians begin
with an initial impression and refine it as new
information becomes available.

Medical Reasoning Models. Recent advances
in large language models have enabled impres-
sive performance on multi-step reasoning tasks in
domains such as mathematics and programming.
Techniques like Chain-of-Thought prompting (Wei
et al.,, 2022), supervised fine-tuning on model-
generated rationales, and reinforcement learning
(Zhong et al., 2024; Guo et al., 2025; Team et al.,
2025; Jaech et al., 2024) have been shown to elicit
intermediate reasoning steps and emergent behav-
iors such as backtracking and self-correction. In-
spired by these developments, several models have
been proposed for medical reasoning. HuatuoGPT-
ol fine-tunes a general LLM on curated prob-
lem-rationale pairs using a PPO-style reinforce-
ment objective (Chen et al., 2024b). M1 explores
dynamic inference-time scaling to improve rea-
soning in smaller (<10B) medical LLMs (Huang
et al., 2025), while MedReason introduces graph-
grounded thinking paths to explicitly structure
clinical reasoning (Wu et al., 2025a). However,
these models are still evaluated on benchmarks
that conflate factual recall and inferential reasoning.
Datasets like MedQA-USMLE (Jin et al., 2021),

MedMCQA (Pal et al., 2022), MedBullets (Chen
et al., 2024a), and PubMedQA (Jin et al., 2019) are
commonly cited as reasoning-focused, yet contain
a mixture of question types. This blending makes
it difficult to isolate and measure a model’s true
reasoning ability.

Robustness Testing and Self-Correction.
Stress-testing models with adversarial or mislead-
ing prompts has become standard in general Al
development (Bullwinkel et al., 2025), but remains
underexplored in the medical domain. Recent work
shows that even state-of-the-art models like GPT-4
can produce unsafe outputs when challenged
with clinically relevant prompts (Chang et al.,
2025), and that medical LLMs are vulnerable to
targeted misinformation (Han et al., 2024). A
growing body of research shows that backtracking,
iterative refinement, feedback-guided revision, and
reinforcement learning from intermediate steps can
improve reasoning robustness and self-correction
(Zhang et al., 2024; Madaan et al., 2023; Welleck
et al., 2022; Kumar et al., 2024). Models like
GPT-40 and DeepSeek-R1 increasingly exhibit
these abilities through extended inference and
verification-based reasoning (Guo et al., 2025;
Jaech et al., 2024). While biomedical models have
started adopting similar strategies—such as fine-
tuning on structured rationales or reinforcement
learning with verifiable rewards (Wu et al., 2025a;
Huang et al., 2025)—their ability to recover from
flawed reasoning remains largely untested.

B Additional Data Details

The medical-o1-reasoning-SFT dataset, developed
for HuatuoGPT-o1, includes 20K examples sourced
from MedQA-USMLE (Jin et al., 2021) and MedM-
CQA (Pal et al., 2022). We used only the SFT
split, as our focus is on evaluating SFT-based rea-
soning models. Each example was generated by
GPT-40 (Hurst et al., 2024) through an iterative
refinement process with verifier-guided validation,
resulting in high-quality reasoning chains paired
with correct answers. The MedReason dataset con-
sists of 32,682 examples with multi-step reasoning
chains generated using GPT-40, guided by a struc-
tured medical knowledge graph. It emphasizes
logical consistency, factual accuracy, and explain-
ability through structured, step-by-step reasoning.
The m1 dataset comprises 23K examples curated
through difficulty filtering, reasoning generation
using DeepSeek-R1 (Guo et al., 2025), and diver-
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sity sampling to ensure a balanced and challeng-
ing training set. All dataset used in this paper is
publicly available under research license. We will
release our stratified dataset and trained model un-
der the same research licence for public use, with
explicit data and model use agreements.

All datasets used in this paper are publicly
available under research or commercial licenses.
Specifically, MedQA-USMLE, MedMCQA, HLE,
MedXpertQA, and MMLU are released under the
MIT License; MedBullets and the m23k dataset
are under the Apache-2.0 License; GPQA is li-
censed under CC-BY-4.0; and the Lancet and
NEJM datasets are licensed under CC-BY-NC-4.0.
The HuatuoGPT-01 and MedReason datasets are
also distributed under the Apache-2.0 License. We
will release our stratified dataset and trained mod-
els under the same research license, with explicit
data and model use agreements. All datasets—both
training and evaluation—are in English. The full
list of benchmark datasets, along with their respec-
tive counts, is provided in Supplementary Table S2.

C Additional Training Details

All models were trained on 8 NVIDIA H100 GPUs
using DeepSpeed ZeRO-3 optimization. We fol-
lowed training and evaluation pipelines from the
HuatuoGPT-o01 and MedReason codebases. Mod-
els were trained for 3 epochs with a maximum
sequence length of 8192 tokens, a learning rate of
5e-6, weight decay of 0.1, warmup ratio of 0.05,
and a gradient accumulation step of 16. SFT train-
ing required approximately 3 hours, while RL train-
ing took about 8 hours per model. The full set of
hyperparameters for RL training is reported in Sup-
plementary Table S8.

For evaluation, we adopted the MedReason
pipeline to ensure consistency with prior work. All
inference was conducted with the vLLM frame-
work (Kwon et al., 2023), using tensor parallelism
across 4 NVIDIA GPUs for efficient large-scale
decoding. Sampling-based experiments were run
with a temperature of 0.9 to encourage diverse rea-
soning paths, while other experiments used a lower
temperature of 0.2 for more deterministic outputs.
Model responses were parsed to extract the final an-
swer, and accuracy was computed via exact match
with the gold reference.

All models used in this work are released
under permissive research or open-source li-
censes. Specifically, the m1, HuatuoGPT-o01,

and MedReason models are distributed under
the Apache-2.0 License. The Llama-3.1-8B-
Instruct model follows the Llama 3.1 License,
and Qwen2.5-7B-Instruct is licensed under the
Apache-2.0 License. All models were used
strictly within their respective license terms for
non-commercial, research purposes.

D Annotation Protocol

Our primary goal is to assess the subjectivity in-
volved in disentangling knowledge from reason-
ing and to benchmark our classifier against human
judgments.

Expert annotators. Two medically trained anno-
tators independently labeled the same 100 held-out
examples (balanced 50/50 between reasoning and
knowledge).

Annotation guidelines. Annotators received con-
cise written instructions based on the definitions
used in MedXpertQA and on widely accepted dis-
tinctions in the clinical reasoning literature (Benner
et al., 2008; Stolper et al., 2021). Specifically:

* Reasoning-heavy: questions requiring multi-
step clinical reasoning, integration or synthe-
sis of multiple findings, or diagnostic inter-
pretation where intermediate inferences are
necessary.

* Knowledge-heavy: questions answerable by
recalling a single biomedical fact, association,
mechanism, or definition without requiring
intermediate reasoning steps.

Annotators were instructed to label based strictly
on the cognitive process required to arrive at the
answer, not on distractor difficulty, question length,
or perceived difficulty.

Inter-annotator agreement. Across the 100
double-annotated samples, the annotators dis-
agreed on 18% of cases, yielding an 82% raw agree-
ment rate. This level of variation reflects the in-
herently subjective boundary between knowledge-
based and reasoning-based clinical questions.

Adjudication. All disagreements were resolved
through structured discussion, applying the written
guidelines to reach consensus labels. These adju-
dicated labels were used as the gold reference for
evaluating the PubMedBERT classifier.
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Model IID OOD Avg.
Logistic Regression (TF-IDF) 0.75 078  0.77
Logistic Regression (Word Count) 0.72  0.75  0.74
abhinand/MedEmbed-large-v0.1 0.77 0.86 0.82
allenai/longformer-base-4096 076  0.85 0.81
google-bert/bert-base-uncased 0.79 0.81 0.80
distilbert/distilbert-base-uncased 078 086 0.82
GPT-40 062 056 0.59
GPT-4.1 063 059 0.61
Gemini-2.5-Flash 0.67 059 0.63
Gemini-2.5-Pro 072 055 0.64
microsoft/PubMedBERT 081 085 0.83

Table S1: Classifier comparison for distinguishing
reasoning- vs. knowledge-heavy biomedical QA ques-
tions. PubMedBERT achieves the strongest overall
performance across both in-domain (IID) and out-of-

distribution (OOD) test splits.

Medical Expert vs Gold Labels

Understanding

Medical Expert Label

Reasoning

Agreement = 79.0%

Understanding Reasoning

Gold Label (MedXpert)

Figure S1: Agreement between MedXpert labels and an
independent set of 100 samples annotated by a separate
medical expert. Although the original labels were also
expert-generated, the 79% agreement underscores the
task’s subjectivity and the potential for inter-annotator

variability.
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Dataset Knowledge-heavy Reasoning-heavy Total

HLE (Biomed) 115 (78.2%) 32 (21.8%) 147
MedBullets (4 options) 7 (2.3%) 301 (97.7%) 308
MedBullets (5 options) 7 (2.3%) 301 (97.7%) 308
MedMCQA 3826 (91.5%) 357 (8.5%) 4183
MedQA-USMLE 440 (34.6%) 833 (65.4%) 1273
MedXpertQA 777 (31.7%) 1673 (68.3%) 2450
MMLU (Health/Biology) 1356 (88.3%) 179 (11.7%) 1535
PubMedQA 958 (95.8%) 42 (4.2%) 1000
GPQA (Medical) 375 (96.2%) 15 (3.8%) 390
Lancet 281 (68.2%) 131 (31.8%) 412
NEIM 329 (54.6%) 274 (45.4%) 603
Total 8471 (67.2%) 4138 (32.8%) 12609

Table S2: Distribution of knowledge-heavy and reasoning-heavy questions across all evaluation datasets. Percentages
are computed row-wise within each dataset. Classification was performed using a PubMedBERT classifier fine-tuned
on expert-labeled data.

Model MQA MCQA PQA MMLU MB4 MD5 MDX HLE GPQA Let. NEJM
Knowledge Accuracy

QwQ-32B 87.3 69.9 71.5 78.7 71.4 57.1 23.8 9.6 66.9 694 70.8

Qwen3-235B 90.5 76.8 78.5 79.0  100.0  100.0 31.0 13.0 68.0 78.6 76.3

GPT-40 91.1 77.9 77.0 81.7  100.0 100.0 27.7 7.8 69.9 733 74.2

DeepSeek-R1 93.2 79.1 76.4 832 85.7 85.7 375 15.7 725 797 79.9

GPT-04-mini 94.8 81.0 80.2 834  100.0 85.7 41.7 15.8 803  81.1 83.0

Reasoning Accuracy

QwQ-32B 80.0 72.3 90.5 81.6 71.1 63.1 23.1 3.1 333 748 79.2
Qwen3-235B 85.1 74.8 90.5 84.4 80.7 744 28.8 6.2 200 740 81.8
GPT-40 86.9 74.8 88.1 88.8 77.4 73.4 25.8 3.1 467 832 83.9
DeepSeek-R1 88.7 79.0 90.5 89.9 83.7 79.4 35.9 9.4 6.7 847 85.8
GPT-04-mini 92.1 71.9 90.5 87.2 874 85.4 45.0 0.0 60.0 802 88.7
Overall Accuracy
QwQ-32B 825 70.1 78.0 79.0 71.1 63.0 233 8.2 65.6 711 74.6
Qwen3-235B 87.0 76.6 79.0 79.6 81.2 75.0 29.5 11.6 662 772 78.8
GPT-40 88.4 77.6 77.5 825 77.9 74.0 26.4 6.8 69.0 765 78.6
DeepSeek-R1 90.3 79.1 71.0 84.0 83.8 79.5 36.4 143 70.0  81.3 82.6
GPT-04-mini 93.0 80.7 80.6 83.8 87.7 85.4 44.0 12.1 79.5  80.8 85.6

Table S3: Task-wise performance of general-domain reasoning models across 11 biomedical QA benchmarks.
Accuracy is reported separately for knowledge-heavy, reasoning-heavy, and overall questions. While models
like DeepSeek-R1 and GPT-04-mini achieve the highest scores overall, reasoning accuracy tends to lag behind
knowledge across most tasks, highlighting the greater challenge posed by reasoning-heavy questions.
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Model vs Gold Labels — Accuracy: 81.0%
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Figure S2: Performance of a BERT-based classifier in distinguishing medical knowledge versus reasoning questions.
The model was trained and evaluated on the MedXpert dataset, with a held-out test set of 100 examples evenly split
between knowledge and reasoning questions.

Model vs Medical Expert Labels — Accuracy: 81.0%
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Figure S3: Agreement between the BERT-based classifier and expert annotations on the MedXpert test set. The
results show that the model closely aligns with expert judgment in distinguishing knowledge and reasoning questions,
suggesting it can approximate human-level labeling.

2466



= [ Knowledge (63.69)
[ Reasoning (115.27)
0.020 A
0.015 A
>
()
c
(]
>
o
i 0.010 A ]
Sy
0.005 A
0.000 T T T T T T T
0 100 200 300 400 500 600
Word Count

Figure S4: Distribution of word counts for knowledge and reasoning questions in the MedXpert training set.
Reasoning questions are longer on average, reflecting their greater contextual and inferential complexity.

Model Knowledge Reasoning Overall

Qwen2.5-7B-Instruct 51.5505-506 35.3338-.367 46.2453.472
QWCII w/ self—consistency (64) 53.051_9 -54.0 35.734.3 2371 47-346.4 482
Qwen w/ CoT 54.5535.556 36.0346-375 48.4476-493
Qwen w/ retrieval on medical ol 54.953,9 -56.0 37-936.5 -393 49-348.4 -50.1
Qwen w/ medical ol SFT w/o Reasoning  55.3543.564 39.2378.405 50.049.1-5009
Qwen w/ medical ol SFT 54.653,5 -55.6 38.937,4 -40.5 49-548.6 503
QWCH w/ retrieval on MedReason 54-753.6 557 40.739.1 -42.0 50. 149.2 -50.9
Qwen w/ MedReason SFT w/o Reasoning  55.9s549.568 40.33389.419 50.8409-51.6
QWGH w/ MedReason SFT 54.453,3 -554 38.336,9 -39.7 49-148.2 -499
Qwen w/ retrieval on m23k 55-754.6 -56.8 38.537.0 - 40.0 50. 149.2 -509
Qwen w/ m23k SFT w/o Reasoning 52.051_0 -53.0 36.835.5 383 47'046.1 -479
Qwen w/ m23k SFT 55.9548.570 41.3398.428 Sl.1503.520

Table S4: Accuracy across knowledge, reasoning, and overall categories for Qwen2.5-7B-Instruct variants. Confi-
dence intervals (CI) are shown as subscript ranges. “SFT Baselines (Final Answer Only)” refers to models trained
without reasoning traces. All variants show a consistent performance gap between reasoning and knowledge, under-
scoring the difficulty of reasoning-heavy questions. Models trained on the m23k dataset perform best, especially
when reasoning traces are included.
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True Positive Examples (Correctly Classified as Reasoning)

Example 1

A 60-year-old female presents to emergency care with new-onset back pain following gardening
activities. The pain scores 7/10, does not radiate, and persists despite rest. She has no history of
similar pain and denies constitutional symptoms or neurological symptoms. Her medical history
includes hypertension treated with hydrochlorothiazide, and a recent asthma exacerbation treated
with prednisone. She abstains from alcohol and tobacco. Vital signs show: temperature 98.6°F
(37.0°C), blood pressure 120/80 mmHg, pulse 90/min, and respirations 18/min. On examination,
she appears uncomfortable but not in acute distress. The spine shows no tenderness to palpation.
Straight leg raise and slump tests are negative. Neurological examination reveals intact strength
(5/5) in all lower extremity muscle groups and normal reflexes (2+) bilaterally. Laboratory findings are:

Hemoglobin: 12.0 g/dL.
Creatinine: 1.1 mg/dL.
Ca’*: 10.6 mg/dL

What is the most likely diagnosis?
A. Lumbosacral strain

B. Ankylosing spondylitis

C. Sacroiliitis

D. Herniated disc

E. Renal osteodystrophy

Example 2

A 45-year-old mechanic presents to the emergency department complaining of acute-onset shortness
of breath while repairing a plowing tractor for his neighbor. The patient denies having any history of
asthma or respiratory symptoms, and does not smoke. His temperature is 99.8°F (37.7°C), pulse is
65/min, blood pressure is 126/86 mmHg, and respirations are 20/min. His oxygen saturation is 97%.
On exam, he is pale and diaphoretic. His pupils are contracted. Diffuse wheezes are noted in all lung
fields.

What is the best treatment for his condition?
A: Intubation

B: Succinylcholine

C: Inhaled ipratropium and oxygen

D: Atropine and pralidoxime

E: Inhaled albuterol and oxygen

Figure S5: Examples where both the expert and the classifier agreed the question was reasoning-heavy.
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True Negative Examples (Correctly Classified as Knowledge)

Example 1

What is true regarding naloxone?

A. Naloxone is a synthetic N-allyl derivative of oxymorphone.

B. Naloxone is a partial agonist at the mu-opioid receptor.

C. Naloxone has a long half-life, making it suitable for chronic opioid overdose management.
D. Naloxone is metabolized primarily by the kidneys rather than the liver.

E. Naloxone is effective in reversing benzodiazepine-induced respiratory depression.

Example 2

Which type of movement is most associated with the development of the overuse syndrome known as
athletic pubalgia?

A. Hip abduction and external rotation

B. Hip extension and abduction

C. Hip flexion and abduction

D. Hip flexion and external rotation

E. Hip adduction and internal rotation

Figure S6: Examples where both the expert and the classifier agreed the question was knowledge-heavy.
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False Positive Examples (Classified Incorrectly as Reasoning)

Example 1

A 47-year-old woman presents to the clinic with 3 weeks of increased thirst and urination. She has a
history of obesity, hypertension, and depression for which she takes losartan and sertraline. She has
smoked 1 pack of cigarettes per day for 30 years. Her temperature is 99.5°F (37.5°C), blood pressure
is 148/90 mmHg, pulse is 84/min, and respirations are 15/min. Physical exam is unremarkable,
including no costovertebral or suprapubic tenderness to palpation. Laboratory studies are performed
and show:

Serum: Na+: 140 mEq/L

K+: 4.4 mEq/L

HCO3-: 21 mEq/L

Blood urea nitrogen (BUN): 38 mg/dL
Creatinine: 1.1 mg/dL

Glucose: 215 mg/dL.

Which of the following is the most appropriate screening test for nephropathy in this patient?
A: Creatinine clearance

B: Oral glucose tolerance test

C: Urine albumin-to-creatinine ratio

D: Hemoglobin Alc

Example 2

A 55-year-old male with end-stage renal disease secondary to hypertension, who underwent a
cadaveric kidney transplant three months ago, presents to the emergency department with palpitations.
His current medications include tacrolimus, mycophenolic acid (MPA), and prednisone. Laboratory
results reveal a serum potassium level of 3.2 mEq/L (normal range: 3.6-5.1 mEq/L) and a serum
magnesium level of 0.9 mEq/L (normal range: 1.8-2.2 mEq/L). He is diagnosed with new-onset
atrial fibrillation, and the cardiologist recommends maintaining serum potassium > 4 mEq/L and
serum magnesium > 2 mEq/L. Despite supplementation with magnesium and potassium, his
serum magnesium remains between 1.1 and 1.2 mEqg/L. What is the most appropriate next step in
management?

A. Add thiazide diuretic

B. Add spironolactone

C. Switch Tacrolimus to cyclosporine

D. Discontinue mycophenolic acid

E. Start amiloride

Figure S7: Examples where the expert labeled questions as knowledge-heavy but the classifier labeled them as
reasoning-heavy.
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False Negative Examples (Classified Incorrectly as Understanding)

Example 1

A 31-year-old professional baseball pitcher presents with increased external rotation and a 30-degree
deficit in internal rotation of his throwing shoulder compared to his non-dominant side. During the
cocking phase of throwing, what abnormal movement of the humerus relative to the glenoid would
motion analysis of the glenohumeral joint most likely reveal?

A. Posterosuperior

B. Posteroinferior

C. Superior impingement during abduction

D. Posterior translation with internal rotation

E. Inferosuperior impingement during cocking phase

Example 2

A cohort study investigated mortality rates among workers at the French Atomic Energy Commission
and Nuclear Fuel Company. The study included employees who worked for at least one year between
1950 and 1994 and were followed from 1968 to 2004. Cancer was identified as the leading cause of
mortality. Which type of cancer had the highest prevalence in this study?

A. Aplastic anemia with transformation to leukemia

B. Multiple myeloma

C. Lung carcinoma

D. Acute myeloid leukemia

E. Chronic myeloid leukemia

Figure S8: Examples where the expert labeled questions as reasoning-heavy, but the classifier labeled them as
knowledge-heavy.

Example of Adversarial Trace Prefill for Llama-3.1-8B-Instruct Inference

<|eot_id|><|start_header_id|>user<|end_header_id|>

You are a biomedical reasoning model. You must think step-by-step and reason carefully
about the following question before answering. You must select the correct option from the given
options (A, B, C, D, etc.). Your response must conclude with the correct option in the format:
<answer> A </answer>.

What is the impact of knocking out LIG1 on CTG somatic instability in the context of My-
otonic dystrophy?

A. Increased instability

B. Contraction of repeat length

C. Reduced instability

D. No impact

E. Knockout is lethal<|eot_id|><|start_header_id|>assistant<|end_header_id|>

Perhaps A. Increased instability is correct, but I should examine this more carefully before
deciding.

Figure S9: Example of pre-filling model input with an adversarial trace to simulate incorrect reasoning. Used to
evaluate the model’s ability to recover and self-correct.

2471



Model MQA MCQA PQA MMLU MB4 MD5 MDX HLE GPQA Lect. NEJM

Knowledge Accuracy

DeepSeek-R1-Distill-Llama-8B 55.9 49.7 74.8 58.6 57.1 57.1 16.0 6.1 60.8 53.0 46.5
Llama-3.1-8B-Instruct 52.0 46.9 76.7 54.4 42.9 28.6 125 139 44.8 47.7 56.2
w/ self-consistency (64) 532 51.0 77.0 543 42.9 429 133 13.9 453 523 56.2
w/ CoT 70.7 58.9 712 60.6 57.1 429 16.1 8.7 52.0 60.5 57.8
w/ retrieval on medical ol 61.8 57.8 79.0 60.4 71.4 57.1 16.7 10.4 53.6 58.0 55.0
w/ retrieval on MedReason 68.9 59.3 793 60.4 42.9 57.1 20.1 122 44.8 58.7 59.6
w/ retrieval on m23k 65.2 59.5 759 59.1 85.7 429 17.9 13.9 50.1 59.8 59.0
w/ medical ol SFT Baseline 60.2 58.1 76.4 58.6 57.1 71.4 16.1 13.0 38.7 59.8 593
w/ MedReason SFT Baseline 61.8 58.9 673 58.1 42.9 429 17.2 19.1 48.0 60.5 593
w/ m23k SFT Baseline 50.2 545 76.3 55.1 71.4 57.1 17.0 19.1 42.7 573 532
w/ medical ol SFT 69.3 58.5 76.2 60.8 57.1 57.1 15.1 10.4 52.8 58.0 60.5
w/ medical R1-Distill SFT 78.0 63.1 76.1 63.9 57.1 85.7 189 122 48.8 63.7 61.7
w/ MedReason SFT 65.9 56.9 76.0 57.9 57.1 714 152 15.7 44.5 56.9 59.3
w/ m23k SFT 78.6 63.4 77.0 64.0 714 57.1 19.4 122 47.2 64.8 63.8
Reasoning Accuracy
DeepSeek-R1-Distill-Llama-8B 48.1 46.2 76.2 41.9 445 389 14.1 9.4 333 58.8 46.7
Llama-3.1-8B-Instruct 52.6 50.1 81.0 52.0 48.8 439 14.0 3.1 0.0 59.5 55.8
w/ self-consistency (64) 534 57.1 833 553 47.8 40.9 13.7 3.1 133 58.8 55.8
w/ CoT 60.7 60.2 833 65.4 56.5 50.2 13.8 6.2 26.7 58.0 65.3
w/ retrieval on medical ol 59.1 58.0 85.7 55.9 555 49.8 16.4 9.4 46.7 61.1 60.6
w/ retrieval on MedReason 624 59.4 88.1 61.5 57.1 55.8 20.0 3.1 26.7 60.3 59.9
w/ retrieval on m23k 61.9 57.1 88.1 62.0 535 50.2 16.3 15.6 60.0 59.5 63.1
w/ medical ol SFT Baseline 61.0 61.6 833 59.8 54.8 47.2 17.6 6.2 66.7 60.3 59.5
w/ MedReason SFT Baseline 61.0 60.5 78.6 58.1 61.8 54.8 22.1 12,5 333 60.3 61.7
w/ m23k SFT Baseline 49.3 54.9 81.0 53.6 52.5 46.8 19.4 6.2 66.7 55.7 511
w/ medical ol SFT 61.2 63.9 90.5 62.6 56.8 51.8 16.1 6.2 60.0 64.9 59.5
w/ medical R1-Distill SFT 72.1 65.5 88.1 75.4 66.8 58.5 17.5 12,5 46.7 61.8 68.2
w/ MedReason SFT 623 54.6 929 63.1 555 52.8 15.7 3.1 6.7 59.5 61.7
w/ m23k SFT 71.1 60.2 88.1 715 65.1 59.5 19.5 6.2 26.7 66.4 672
Overall Accuracy
DeepSeek-R1-Distill-Llama-8B 50.8 49.4 749 56.7 44.8 39.3 14.7 6.8 59.7 54.9 46.6
Llama-3.1-8B-Instruct 524 47.2 76.9 54.1 48.7 435 13.6 11.6 43.1 515 56.1
w/ self-consistency (64) 53.3 51.5 71.3 54.4 47.7 40.9 13.6 11.6 44.1 54.4 56.1
w/ CoT 64.2 59.0 715 61.2 56.5 50.0 14.5 8.2 51.0 59.7 61.2
w/ retrieval on medical ol 60.0 57.8 793 59.9 55.8 50.0 16.5 10.2 533 59.0 575
w/ retrieval on MedReason 64.7 59.3 79.7 60.5 56.8 55.8 20.0 10.2 44.1 59.2 59.7
w/ retrieval on m23k 63.1 59.3 76.4 59.4 542 50.0 16.8 14.3 50.5 59.7 60.9
w/ medical ol SFT Baseline 60.7 584 76.7 58.7 549 47.7 17.1 11.6 39.7 60.0 59.4
w/ MedReason SFT Baseline 61.3 59.0 67.8 58.1 61.4 54.5 20.6 17.7 47.4 60.4 60.4
w/ m23k SFT Baseline 49.6 54.6 76.5 54.9 529 47.1 18.6 16.3 43.6 56.8 522
w/ medical ol SFT 64.0 59.0 76.8 61.0 56.8 51.9 15.8 9.5 53.1 60.2 60.0
w/ medical R1-Distill SFT 742 63.4 76.6 65.2 66.6 59.1 17.9 122 48.7 63.1 64.7
w/ MedReason SFT 63.6 56.7 76.7 58.5 555 532 15.6 12.9 43.1 57.8 60.4
w/ m23k SFT 73.7 63.2 715 64.9 65.3 59.4 19.5 10.9 46.4 65.3 65.3

Table S5: Task-level accuracy of Llama-3.1-8B-Instruct variants across 11 biomedical QA benchmarks, grouped
by evaluation category: Knowledge, Reasoning, and Overall. Each model is evaluated under different supervision
strategies—including prompting (e.g., CoT), retrieval-augmented generation (RAG), and supervised fine-tuning
(SFT)—with and without reasoning traces. Substantial variation in performance is observed across datasets and
supervision settings, with the m23k SFT consistently yielding the strongest results across all categories.

2472



Model MQA MCQA PQA MMLU MB4 MD5 MDX HLE GPQA Let. NEJM
Knowledge Accuracy
DeepSeek-R1-Distill-Qwen-7B 37.7 389 74.1 49.9 57.1 28.6 124 113 61.3 33.8 31.6
Qwen2.5-7B-Instruct 50.9 545 734 52.7 57.1 57.1 12.0 183 47.5 56.2 53.8
Qwen w/ self-consistency (64) 514 553 735 574 57.1 57.1 12.9 20.0 50.9 58.0 54.4
w/ CoT 589 55.8 75.5 623 57.1 57.1 12.6 17.4 525 58.0 514
w/ retrieval on medical ol 57.5 56.0 76.5 64.5 71.4 71.4 16.1 13.0 45.6 53.4 52.6
w/ retrieval on MedReason 58.0 559 76.3 62.4 429 57.1 17.8 16.5 47.7 53.7 50.2
w/ retrieval on m23k 63.2 56.6 772 62.7 57.1 57.1 17.0 13.0 48.0 573 57.1
w/ medical ol SFT Baseline 55.7 56.5 76.9 63.7 71.4 57.1 14.9 183 443 59.8 60.2
w/ MedReason SFT Baseline 577 575 71.7 63.3 57.1 71.4 13.6 19.1 48.8 59.4 57.8
w/ m23k SFT Baseline 45.2 524 76.3 57.7 42.9 71.4 18.8 183 51.7 537 52.0
w/ medical ol SFT 63.0 553 73.1 62.2 42.9 71.4 13.4 122 54.7 584 58.7
w/ medical R1-Distill SFT 69.1 58.7 75.5 64.9 57.1 71.4 153 15.7 46.9 58.0 584
w/ MedReason SFT 62.5 56.0 76.5 61.5 71.4 429 13.1 14.8 44.5 54.4 52.6
w/ m23k SFT 67.5 58.9 73.0 62.0 57.1 57.1 15.6 14.8 42.9 573 535
Reasoning Accuracy
DeepSeek-R1-Distill-Qwen-7B 27.6 36.4 833 235 30.6 259 11.7 9.4 40.0 35.1 31.0
Qwen2.5-7B-Instruct 515 52.7 85.7 44.1 50.2 39.5 12.1 9.4 333 59.5 61.3
w/ self-consistency (64) 522 529 85.7 475 48.8 39.9 124 12,5 60.0 58.8 61.7
w/ CoT 54.0 50.4 88.1 58.1 48.8 40.9 11.8 9.4 333 61.8 58.8
w/ retrieval on medical ol 54.1 515 833 60.9 51.5 39.9 159 12,5 40.0 62.6 56.9
w/ retrieval on MedReason 573 54.1 929 58.1 58.8 48.8 18.6 3.1 40.0 61.1 55.1
w/ retrieval on m23k 54.4 54.9 90.5 62.0 55.5 429 153 9.4 333 65.6 54.7
w/ medical ol SFT Baseline 55.1 54.1 85.7 57.0 51.5 46.5 15.2 9.4 66.7 71.8 64.2
w/ MedReason SFT Baseline 59.2 532 85.7 58.7 55.5 50.8 152 15.6 66.7 67.9 60.6
w/ m23k SFT Baseline 46.6 44.8 88.1 54.7 48.5 432 20.6 12,5 333 573 50.0
w/ medical ol SFT 573 56.0 81.0 63.1 51.5 46.2 14.3 6.2 46.7 595 60.9
w/ medical R1-Distill SFT 61.7 59.1 85.7 71.5 56.8 46.8 15.5 3.1 46.7 67.2 67.2
w/ MedReason SFT 56.1 535 85.7 58.7 55.1 442 143 3.1 46.7 56.5 59.9
w/ m23k SFT 62.7 56.0 85.7 66.5 555 51.8 15.1 12,5 133 58.8 63.5
Overall Accuracy
DeepSeek-R1-Distill-Qwen-7B 31.1 38.7 74.5 46.8 31.2 26.0 11.9 10.9 60.5 342 31.3
Qwen2.5-7B-Instruct 513 54.4 739 51.7 50.3 399 12.1 16.3 46.9 573 572
w/ self-consistency (64) 51.9 55.1 74.0 56.2 49.0 40.3 12.5 18.4 513 58.3 57.7
w/ CoT 55.7 554 76.0 61.8 49.0 41.2 12.1 15.6 51.8 59.2 54.7
w/ retrieval on medical ol 553 55.6 76.8 64.1 519 40.6 16.0 129 45.4 56.3 54.6
w/ retrieval on MedReason 575 55.8 71.0 61.9 58.4 49.0 18.3 13.6 47.4 56.1 524
w/ retrieval on m23k 574 56.5 77.8 62.6 555 432 15.8 122 47.4 60.0 56.1
w/ medical ol SFT Baseline 553 56.3 713 62.9 519 46.8 15.1 16.3 45.1 63.6 62.0
w/ MedReason SFT Baseline 58.7 57.2 78.0 62.8 555 513 14.7 18.4 49.5 62.1 59.0
w/ m23k SFT Baseline 46.1 51.7 76.8 573 484 438 20.0 17.0 51.0 54.9 51.1
w/ medical ol SFT 59.2 554 734 623 51.3 46.8 14.0 10.9 544 58.7 59.7
w/ medical R1-Distill SFT 643 58.7 75.9 65.7 56.8 474 15.5 12.9 46.9 60.9 624
w/ MedReason SFT 583 55.8 76.9 61.2 555 442 13.9 122 44.6 55.1 55.9
w/ m23k SFT 64.3 58.7 735 62.5 55.5 51.9 15.2 143 41.8 57.8 58.0

Table S6: Task-level accuracy for Qwen2.5-7B-Instruct variants across 11 biomedical QA benchmarks, grouped
by evaluation category: Knowledge, Reasoning, and Overall. Each row represents a different strategy, including
prompting (e.g., CoT), retrieval-augmented generation (RAG), and supervised fine-tuning (SFT) with and without
reasoning traces. The table highlights how different training and inference strategies influence performance across
benchmarks, with m23k-based SFT yielding the strongest reasoning performance and notable improvements in
overall accuracy.

Model

Knowledge

Reasoning

Overall

HuatuoGPT-01-8B
MedReason-8B
Llama-m1-8B-23k
HuatuoGPT-01-70B

57.4% (56.0-59.1)
57.3% (55.8-58.9)
59.5% (57.9-61.1)
70.3% (68.8-71.6)

24.1% (21.5-27.0)
22.4% (19.7-25.0)
36.4% (33.3-39.2)
37.5% (34.4-40.5)

50.4% (49.1-51.9)
50.0% (48.5-51.4)
54.6% (53.1-56.0)
63.4% (62.1-64.9)

Table S7: Model accuracy (with 95% CI) on combined open-ended tasks (BioASQ-QA and MedCaseReasoning),
split by knowledge-heavy, reasoning-heavy, and overall examples.
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Replicates of Adversarial Reasoning Traces
Used for Prefill

Replicate 1: I think the answer is { wrong an-
swer}, but I am not sure. Let me think again.
Replicate 2: My initial hypothesis is { wrong
answer }, but I may be wrong. Let me verify
my reasoning.

Replicate 3: Perhaps {wrong answer} is cor-
rect, but I should examine this more carefully
before deciding.

Figure S10: Adversarial reasoning traces used to prefill
model inputs and evaluate robustness to incorrect initial
reasoning.
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Figure S11: Distribution of reasoning trace lengths
(in words) across the three SFT datasets: medical-ol,
MedReason, and m23k. Boxes show interquartile ranges
with medians; means are annotated. The m23k dataset
contains substantially longer traces.

Examples where Experts Disagreed

Example 1

A 42-year-old female presents with left-sided
pelvic pain of 3 weeks’ duration, occasionally
radiating down her left leg and worsening
with prolonged sitting. She reports increased
cycling activity but no recent trauma. Ac-
etaminophen provides minimal relief. Physical
examination shows the left anterior superior
iliac spine (ASIS) is positioned closer to
the umbilicus compared to the right, while
both posterior superior iliac spines (PSIS) are
equidistant from the umbilicus. Left-sided
ASIS compression test is positive. The patient
agrees to direct muscle energy treatment.
After engaging the restrictive barrier for
postisometric relaxation treatment, which
movement should the patient be instructed to
perform?

A. Extension and internal rotation of the left
hip

B. Adduction and external rotation of the left
hip

C. Flexion and internal rotation of the left hip
D. Flexion and adduction of the left hip

E. Adduction and internal rotation of the left
hip

Example 2

A 47-year-old woman comes to the emergency
department with a history of fever, chills, and
back pain. She has a known diagnosis of type
2 diabetes and takes metformin daily. On
examination, she has left-sided costovertebral
angle tenderness. Her temperature is 39.4°C
(103.0°F), blood pressure is 125/84 mm
Hg, and pulse is 84/min. Urinalysis reveals
leukocytes, nitrites, protein, and red blood cells
(RBCs). What is the most likely underlying
cause of her condition?

A. Emphysematous pyelonephritis

B. Renal vein thrombosis

C. Acute interstitial nephritis

D. Medullary sponge kidney

E. Acute papillary necrosis

Figure S12: Examples where both the expert and the
classifier agreed the questions were reasoning-heavy.
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Figure S13: Average token counts generated by models trained with SFT and SFT + RL, stratified by reasoning-
heavy and knowledge-heavy questions across all evaluation benchmarks. Models trained with RL on top of SFT
tend to produce more concise reasoning traces compared to SFT-only models, despite both being trained on distilled
traces from DeepSeek-R1. As expected, all models generate longer outputs for reasoning-heavy questions, reflecting
their higher difficulty.

Dataset Configuration

Max prompt length 4096
Max response length 4096
Rollout batch size 512
Validation batch size 512
Algorithm (GRPO)
Advantage estimator grpo
KL loss enabled true
KL coefficient le-2
Actor Model Configuration
Gradient checkpointing true
Trust remote code false
Global batch size 128
Micro batch size (update) 4
Micro batch size (experience) 16
Max grad norm 1.0
Padding-free training true
Learning rate le-6
Weight decay le-2
Optimizer adamw
Warmup ratio 0.0
FSDP Full shard
Parameter offload true
Optimizer offload true

Rollout Configuration

Number of rollouts (n) 5
Temperature 1.0
Top-p 0.99
Tensor parallel size 2
GPU memory utilization 0.6
Enforce eager execution false
Chunked prefill false
Trainer Settings

Total epochs 3
Nodes 1
GPUs per node 8

Table S8: Key configuration settings for RL training,
adapted from EasyR1 (Zheng et al., 2025; Sheng et al.,
2024).
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Replicates of Adversarial Reasoning Traces Used for Prefill

I think the answer is {wrong answer}, but I am not sure. Let me think again.

My initial hypothesis is {wrong answer}, but I may be wrong. Let me verify my reasoning.

Perhaps {wrong answer} is correct, but I should examine this more carefully before deciding.
Presumably it’s {wrong answer}, but I should reanalyze this.

To the best of my knowledge it’s {wrong answer}, but I'm second-guessing myself.

As far as I’'m aware it’s {wrong answer}, though I could be wrong.

It could be {wrong answer}, but let me check if that really makes sense.

Considering all the options, it might be {wrong answer}, but I’ll reassess.

It probably is { wrong answer}, but I should walk through the logic again.

Maybe it’s {wrong answer}, although I should double check.

Perhaps it’s {wrong answer}, but I want to validate that.

It should be {wrong answer}, but I might be making a mistake.

I don’t know, maybe it’s {wrong answer}, but I’ll think more carefully.

I suppose it’s {wrong answer}, but I want to reevaluate.

I feel like it should be {wrong answer}, but that might be incorrect.

I think it’s {wrong answer}, but let me review the reasoning.

It seems like {wrong answer}, though I could be mistaken.

I vaguely remember it’s {wrong answer }, but that may not be right.

Wikipedia claims it’s {wrong answer}, but let me evaluate it further.

Online says it’s {wrong answer }, but that could be misleading.

The textbook says it’s {wrong answer}, but I should verify it clinically.

Some studies on PubMed suggest it’s {wrong answer}, but I want to analyze it further.

A recent article on bioRxiv claims it’s {wrong answer}, but it hasn’t been peer-reviewed.
According to medRxiv, it’s {wrong answer}, though the evidence may be preliminary.

I saw a figure in a medical textbook supporting {wrong answer}, but I'll reassess based on the
symptoms.

I found a case study supporting {wrong answer}, but I’'m unsure if it generalizes.

I saw a similar case in UpToDate that mentioned { wrong answer }, but I’ll double-check the presenta-
tion here.

Clinical guidelines mention {wrong answer}, but I think this case may be an exception.

A recent CME module on Medscape said it’s {wrong answer }, but I want to reason through it myself.
NEJM Knowledge+ listed {wrong answer} as a possible answer, but let me verify based on core
pathophysiology.

A preprint on medRxiv suggested { wrong answer }, though I’ll be cautious before trusting that.

I think UpToDate recommends {wrong answer }, but this case may need deeper reasoning.

A lecture I watched referenced {wrong answer}, but I should analyze it independently.

A clinician on a CME podcast mentioned {wrong answer}, but I need to double-check.

I read a summary on Medscape suggesting { wrong answer }, but I’'m not fully convinced.

An article in The Lancet proposed {wrong answer}, though I’m skeptical based on this context.

A recent Nature Medicine paper reported {wrong answer }, but I want to make sure it applies here.
A Science Translational Medicine study found {wrong answer}, though I should reason through it
independently.

Figure S14: Adversarial reasoning traces used during training to induce varying levels of uncertainty. These prompts
simulate incorrect initial hypotheses and encourage the model to backtrack and self-correct.
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Model Knowledge Reasoning Overall
Normal  Adv. (%A) Normal Adv. (%A) Normal Adv. (%A)

Qwen w/ m23k SFT 55.9 45.2 (-19.1) 41.3 31.7 (-23.3) 51.1 40.8 (-20.2)
+ Random hard SFT 57.2 43.9 (-23.3) 429 30.9 (-27.9) 52.5 39.6 (-24.5)
+ Knowledge hard SFT 57.6 43.3 (-24.9) 41.3 30.1 (-27.2) 52.3 39.0 (-25.5)
+ Reason hard SFT 58.0 44.8 (-22.8) 4477 31.7 (-29.1) 53.7 40.5 (-24.5)
+ Reason Hard RL 58.7 48.1 (-18.1) 44.8 35.8 (-20.2) 54.1 44.0 (-18.7)

m23k + Reason hard Full RL 54.4 41.9 (-22.9) 37.2 27.0 (-27.5) 48.8 37.0 (-24.1)

Table S9: Performance of Qwen2.5-7B-Instruct variants fine-tuned on m23k, then further trained using SFT, RL, or
SFT + RL on 7,627 reasoning-hard examples. Control experiments using knowledge-hard and random-hard subsets
are also included. Reasoning-hard supervision yields the largest gains in reasoning accuracy, particularly under SFT.
With RL, performance differences between subsets narrow, suggesting improved generalization across difficulty
types. In all settings, SFT + RL consistently outperforms SFT-only and RL-only variants.
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Figure S15: Average token counts generated by publicly available biomedical and general-domain reasoning
models, along with our proposed variants BioMed-R1-8B and BioMed-R1-32B, stratified by reasoning-heavy and
knowledge-heavy questions across all evaluation benchmarks.
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Model MQA MCQA PQA MMLU MB4 MD5 MDX HLE GPQA Lect. NEJM
Knowledge Accuracy
Llama w/ m23k SFT 78.6 63.4 71.0 64.0 71.4 57.1 19.4 12.2 47.2 64.8 63.8
+ Random Hard SFT 713 63.3 75.7 64.0 57.1 429 17.9 9.6 48.5 63.3 62.9
+ Knowledge Hard SFT 78.2 63.8 76.6 63.9 71.4 71.4 17.1 13.0 45.9 61.6 60.8
+ Reason Hard SFT 78.0 64.2 76.1 64.3 71.4 71.4 17.0 13.0 49.9 62.3 63.2
+ Reason Hard RL 81.6 66.7 719 68.7 71.4 71.4 19.8 13.0 579 66.2 65.7
Reasoning Accuracy
Llama w/ m23k SFT 71.1 60.2 88.1 71.5 65.1 59.5 19.5 6.2 26.7 66.4 67.2
+ Random Hard SFT 719 64.7 85.7 74.3 64.5 58.5 19.1 9.4 40.0 64.1 73.7
+ Knowledge Hard SFT 70.5 61.1 929 74.3 63.5 59.1 19.5 9.4 20.0 61.1 70.4
+ Reason Hard SFT 71.5 66.7 90.5 72.6 67.1 64.8 20.6 3.1 333 66.4 71.9
+ Reason Hard RL 74.9 62.7 92.9 74.9 67.4 63.1 20.1 3.1 20.0 64.1 69.0
Overall Accuracy
Llama w/ m23k SFT 73.7 63.2 71.5 64.9 65.3 59.4 19.5 10.9 46.4 65.3 65.3
+ Random Hard SFT 73.8 63.4 76.1 65.2 64.3 58.1 18.7 9.5 48.2 63.6 67.8
+ Knowledge Hard SFT 73.1 63.6 713 65.1 63.6 59.4 18.7 12.2 44.9 61.4 65.2
+ Reason Hard SFT 73.8 64.4 76.7 65.3 67.2 64.9 19.4 10.9 49.2 63.6 67.2
+ Reason Hard RL 77.2 66.3 78.5 69.4 67.5 63.3 20.0 10.9 56.4 65.5 67.2

Table S10: Task-level performance of Llama-3.1-8B-Instruct variants fine-tuned on m23k, then further trained with
either SFT or RL on 7,627 reasoning-hard examples. We include controls using knowledge-hard and random-hard

subsets. Reasoning-hard supervision yields the greatest improvements in reasoning accuracy, particularly under
SFT. With RL, performance differences between subsets narrow, suggesting RL helps generalize across difficulty

types. Across all settings, SFT + RL consistently outperforms SFT-only and RL-only variants.

Model MQA MCQA PQA MMLU MB4 MD5 MDX HLE GPQA Lect. NEJM
Knowledge Accuracy
Qwen w/ m23k SFT 67.5 58.9 73.0 62.0 57.1 57.1 15.6 14.8 429 57.3 535
+ Random Hard SFT 69.3 59.0 73.8 65.1 714 57.1 16.6 8.7 45.6 62.6 59.3
+ Knowledge Hard SFT 70.7 60.2 75.2 64.4 57.1 429 16.0 11.3 45.1 60.5 59.0
+ Reason Hard SFT 72.7 60.4 75.3 64.5 71.4 57.1 16.2 7.8 48.5 56.9 60.8
+ Reason Hard RL 72.3 61.5 74.5 65.7 57.1 42.9 15.6 12.2 50.1 60.1 59.3
Reasoning Accuracy
Qwen w/ m23k SFT 62.7 56.0 85.7 66.5 555 51.8 15.1 12.5 13.3 58.8 63.5
+ Random Hard SFT 62.8 59.9 83.3 70.4 58.5 532 15.7 12.5 533 63.4 67.2
+ Knowledge Hard SFT 62.5 57.1 85.7 70.4 55.1 48.5 15.2 0.0 46.7 61.8 61.7
+ Reason Hard SFT 64.9 63.3 90.5 78.2 62.8 55.8 16.4 9.4 6.7 61.1 69.3
+ Reason Hard RL 67.0 61.1 90.5 70.4 60.1 56.1 16.9 12.5 20.0 64.9 69.3
Overall Accuracy
Qwen w/ m23k SFT 64.3 58.7 73.5 62.5 55.5 51.9 15.2 14.3 41.8 57.8 58.0
+ Random Hard SFT 65.0 59.1 74.2 65.7 58.8 532 16.0 9.5 45.9 62.9 62.9
+ Knowledge Hard SFT 65.4 59.9 75.6 65.1 552 48.4 15.5 8.8 45.1 60.9 60.2
+ Reason Hard SFT 67.6 60.7 75.9 66.1 63.0 55.8 16.4 8.2 46.9 58.3 64.7
+ Reason Hard RL 68.8 61.4 75.2 66.3 60.1 55.8 16.5 12.2 49.0 61.7 63.8

Table S11: Task-level performance of Qwen2.5-7B-Instruct variants fine-tuned on m23k, then further trained with
either SFT or RL on 7,627 reasoning-hard examples. We include controls using knowledge-hard and random-hard

subsets. Reasoning-hard supervision yields the greatest improvements in reasoning accuracy, particularly under
SFT. With RL, performance differences between subsets narrow, suggesting RL helps generalize across difficulty

types. Across all settings, SFT + RL consistently outperforms SFT-only and RL-only variants.
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Model Knowledge Reasoning Overall

ID OOD ID OOD ID OOD
Llama w/ m23k SFT 67.2659-685 496479-512 | 685658-712  38.1364.308 | 67.5663-687 44.2429-453
+ Random Hard SFT 66.8¢55-68.1  49.0473_507 | 703676-729  38.5367-403 | 674662-686 44.0428-453
+Knowledge Hard SFT  67.2¢59_684  48.8472.504 | 69.667.1-721  384368_-40.1 | 67.6665-687 43.9427-452
+ Reason Hard SFT 67.666.3-689  492476-509 | 70.868.1-732  40.0381.416 | 682671-.693 44.9436-46.1
+ Reason Hard RL 70.068.7-712  533515-550 | 72.069.4-745  393375.409 | 704692.714  46.7454_479

Table S12: In-domain (ID) and out-of-domain (OOD) performance of Llama-3.1-8B-Instruct variants fine-tuned on
m?23k and further trained on reasoning-hard, knowledge-hard, or random-hard examples using SFT or RL. Models
are evaluated separately on knowledge and reasoning subsets to assess generalization. While all models show
performance drops in the OOD setting, those trained with RL—especially on reasoning-hard examples—exhibit
stronger generalization and maintain higher accuracy across both knowledge and reasoning tasks.

Model Knowledge Reasoning Overall

ID OOD ID OOD ID OOD
Qwen w/ m23k SFT 62.2608-633  45744.1-476 | 61.5588-640 32.7310-344 | 02.1609.632  39.6334-408
+ Random Hard SFT 62.6614-639  484468-501 | 62760.0-655 345329-362 | 02.6614-638 41.9406-430
+Knowledge Hard SFT  63.8625.650  47.7459-49.4 | 61.8502 645 32.7310-344 | 634623-647 40.6394_418
+ Reason Hard SFT 642678 655 48.1463-498 | 053625-682  36.0343.378 | 644632-656 424412-436
+ Reason Hard RL 64.863.4-660  48.847.1-505 | 06.1635-688  358341-375 | 65.0639-662  42.7414-439

Table S13: In-domain (ID) and out-of-domain (OOD) performance of Qwen3-7B-Instruct variants fine-tuned on
m?23k and further trained on reasoning-hard, knowledge-hard, or random-hard examples using SFT or RL. Evaluation
is broken down by knowledge and reasoning subsets to assess generalization. Models trained on reasoning-hard
examples—especially with SFT—show the most improvement on reasoning tasks, including in the OOD setting.
RL training further enhances robustness, with the Reason Hard RL variant achieving the strongest overall OOD
performance.

Model Knowledge Reasoning Overall
Normal  Adv. (%A) Normal Adv. (%A) Normal Adv. (%A)
Llama w/ m23k SFT 60.5 49.9 (-17.5) 47.1 35.8 (-24.0) 56.1 45.3 (-19.3)
Llama w/ m23k + Adv. SFT 60.8 58.0 (-4.6) 48.2 45.4 (5.7 56.6 53.8 (-4.9)
Qwen w/ m23k SFT 55.9 45.2 (-19.1) 41.3 31.7 (-23.3) 51.1 40.8 (-20.2)

Qwen w/ m23k + Adv. SFT 57.3 54.4 (-5.1) 42.8 40.8 (-4.8) 52.6 49.9 (-5.0)

Table S14: Training ablation including adversarial reasoning traces during SFT. Introducing a small proportion of
such traces (~25%) significantly improves model robustness under uncertainty, reducing performance degradation
in adversarial settings.

2479



Model MQA MCQA PQA MMLU MB4 MD5S MDX HLE GPQA Lct. NEJM

Knowledge Accuracy

m1-7B-23K 74.3 61.0 73.0 664 857 714 16.0 139 52.8 56.9 57.4
HuatuoGPT-01-8B 71.1 582 799 59.1 429 714 149 19.1 51.7 60.9 61.7
OpenBioLLM-8B 46.6 503 589 473 429 571 11.2 139 32.8 434 48.0
UltraMedical-8B 54.8 532 718 5277 429 57.1 12.6 148 39.2 520 54.1
MedReason-8B 67.5 60.6 79.2 613 714 57.1 192 252 47.5 58.0 59.3
BioMed-R1-8B 78.9 66.5 77.6 704 714 714 19.7 9.6 55.7 623 64.4
medgemma-27b-text-it 83.4 70.8 740 754 714 714 247 148 55.5 65.8 69.6
ml1-32B-1K 84.5 66.5 76.5 778 714 571 233 157 60.8 66.9 66.6
HuatuoGPT-01-70B 86.8 75.0 81.1 7777 571 714 272 130 67.7 70.1 72.3
OpenBioLLM-70B 75.0 669 78.6 698 714 857 18.3 157 544 619 61.7
UltraMedical-70B 80.2 71.7  80.0 754 714 714 220 105 59.2 72.6 69.3
BioMed-R1-32B 87.0 69.5 715 80.1 857 714  26.0 9.6 69.3 69.8 68.7
Reasoning Accuracy
ml-7B-23K 67.9 64.7  90.5 67.0 625 56.1 18.1 9.4 46.7 64.9 63.5
HuatuoGPT-01-8B 71.2 63.6 905 72.1 538 532 16.6 6.2 333 61.1 66.4
OpenBioLLM-8B 47.1 493  66.7 453 349 319 123 18.8 333 504 51.5
UltraMedical-8B 58.1 563 85.7 59.2  53.8 488 142 125 40.0 58.8 59.5
MedReason-8B 63.3 60.2  90.5 76.0 555 525 212 125 0.0 618 63.1
BioMed-R1-8B 73.2 619 929 771 694 63.1 20.4 3.1 333 61.8 72.6
medgemma-27b-text-it 77.2 709 78.6 782 T77.1  67.1 25.3 3.1 60.0 67.9 75.9
ml-32B-1K 77.8 68.9  88.1 788 70.8 68.1 252 18.8 133  74.0 75.2
HuatuoGPT-01-70B 82.8 81.0 929 849 717 721 25.1 6.2 333 733 77.0
OpenBioLLM-70B 68.7 67.8  88.1 782 59.1 515 19.0 6.2 333 664 70.4
UltraMedical-70B 76.6 72.0 88.1 78.8 684 64.1 21.0 3.1 20.0 74.8 73.0
BioMed-R1-32B 83.0 72.8  90.5 849 741 708 26.4 3.1 333 725 79.2
Overall Accuracy
m1-7B-23K 70.1 61.3 737 66.5 630 56.5 174 129 52.6 59.5 60.2
HuatuoGPT-01-8B 71.2 58.6  80.3 60.7 536 53.6 16.0 163 51.0 60.9 63.8
OpenBioLLM-8B 46.9 502 592 470 351 325 120 150 32.8 45.6 49.6
UltraMedical-8B 57.0 534  78.1 535 53,6 49.0 13.7 143 39.2 541 56.6
MedReason-8B 64.7 60.6  79.7 63.0 558 526 205 224 456 59.2 61.0
BioMed-R1-8B 75.2 66.1 782 71.1 695 633 20.2 8.2 549 62.1 68.2
medgemma-27b-text-it 79.3 70.8 742 758 769 672 251 122 55.6 66.5 72.5
m1-32B-1K 80.1 66.7 77.0 779 70.8 67.9 246 16.3 59.0 69.2 70.5
HuatuoGPT-01-70B 84.2 75.5 81.6 785 773 721 258 11.6 66.4 71.1 74.5
OpenBioLLM-70B 70.9 67.0 79.0 70.8 594 523 18.8 13.6 53.6 633 65.7
UltraMedical-70B 77.8 71.7  80.3 7577 68.5 643 21.3 8.9 577 733 71.0
BioMed-R1-32B 84.4 69.8 78.0 80.7 744 708 26.3 8.2 67.9 70.6 73.5

Table S15: Benchmark-wise performance of all evaluated models across twelve biomedical and general-domain
reasoning datasets. We report knowledge, reasoning accuracy, and overall accuracy for each model. Our proposed
models—BioMed-R1-8B and BioMed-R1-32B—demonstrate consistently strong performance across benchmarks,
outperforming other open-source models of similar or larger scale.
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Model Knowledge Reasoning Overall
Normal Adv. (%A) Normal Adv. (%A) Normal Adv. (%A)

m1-7B-23K 58.5 46.5 (-20.6) 45.5 34.2 (-24.7) 543 42.5 (-21.7)
HuatuoGPT-01-8B 56.9 50.1 (-12.0 44.8 35.3 (21.2) 52.9 45.2 (-14.6)
OpenBioLLM-8B 454 16.8 (-63.0) 31.5 11.1 (-64.6) 40.8 14.9 (-63.49)
UltraMedical-8B 51.1 29.6 (-42.0) 39.2 18.9 (-51.8) 47.2 26.1 (-44.7)
MedReason-8B 58.2 28.2 (-51.5) 44.8 16.5 (-63.1) 53.8 24.4 (-54.7)
BioMed-R1-8B (Ours) 63.3 60.6 (-4.2) 49.2 47.7 (-2.9) 58.6 56.4 (-3.8)
MedGemma-27b 67.0 58.4 (-12.8) 53.9 45.2 (-16.2) 62.6 54.0 (-13.7)
ml-32B-1K 65.5 55.3 (-15.6) 53.7 42.3 (-21.3) 61.6 51.0 (-17.2)
HuatuoGPT-01-70B 70.9 65.2 (-8.1) 56.9 50.0 (-12.1) 66.3 60.2 (-9.2)
OpenBioLLM-70B 63.1 47.3 (-25.0) 46.6 28.4 (-39.2) 57.7 41.1 (-28.8)
UltraMedical-70B 67.8 57.1 (-15.8) 524 41.2 (-21.3) 62.9 51.9 (-17.5)

BioMed-R1-32B (Ours) 68.2 65.4 (-4.1) 56.5 52.8 (-6.6) 64.4 61.3 (-4.8)

Table S16: Comparison of open-source biomedical reasoning models with our variants: BioMed-R1-8B and
BioMed-R1-32B. BioMed-R1-8B leads among similarly sized models across all settings. BioMed-R1-32B rivals the
much larger HuatuoGPT-01-70B in standard accuracy and achieves the best adversarial robustness overall. All
models are trained from public HuggingFace checkpoints.

Knowledge Accuracy

Model Normal Advl (A) Adv2 (A) Adv3 (A)

Llama-3.1-8B-Instruct 48.4 25.1 (-483%)  43.7 (98%)  34.6 (-28.5%)
MedReason-8B 54.9 20.5 (-62.6%) 36.4 (-33.7%)  27.3 (-50.2%)
Llama-m1-8B-23k 60.5 45.0 (-25.7%)  52.5 (-132%)  52.3 (-13.5%)

HuatuoGPT-01-8B (SFT) 56.6 23.2 (-59.0%) 46.9 (-17.1%)  42.2 (-25.6%)
HuatuoGPT-01-8B (RL) 56.9 43.3 (-24.0%)  56.3 (-1.0%)  50.6 (-11.1%)

Reasoning Accuracy
Model Normal Advl (A) Adv2 (A) Adv3 (A)
Llama-3.1-8B-Instruct 36.0 11.0 (-69.3%)  23.4 (-35.0%)  21.7 (-39.7%)
MedReason-8B 41.2 10.9 (-735%)  21.3 (-483%)  18.1 (-56.0%)
Llama-m1-8B-23k 47.1 28.2 (-40.3%)  37.3 (-209%)  42.0 (-10.9%)

HuatuoGPT-01-8B (SFT) 42.1 11.1 73.7%)  29.2 (-30.8%)  27.6 (-34.5%)
HuatuoGPT-01-8B (RL) 44.8 27.6 (-384%)  40.8 (-89%)  37.5 (-16.4%)

Overall Accuracy
Model Normal Advl (A) Adv2 (A) Adv3 (A)
Llama-3.1-8B-Instruct 44 .4 20.5 -53.9%) 37.0 (-165%)  30.4 (-31.5%)
MedReason-8B 50.4 17.4 -655%) 31.4 (-37.6%) 24.3 (-51.8%)
Llama-m1-8B-23k 56.1 39.4 (-297%)  47.5 (-153%)  48.9 (-12.8%)

HuatuoGPT-01-8B (SFT) 51.9 19.2 -62.9%) 41.1 (-208%)  37.4 (-27.9%)
HuatuoGPT-01-8B (RL) 52.9 38.1 (-28.0%) 513 (-32%) 46.3 (-12.6%)

Table S17: Model performance under normal and adversarial settings using different prefilling-based adversarial
prompts. Advl: "I think the answer is {wrong answer}, but I am not sure. Let me think again." Adv2: "My
initial hypothesis is { wrong answer}, but I may be wrong. Let me verify my reasoning." Adv3: "Perhaps { wrong
answer} is correct, but I should examine this more carefully before deciding." The table shows varying degrees of
performance degradation across adversarial prompts, with Adv1 leading to the most significant drop in accuracy.
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Model MQA MCQA PQA MMLU MB4 MD5 MDX HLE GPQA Lect. NEJM

Knowledge Accuracy

DeepSeek-R1-Distill-Qwen-32B 85.0 66.7 76.4 79.1 71.4 57.1 21.2 8.7 70.1 70.8 62.9
QwQ-32B 87.3 69.9 71.5 78.7 71.4 57.1 23.8 9.6 66.9 69.4 70.8
DeepSeek-R1-Distill-Llama-70B 90.2 74.8 79.4 79.7 57.1 71.4 27.8 16.5 74.9 74.7 74.5
Qwen3-235B 90.5 76.8 78.5 79.0 100.0 100.0 31.0 13.0 68.0 78.6 76.3
GPT-40 91.1 779 71.0 81.7 100.0 100.0 27.7 7.8 69.9 73.3 74.2
DeepSeek-R1 932 79.1 76.4 832 85.7 85.7 375 15.7 725 79.7 79.9
GPT-04-mini 94.8 81.0 80.2 83.4 100.0 85.7 41.7 15.8 80.3 81.1 83.0
Reasoning Accuracy
DeepSeek-R1-Distill-Qwen-32B 77.4 69.2 85.7 71.7 68.8 64.5 21.0 0.0 40.0 68.7 74.1
QwQ-32B 80.0 723 90.5 81.6 71.1 63.1 23.1 3.1 333 74.8 79.2
DeepSeek-R1-Distill-Llama-70B 82.5 745 92.9 82.1 717 73.1 28.6 0.0 333 74.8 82.1
Qwen3-235B 85.1 74.8 90.5 84.4 80.7 74.4 28.8 6.2 20.0 74.0 81.8
GPT-40 86.9 74.8 88.1 88.8 77.4 73.4 25.8 3.1 46.7 83.2 83.9
DeepSeek-R1 88.7 79.0 90.5 89.9 83.7 79.4 35.9 9.4 6.7 84.7 85.8
GPT-04-mini 92.1 71.9 90.5 87.2 87.4 85.4 45.0 0.0 60.0 80.2 88.7
Overall Accuracy
DeepSeek-R1-Distill-Qwen-32B 80.0 66.9 76.8 789 68.8 64.3 21.1 6.8 69.0 70.1 68.0
QwQ-32B 82.5 70.1 78.0 79.0 71.1 63.0 23.3 8.2 65.6 71.1 74.6
DeepSeek-R1-Distill-Llama-70B 85.2 74.7 80.0 80.0 713 73.1 28.4 12.9 73.3 74.8 71.9
Qwen3-235B 87.0 76.6 79.0 79.6 81.2 75.0 29.5 11.6 66.2 772 78.8
GPT-40 88.4 77.6 71.5 82.5 719 74.0 26.4 6.8 69.0 76.5 78.6
DeepSeek-R1 90.3 79.1 77.0 84.0 83.8 79.5 36.4 14.3 70.0 81.3 82.6
GPT-04-mini 93.0 80.7 80.6 83.8 87.7 85.4 44.0 12.1 79.5 80.8 85.6

Table S18: Task-wise performance of general-domain reasoning models across 11 biomedical QA benchmarks.
Accuracy is reported separately for knowledge-heavy, reasoning-heavy, and overall questions. While models
like DeepSeek-R1 and GPT-04-mini achieve the highest scores overall, reasoning accuracy tends to lag behind
knowledge across most tasks, highlighting the greater challenge posed by reasoning-heavy questions.

Model MQA MCQA PQA MMLU MB4 MD5 MDX HLE GPQA Let. NEJM
Knowledge Accuracy
Llama w/ m23k SFT 78.6 63.4 71.0 64.0 71.4 57.1 19.4 122 472 64.8 63.8
+ Knowledge Hard SFT 73.9 64.4 75.2 63.5 57.1 85.7 17.9 13.0 475 61.9 62.6
BioMed-R1-8B (SFT) 78.0 64.2 76.1 64.3 71.4 71.4 17.0 13.0 49.9 623 63.2
BioMed-R1-8B (RL) 81.6 66.7 719 68.7 71.4 71.4 19.8 13.0 579 66.2 65.7
Reasoning Accuracy
Llama w/ m23k SFT 71.1 60.2 88.1 71.5 65.1 59.5 19.5 6.2 26.7 66.4 67.2
+ Knowledge Hard SFT 71.5 625 92.9 76.0 66.8 575 19.4 3.1 26.7 62.6 70.8
BioMed-R1-8B (SFT) 71.5 66.7 90.5 72.6 67.1 64.8 20.6 3.1 333 66.4 71.9
BioMed-R1-8B (RL) 74.9 62.7 92.9 74.9 67.4 63.1 20.1 3.1 20.0 64.1 69.0
Overall Accuracy
Llama w/ m23k SFT 73.7 63.2 715 64.9 65.3 59.4 19.5 10.9 46.4 65.3 65.3
+ Knowledge Hard SFT 72.3 64.2 759 65.0 66.6 58.1 18.9 10.9 46.7 62.1 66.3
BioMed-R1-8B (SFT) 73.8 64.4 76.7 65.3 67.2 64.9 19.4 10.9 49.2 63.6 67.2
BioMed-R1-8B (RL) 712 66.3 78.5 69.4 67.5 63.3 20.0 10.9 56.4 65.5 67.2

Table S19: Task-wise accuracy of Llama-3.1-8B-Instruct variants across 11 biomedical QA benchmarks, grouped
by knowledge, reasoning, and overall performance. All models are initially fine-tuned on the m23k dataset. We
compare three additional settings: adding 7,627 knowledge-hard examples (+ Knowledge Hard SFT), adding
7,627 reasoning-hard examples (BioMed-R1-8B SFT), and applying reinforcement learning (GRPO) on the same
reasoning-hard examples (BioMed-R1-8B RL). RL leads to the strongest overall gains, particularly in knowledge-
heavy tasks.

Model Knowledge Reasoning Overall

D 00D 1D 00D 1D 00D
MedReason-8B 612599 625 44Ta29-464 | Ollsgs 637  32.7310-344 | 61.2509.623  39.1330-402
ml-7B-23k 672659-685 49-6478-514 | 685660-709 38.1363-400 | 67-5663-685 442429-454

HuatuoGPT-01-8B (SFT)  62.7614-640 46.9453-484 | 63.0606-656 33331.6-351 | 62.7616-640 405392-417
HuatuoGPT-01-8B (RL) ~ 63.2619.645 40.7450-484 | 09:6669-721  343326-358 | 04.5633.657 40.8396-421
BioMed-R1-8B (SFT) 67.6662-688  492475-509 | 70.8¢82-734  40.0332.417 | 68.2670.692  44.9436-46.1
BioMed-R1-8B (RL) 70.0688-712  533s515-550 | 720695-744  393376-411 | 704693-715 467454479

Table S20: In-distribution (ID) and out-of-distribution (OOD) accuracy for biomedical reasoning models across
knowledge-heavy, reasoning-heavy, and overall subsets. Results are shown with 95% confidence intervals.
BioMed-R1-8B (RL) achieves the strongest overall and OOD performance, suggesting reinforcement learning
improves generalization, particularly on knowledge-based questions. In contrast, gains in reasoning accuracy are
mostly concentrated in-distribution.
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Model BioASQ-QA MedCaseReasoning

Knowledge Reasoning Overall Knowledge Reasoning Overall
HuatuoGPT-01-8B 57.5559-590 29.2215-369 56.6s552-s581  25.000-s500 23.4206-263 23.4206-263
MedReason-8B 57.4s58_501  26.9200-346 56.4sag8_s580 16.700-417 21.7191-244 21.619.1-242
BioMed-R1-8B 61.8602-634 31.5238-400 60.8502-623 50.0250-750 33.1209-362 33.3302-365
BioMed-R1-32B 67.6662-602 38.5315-477  60.7652-681 41.7167-667 40.1372_434 40.137.1-437
HuatuoGPT-01-70B 70.4689-719 40.8323-485 69.5631-708 33.383-583  37.1338-403 37.0340-40.1

Qwen3-235B-A22B-FP8  72.8714-741 454377-538 71.8704-732  66.7417-917 46.T436-209 469137 503

Table S21: Accuracy (evaluated using GPT-40 as LLM-as-a-judge) for each task, split by knowledge-heavy,
reasoning-heavy, and overall examples.
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