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Abstract

Recent large language models are increasingly
being adapted for medical reasoning, yet most
open medical LLMs remain optimized for
English-centric clinical settings and fail to cap-
ture local legal and institutional knowledge.
We present Meerkat2, a family of open medi-
cal reasoning models at 14B, 32B, and 30B-
A3B scales for Korean and English clinical
contexts. Meerkat2 is trained on an 837K-
example mixture that separates reasoning trans-
fer from high-fidelity local knowledge: clini-
cal reasoning is distilled from strong teachers,
while Korean medical statutes are converted
into source-grounded question-answer pairs.
We also introduce Verbosity-Decoupled Distil-
lation (VDD), which preserves the benefits of
long teacher rationales without making verbose
generation to the student’s default behavior.
Across MedQA and KorMedMCQA, Meerkat2
substantially improves over comparable base
models, with the 30B-A3B variant reaching Ko-
rean licensing accuracy that matches Qwen3-
235B-A22B while using only 3B active param-
eters. Ablations show that statute-grounded
synthesis outperforms standard distillation, and
mechanistic analysis reveals that VDD cancels
gradients toward verbose generation. These
results provide a practical recipe for localized
and efficient medical LLMs.1.

1 Introduction

Large language models (LLMs) are increasingly
proposed as biomedical assistants, supporting clini-
cal decision-making, patient communication, and
access to medical information (Thirunavukarasu
et al., 2023; Tian et al., 2024). The sensitivity of
patient data and concerns about medical privacy
have further driven demand for open models that
can be deployed on hospital premises (Wiest et al.,

* Corresponding authors
1Models are available at https://huggingface.co/

collections/aigensciences/meerkat2
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Figure 1: Trade-off between inference cost and Ko-
rMedMCQA accuracy. The x-axis denotes the total
inference cost used for evaluation. Meerkat2 shows a
more favorable trade-off across other models.

2024; Zhang et al., 2023; Kim et al., 2025). Several
practical obstacles, however, limit how far medical
LLMs can be pushed under real-world constraints.

Clinical practice, pharmacology, and regulation
closely depend on the country in which they are
applied, and English-centric medical LLMs do
not transfer well to other healthcare environments
(Zhang et al., 2023; Kweon et al., 2024; Qiu et al.,
2024). Adapting a model to a local environment is
not a matter of translation alone. Each country has
its own clinical guidelines and medical laws, and
these must be reflected in the training data rather
than approximated through a teacher. They depend
on accurate memorization and require high fidelity,
which teacher distillation does not guarantee. A
separate concern arises in the distillation of reason-
ing itself. Long chains of thought (Wei et al., 2022;
Chen et al., 2025a; Yun et al., 2025) are effective
for transferring reasoning ability (Hugging Face,
2025a; Guha et al., 2025), but the student tends
to imitate the teacher’s verbosity, generating long
outputs even when a short answer is enough. Even
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when the per-query delay is modest, unnecessary
verbosity imposes a recurring interaction cost in
clinical decision-support workflows, where effec-
tive systems must fit into clinician workflow and
provide support at the time and location of decision
making (Kawamoto et al., 2005).

We present Meerkat2, a family of open medi-
cal reasoning models at 14B, 32B, and 30B-A3B
(MoE) scales, trained on a 837K-example mix-
ture covering clinical reasoning, Korean medi-
cal statutes, biomedical question answering, and
general-capability replay. Clinical reasoning is dis-
tilled from strong teachers. Statutory text requires
verbatim fidelity, and question-answer pairs are
synthesized directly from the source text. To han-
dle the verbose response style that the student in-
herits during reasoning distillation, we introduce
Verbosity-Decoupled Distillation (VDD), which
pairs long teacher rationales with an explicit ver-
bosity instruction in the system prompt. We fur-
ther analyze this effect through mechanistic inter-
pretability, finding that the verbosity instruction
cancels the gradient that would otherwise push the
model toward verbose generation.

Across MedQA and KorMedMCQA, Meerkat2
substantially improves over comparable base mod-
els, and on the KorMedMCQA Doctor subset 30B-
A3B scale reaches the competitive accuracy with
only 3B active parameters. The same pipeline
transfers to other backbones, with our Gemma3-
4B (Gemma Team, 2025) model outperforming
MedGemma-4B (Sellergren et al., 2025), a medi-
cally specialized model fine-tuned from the same
base. Gains also generalize to the 89th Korean
Medical Licensing Examination, which postdates
our training cutoff. They further extend beyond ex-
aminations to clinical case diagnosis, information
seeking, and open-ended clinical conversation.

Our contributions are as follows:

• We release Meerkat2, an open medical reason-
ing model family at 14B, 32B, and 30B-A3B
scales, together with a 837K training mixture
spanning clinical reasoning, Korean medical
statutes, biomedical question answering, and
general capabilities.

• We introduce Verbosity-Decoupled Distillation,
which preserves the reasoning gains of long
teacher rationales without internalizing verbose
style, and explain its mechanism by showing
that the verbosity instruction cancels the gradi-
ent toward verbose generation.

• We show that direct synthesis of question-
answer pairs from Korean medical statutes sub-
stantially outperforms teacher distillation on
the legal subset of KorMedMCQA, confirming
the necessity of source-grounded supervision
for knowledge requiring high fidelity.

2 Related Work

Reasoning in LLMs The reasoning capability
of LLMs was initially explored through Chain-
of-Thought (CoT) prompting (Wei et al., 2022).
The introduction of OpenAI’s o1 (OpenAI, 2024)
triggered the consideration of advanced reasoning,
leading to the development of reasoning special-
ized models such as QwQ (Qwen Team, 2025b) or
DeepSeek-R1 (Guo et al., 2025).

These models are typically trained with rein-
forcement learning (Shao et al., 2024) or dis-
tilled from teacher models (Kim and Rush, 2016).
Several data collections such as OpenR1 (Hug-
ging Face, 2025a), OpenMathReasoning (Moshkov
et al., 2025), and OpenThoughts3 (Guha et al.,
2025) have shown that curating high-quality rea-
soning trajectories is necessary to improve the rea-
soning capabilities of small language models. Yue
et al. (2025) also observed that distillation is more
effective at injecting new knowledge-intensive rea-
soning patterns than reinforcement learning.

Medical Reasoning While most reasoning abil-
ities of LLMs are aimed at math and coding do-
mains, there is growing evidence that explicit
reasoning is also beneficial in biomedical and
clinical domains. Meerkat (Kim et al., 2025)
achieved significant performance on USMLE with
high-quality CoTs and medical textbook contents.
HuatuoGPT-o1 (Chen et al., 2025a) and Med-
RLVR (Zhang et al., 2025) confirmed that ad-
vanced reasoning is also effective in the biomed-
ical domain. Med-PRM (Yun et al., 2025) em-
ployed a Process-Reward Model (PRM) to evaluate
each step of clinical reasoning and achieved per-
formance gains, demonstrating the importance of
reasoning in biomedical domain. Meanwhile, Chen
et al. (2023) and Qiu et al. (2025) remarked that do-
main specialization can harm robustness and lead
to catastrophic forgetting.

3 Data Curation

We organize the training data into 4 categories and
curate each category carefully. Our objective is to
develop a chatbot that performs effectively in both
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Case Study: Clinical Reasoning Quality across CoT Variants  (KorMedMCQA Doctor Subset)

■ Good reasoning   ■ Wrong reasoning   ■ Unnecessary verbosity

Distilled from Concise CoTs (Frequent clinical-reasoning errors; 690 Tokens)

Epigastric pain 6 h after raw sashimi, N/V, no fever, labs/stool normal — so acute gastroenteritis 
(esp. toxin-mediated food poisoning) should be suspected.
• A) Upper endoscopy — for upper-GI bleed, ulcer, tumor. Acute food poisoning — not indicated
• B) Capsule endoscopy — for small-bowel disease. Does not fit acute food poisoning.
• C) Colonoscopy — for lower-GI disease. Epigastric symptoms, stool clean — not indicated
• D) Stool culture — for bacterial enteritis. But here, V/pain within hours of sashimi, no fever / no 
bloody stool / no fecal WBCs → classic toxin-mediated food poisoning (e.g. Vibrio) — not first test.
• E) Clostridium toxin assay — diagnoses C. perfringens food poisoning (meat, 8–16 h, diarrhea-
predominant). This case (raw fish, 6 h, V/pain) fits Vibrio-type toxin poisoning better — among the 
choices, only E is tied to toxin-mediated food poisoning. ✗ ANSWER: E

Verbosity-Decoupled Distillation (Short, but clinically sound reasoning; 548 Tokens)

Onset 6 h after raw sashimi, N/V, no fever, no diarrhea/bleeding, stool clean, labs normal 
— findings do not support bacterial enteritis or clostridial toxin food poisoning.
• Bacterial enteritis: usually diarrhea (bloody/mucoid), fever, fecal WBCs → does not fit.
• Clostridial toxin food poisoning: neurologic findings → absent.
• Viral gastroenteritis: diarrhea predominates, but here pain is localized epigastric.
• Acute pancreatitis: severe pain + elevated lipase — but lipase is normal.
Most likely diagnosis: acute gastritis (food-induced). Test (with possible concurrent 
therapy): upper endoscopy. ✓ ANSWER: A

Distilled from Verbose CoTs (Correct, but with redundant filler; 1,285 Tokens)

• 48 y/o; onset 6 h after raw sashimi; squeezing epigastric pain with N/V; vitals stable; 
epigastric tenderness without rebound (no peritonitis); WBC/LFTs/lipase normal; 
stool no WBCs/occult blood.
The first thing to consider is acute gastritis (food-induced). Epigastric pain, N/V 
within hours of food intake fit a food-poisoning / gastritis pattern well.
A) Upper endoscopy
• Considered first-line when food-induced acute gastritis is suspected — rule out 
bleeding, ulcer, malignancy.
• Vitals stable, no peritoneal signs, bloods/stool bland — directly inspecting the 
gastric mucosa is reasonable …  upper endoscopy is the most appropriate test.
B) Capsule endoscopy
• Evaluates small-bowel lesions (IDA, SB bleed, Crohn's …).
• This patient has […] no SB findings — not appropriate.
C) Colonoscopy
• For colon / lower-GI disease (colon cancer, polyps, IBD, hematochezia …).
• This patient has […] no lower-GI findings — not appropriate.
D) Stool culture
• Performed when bacterial enteritis is suspected (diarrhea, fever, abd. pain …).
• This patient has […] no diarrhea / fever / fecal WBCs — not appropriate.
E) Clostridium toxin assay
• C. difficile toxin assay — for antibiotic-associated diarrhea / pseudomembranous 
colitis.
• This patient has … no antibiotic exposure / diarrhea / fever — not appropriate.
Summary — acute epigastric pain aŌer food, no peritoneal signs … → suspect acute 
gastritis … most appropriate test is upper endoscopy.  ✓ ANSWER: A

Question  A 48-year-old man presents with 3 hours of epigastric pain. Pain started 6 hours after eating raw saltwater fish (sashimi). Intermittent squeezing/cramping 
epigastric pain with nausea and vomiting. BP 135/80, HR 95, RR 18, T 36.5°C. Acutely ill-appearing; epigastric tenderness, no rebound.  Blood: Hb 13.1, WBC 8,300, Plt 
290k, T.bili 1.2, AST 39, ALT 34, ALP 130, lipase 21. Stool: no WBCs, no occult blood.
Choices:  A) Upper endoscopy B) Capsule endoscopy   C) Colonoscopy   D) Stool culture   E) Clostridium toxin assay Ground truth: A

Figure 2: Qualitative comparison on a KorMedMCQA Doctor question across three distillation variants, with
reasoning steps evaluated and highlighted by a licensed physician. The Concise student reaches an incorrect answer,
the Verbose student answers correctly with redundant restatement of findings, and the VDD student reaches the
correct answer through compact reasoning, preserving clinical quality without inheriting verbose style.

U.S. and Korean clinical contexts while preserving
the general-purpose capabilities.

3.1 Clinical Reasoning

First, we aim to improve clinical reasoning by dis-
tilling knowledge from powerful teacher models.
Specifically, we use questions from MedQA (Jin
et al., 2021) train set, KorMedMCQA (Kweon
et al., 2024) train set, and MedBooks-18 (Kim et al.,
2025) to synthesize clinical reasoning trajectories
for problem solving. For the teachers, DeepSeek-
V4-Pro (DeepSeek-AI, 2026) and Qwen3-235B-
A22B-Thinking (Qwen Team, 2025a) are em-
ployed to generate CoTs and internal reasoning
content. Each model attempts every question mul-
tiple times, and only correct responses are retained.
For each instance, we randomly sample 6 differ-
ent prompt templates (see Figure 4) to reduce de-
pendence on the specific format presented in the
training data.

Verbosity-Decoupled Distillation In our prelim-
inary experiments, we observed that long and de-
tailed CoTs are more effective for distillation than
concise ones, leading to higher benchmark scores,
which is consistent with Guha et al. (2025). How-
ever, we also found that student models tend to
imitate the teacher’s verbosity.

More specifically, we controlled the verbosity

level with the system prompts and observed compa-
rable performance across both concise and verbose
responses. Nevertheless, student models distilled
from concise outputs consistently achieved inferior
performance. This indicates that while verbosity is
not a prerequisite for correct reasoning at inference
time, it is instrumental for achieving high-fidelity
knowledge transfer during the distillation process.

Although verbose CoTs are beneficial for distil-
lation, their response style can also be transferred
to the student. Inspired by Kang et al. (2025), we in-
clude both concise and verbose CoTs in the training
dataset, but attach an explicit verbosity instruction
to the verbose examples through the system prompt,
e.g., “Give me a very detailed, long-form answer.”
Without this prompt, the student may interpret ver-
bosity as the desired default response style and
imitate it unconditionally. By explicitly condition-
ing verbose CoTs on a verbosity instruction, their
length is attributed to the prompt constraint rather
than to the reasoning trajectory itself. This allows
us to retain the distillation benefits of detailed CoTs
while preventing verbosity from being learned as
the default response style.

3.2 Korean Medical Laws

Meanwhile, healthcare systems and clinical prac-
tice are closely related to legal and regulatory
frameworks. In particular, legal knowledge largely
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depends on accurate memorization and therefore re-
quires high fidelity (Lee et al., 2025). This calls for
data that explicitly preserves legal facts and their
supporting rationale, rather than imitating teachers.

Unlike clinical reasoning, we found that distilla-
tion from teacher models is ineffective for medical
legal knowledge, even though the teachers achieve
high scores on the legal problems. We therefore
synthesize explicit questions and solutions accom-
panied by detailed explanatory notes to facilitate
memorization. These data are derived from 12 Ko-
rean statutes related to clinical practice (Table 8).

3.3 Biomedical Question Answering
Beyond specialized clinical reasoning, robust medi-
cal assistants should also support broad biomedical
knowledge and open-ended medical conversation.
Existing datasets such as MedQA and KorMedM-
CQA target medical licensing examinations and
cover only a limited range of biomedical ques-
tion types. Recent web-curated instruction datasets
such as OpenThoughts (Guha et al., 2025), We-
bInstruct (Yue et al., 2024), and NaturalReason-
ing (Yuan et al., 2025) provide broader and more di-
verse supervision. We collect biomedical questions
from these sources to improve coverage beyond
exam-style reasoning. We first filter the questions
for biomedical relevance using Qwen3-4B and then
regenerate the answers with DeepSeek-V4-Pro, re-
sulting in 57K conversations.

3.4 General LLM Capabilities
Finally, we incorporate general instruction-tuning
data into the training mixture to mitigate catas-
trophic forgetting on general tasks. As noted in
previous work (Rolnick et al., 2019; Scialom et al.,
2022), continual fine-tuning on a specific domain
can degrade the original abilities of an LLM. For
example, since the three categories described above
lack multi-turn conversations and are limited to En-
glish and Korean, the model risks losing its versatil-
ity. To retain these capabilities, we include a subset
of general instruction data as replay examples.

Specifically, we curate subsets from SmolTalk2
(Hugging Face, 2025b) and Tulu-3 (Lambert et al.,
2025), selecting five primary categories: (1) Sys-
tem Prompt, to ensure adherence to role-playing
or persona constraints; (2) Multilingual, to main-
tain knowledge of languages present in the base
model; (3) Multi-Turn Conversation, to preserve
dialogue context handling; (4) Instruction Follow-
ing, to execute general tasks such as rewriting and

summarizing; and (5) Safety, to prevent jailbreak-
ing and enforce refusal of harmful requests. The
detailed mixture is provided in Appendix A.1.

4 Experiments

4.1 Experimental Setup
To develop our medical reasoning models, we fine-
tune three Qwen3 variants (14B, 32B, and 30B-
A3B MoE) on the curated 837K dataset. Since
Qwen3 supports hybrid thinking mode, we apply
explicit token masking to the user prompts and
empty reasoning blocks to discourage the model
from unintentionally skipping the reasoning mode.

For our main evaluation of medical performance,
we use the test sets of MedQA and KorMedM-
CQA, which assess clinical knowledge in U.S.
and Korean contexts, respectively. We report per-
formance in two modes: Thinking, where the
model generates reasoning content within <think>
tags, and Instant, where it answers directly. We
also report MMLU (Hendrycks et al., 2021) and
KMMLU (Son et al., 2025) as a preliminary assess-
ment of general knowledge. We revisit advanced
medical performance with a broader set of bench-
marks in Section 4.3. All evaluations are conducted
using EvalScope (ModelScope Team, 2024).

4.2 Main Results
Performance Gains Table 1 reports overall eval-
uation performance across the compared models.
In Instant mode, Meerkat2 14B improves over
Qwen3-14B by 9.2%p on MedQA and 7%p on
KorMedMCQA. The larger variants show compa-
rable gains: the 30B-A3B MoE model improves by
6.1%p and 5.9%p, and the 32B model by 8.3%p
and 6.3%p, respectively. The advantage persists in
Thinking mode, with the 14B model gaining 6%p
on MedQA and 5.4%p on KorMedMCQA, and the
30B-A3B and 32B models showing improvements
of 2.9%p to 5.2%p respectively.

KorMedMCQA Doctor Subset The Doctor sub-
set, which is drawn from the Korean Medical Li-
censing Examination (KMLE), is a particularly
demanding test of clinical competence in Korea.
In Instant mode, Meerkat2-14B, 30B A3B, and
32B reach 86.4%, 88.5%, and 87.6%, respec-
tively, which are competitive to Qwen3-235B-
A22B (88.7%) despite using far fewer parameters.
The 30B-A3B result is especially notable, as it
matches frontier-scale accuracy with only 3B ac-
tive parameters.
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MedQA KorMedMCQA

Model MMLU KMMLU Instant Thinking Instant (English) Instant (Korean) Thinking

Small-Sized Models (≤14B)

Qwen3-4B 76.9 58.3 69.0 78.1 67.5 (61.6) 64.7 (61.2) 74.1 (71.3)
MedGemma-4B 63.3 40.8 64.5 — 55.7 (56.3) 52.2 (45.5) —
Qwen3-8B 77.3 58.6 72.7 80.8 65.7 (58.2) 65.2 (56.6) 76.3 (75.6)
Qwen3-14B 82.0 63.8 76.0 83.7 75.5 (75.6) 72.4 (67.1) 80.8 (81.6)
hari-q3-14B 80.8 61.2 75.3 85.8 75.9 (76.6) 73.2 (69.9) 82.6 (84.6)
Meerkat2-14B (Ours) 81.4 62.6 85.2 89.7 82.5 (86.4) 82.1 (88.5) 86.2 (90.6)

Base-Sized Models (≤30B)

MedGemma-27B† 83.2 63.8 84.6 — 83.8 (86.2) 80.1 (81.8) —
Qwen3-30B-A3B 83.1 65.2 81.2 85.5 77.9 (77.9) 74.7 (72.4) 81.4 (84.8)
Meerkat2-30B-A3B (Ours) 81.9 63.6 87.3 88.9 83.8 (88.5) 82.8 (87.6) 86.6 (92.6)

Medium-Sized Models (≤32B)

Qwen3-32B 83.4 69.5 79.2 87.4 79.4 (82.1) 79.8 (79.3) 83.6 (86.4)
EXAONE 4.0.1 32B 85.9 69.9 81.5 88.1 78.9 (80.5) 76.9 (79.1) 85.1 (87.6)
Solar Pro 2 86.2 73.7 84.4 89.2 85.1 (87.8) 83.6 (87.8) 88.7 (91.7)
Meerkat2-32B (Ours) 83.9 67.1 87.5 90.3 85.7 (87.6) 85.0 (89.4) 88.2 (92.2)

Large-Sized Models (>32B)

Meerkat-70B 80.1 49.5 81.5 — 70.0 (68.3) 70.0 (69.0) —
Qwen3-235B-A22B 88.6 75.9 89.8 92.9 86.7 (88.7) 88.0 (91.0) 90.8 (93.1)
GPT-5.1 90.9 77.5 93.2 96.4 91.0 (92.2) 90.8 (94.0) 95.1 (96.8)

Table 1: Performance of different models on various benchmarks. Values in parentheses indicate performance on
Doctor subset in KorMedMCQA, which corresponds to Korean Medical Licensing Examination (KMLE). †The
original paper reported performance of MedGemma-27B with test-time scaling and majority voting, while we report
a vanilla run to match the evaluation setting used for other models.

Model Diagnosis
Arena MediQ HealthBench

Hard Avg.

Qwen3-14B 8.9 51.0 8.9 22.9
Meerkat2-14B 12.8 60.3 9.1 27.4

Qwen3-30B-A3B 12.0 55.5 8.3 25.2
Meerkat2-30B-A3B 12.4 57.2 9.3 26.3

Qwen3-32B 13.6 54.4 9.1 25.7
Meerkat2-32B 14.6 51.2 11.2 25.7

Table 2: Performance on additional medical bench-
marks. DiagnosisArena reports top-5 diagnosis accu-
racy; MediQ reports answer accuracy after interactive
questioning; HealthBench Hard reports rubric-based
scores. All values are on a 0–100 scale.

Cross-Lingual Robustness Meerkat2 also closes
the cross-lingual performance gap that typically
penalizes non-English queries. On the Doctor sub-
set in Instant mode, Qwen3-14B drops by 8.5%p
when answering in Korean rather than English,
whereas Meerkat2-14B surpasses its English score
by 2.1%p. Reducing this cross-lingual gap degrada-
tion is important for real-world deployment, since
local clinicians predominantly require accurate re-
sponses in their native language.

4.3 Beyond Licensing Examinations

Beyond licensing-exam accuracy, we further ex-
amine Meerkat2 on three benchmarks that probe
broader clinical capabilities. DiagnosisArena (Zhu

KorMedMCQA

Model MedQA English Korean Avg.

MedGemma-4B 64.5 55.7 52.2 57.5

Gemma3-4B 52.8 51.2 48.4 50.8
+ Ours 76.0 70.7 69.9 72.2

Phi4-mini 59.7 38.9 33.8 44.1
+ Ours 66.7 61.4 52.6 60.2

Table 3: Backbone transferability. Applying our data
mixture to Gemma3-4B and Phi4-mini yields con-
sistent gains on both MedQA and KorMedMCQA.
MedGemma-4B, a medically specialized model from
the same backbone, is included as a reference.

et al., 2026) evaluates differential diagnosis on real
patient case reports curated from top-tier medical
journals. MediQ (Li et al., 2024b) measures in-
teractive clinical reasoning, where the model is
given only minimal initial information and must
ask follow-up questions before committing to an an-
swer. HealthBench Hard (Arora et al., 2025) con-
tains difficult open-ended health conversations au-
thored by physicians, with responses scored against
case-specific rubrics.

Results Table 2 reports the results. Meerkat2
outperforms its Qwen3 counterpart on Diagnosis-
Arena and HealthBench Hard at every model size,
and improves the average score at 14B (22.9 to

24905



General Benchmarks Medical Benchmarks

Model BBH IFEval MT-Eval BFCLv3 TruthfulQA GSM8K Avg. MedSafetyBench Medical Avg.

Qwen3-14B 67.5 90.5 75.9 76.2 77.6 89.9 79.6 84.4 78.0

Meerkat2-14B 69.9 86.1 67.6 73.3 70.4 89.3 76.1 93.4 85.4
w/o General Mixture 66.5 81.7 59.1 69.8 68.7 88.4 72.4 85.4 85.9

Table 4: Ablation on the general instruction mixture. Training without the general subset causes substantial degra-
dation on general benchmarks, particularly multi-turn conversation (MT-Eval) and instruction following (IFEval),
while medical performance remains comparable. The safety subset within the general mixture is responsible for a
large portion of the gain on MedSafetyBench. The Medical Avg. is computed over MedQA and KorMedMCQA.

27.4) and 30B (25.2 to 26.3) while remaining on
par at 32B. These results suggest that the benefits
of our training procedure are not confined to exam-
style multiple-choice questions but also transfer
to differential diagnosis and open-ended clinical
conversation, which more closely resemble actual
clinical use.

4.4 Backbone Transferability
To verify that our training recipe is not tied to the
Qwen3 family, we apply the identical pipeline and
data mixture to two distinct backbones, Gemma3-
4B (Gemma Team, 2025) and Phi4-mini (Aboue-
lenin et al., 2025), and evaluate on MedQA and Ko-
rMedMCQA. We additionally include MedGemma-
4B (Sellergren et al., 2025) as a reference, since it
is built on the same Gemma3-4B backbone.

Table 3 reports the results. Our data mixture
yields substantial gains on both backbones, improv-
ing the average score of Gemma3-4B from 50.8
to 72.2 and that of Phi4-mini from 44.1 to 60.2.
Notably, the Gemma3-4B model trained on our
mixture outperforms MedGemma-4B, an existing
medically specialized model fine-tuned from the
same base, by 14.7 points on average. These results
indicate that the benefits of our training procedure
are not specific to a single model family and trans-
fer to other backbones under the same pipeline.

5 Ablation Study

5.1 General Mixture Replay
To verify the role of the general data described in
Section 3.4, we compare our full mixture against a
variant trained on the medical subset only. We
evaluate on 6 general benchmarks, BIG-Bench
Hard (Suzgun et al., 2023), IFEval (Zhou et al.,
2023), MT-Eval (Kwan et al., 2024), BFCLv3 (Patil
et al., 2025), TruthfulQA (Lin et al., 2022), and
GSM8K (Cobbe et al., 2021), along with MedSafe-
tyBench (Han et al., 2024) for medical safety.

As shown in Table 4, removing the general sub-
set causes a substantial drop in general capabil-

Model Dentist Doctor Nurse Pharm

Qwen3 14B 50.0 57.7 52.9 55.7
+ Distillation 48.3 57.7 50.0 49.2
+ Synthesis (Ours) 56.7 71.2 69.1 57.4

Qwen3 30B A3B 56.7 61.5 54.4 59.0
+ Distillation 50.0 55.8 50.0 50.8
+ Synthesis (Ours) 56.7 73.1 69.1 59.0

Qwen3 32B 53.3 63.5 52.9 60.7
+ Distillation 51.7 57.7 57.4 54.1
+ Synthesis (Ours) 68.3 84.6 77.9 70.5

EXAONE 4.0.1 32B 56.7 59.6 61.8 60.7
Solar Pro 2 55.0 75.0 66.2 70.5
Qwen3 235B A22B 53.3 69.2 61.8 60.7
GPT-5.1 63.3 76.9 76.5 67.2

Table 5: Ablation study on the effectiveness of differ-
ent data construction methods for the Law subsets in
KorMedMCQA. Synthesis, our proposed method using
curated statutes, significantly outperforms baselines.

ity, with the general average falling from 79.6 to
72.4, while the full mixture retains 76.1 and largely
preserves the instruction-following and multi-turn
behavior. The medical average is nearly identical
between the two settings (85.4 vs. 85.9), confirm-
ing that the general subset mitigates catastrophic
forgetting without sacrificing medical performance.
We also observe that MedSafetyBench improves
from 85.4 to 93.4 with the full mixture, suggesting
that the safety subset contributes to medical safety
in addition to its role in mitigating forgetting.

5.2 Law QA Synthesis

To verify the effectiveness of synthesizing law QA
pairs explicitly from Korean Medical Statutes, we
compare our approach against standard knowledge
distillation, which uses rationales from the teacher
model. As presented in Table 5, distillation alone
yields negligible gains on the legal subsets. In con-
trast, QA synthesis results in substantial improve-
ments, surpassing existing powerful models. To
assess the factual quality of the two data sources,
we apply the LF-Eval framework (Lee et al., 2025),
which measures legal fidelity against the underly-
ing statutes. Synthesized QA scores 98.7, far above

24906



KorMedMCQA

Model MedQA English Korean

Qwen3-14B 76.0 (492.2) 75.5 (435.6) 72.4 (567.4)
+ Verbose CoTs 85.4 (669.3) 82.9 (693.5) 80.6 (965.5)
+ Concise CoTs 83.9 (299.9) 82.0 (236.7) 81.1 (350.8)
+ VDD (Ours) 85.2 (309.9) 82.5 (243.6) 82.1 (358.3)

Qwen3-235B-A22B 89.8 (340.4) 86.7 (302.5) 88.0 (606.5)
GPT-5.1 93.2 (211.5) 91.0 (154.1) 90.8 (234.4)

Table 6: Ablation study on reasoning efficiency. Values
represent Accuracy (Avg. Tokens). "VDD" refers to
Verbosity-Decoupled Distillation. It achieves the best
balance of high accuracy and low token cost.

the 79.0 obtained by distilled rationales, indicating
that teacher-generated rationales frequently intro-
duce factual or legal inaccuracies. These findings
suggest that for knowledge-intensive domains re-
quiring precise memorization, such as law, deriving
structured rationales directly from original docu-
ments is more effective than relying on a teacher
model’s inaccurate and unreliable outputs.

5.3 Verbosity-Decoupled Distillation

To examine the effect of Verbosity-Decoupled Dis-
tillation, we compare it against two single-style
baselines, distillation from Verbose CoTs only and
from Concise CoTs only. Table 6 shows the ex-
pected trade-off between the two. On MedQA,
verbose distillation yields 85.4% accuracy while
concise distillation yields only 83.9%, but the ver-
bose variant more than doubles the average genera-
tion length (669.3 vs. 299.9 tokens). VDD resolves
this trade-off rather than splitting it. The student
attains 85.2% accuracy, slightly below the verbose
baseline, while generating only 309.9 tokens on av-
erage, comparable to the concise variant and a 54%
reduction relative to verbose distillation. The same
pattern holds on the English and Korean subsets
of KorMedMCQA, where VDD reduces the aver-
age token count by 65% and 63% of the verbose
baseline without sacrificing accuracy. These results
indicate that the verbosity attached to detailed CoTs
can be cleanly separated from the reasoning content
itself, allowing the student to inherit the reasoning
benefits without internalizing the verbose response
style. Figure 1 situates this trade-off against other
models and shows that Meerkat2 occupies a favor-
able position on the accuracy-efficiency frontier. A
qualitative example is provided in Figure 2.

6 Mechanistic Analysis of VDD

In Section 5.3, we showed that attaching a verbosity
instruction to long CoTs prevents the student from
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Figure 3: Per-head contributions to the verbose direction
across all layers and heads of Qwen3-4B. Red cells
write along the verbose direction and blue cells write
against it. Verbose generation is driven by a sparse set
of attention heads (e.g., L7H1, L24H24, and L33H4).

internalizing verbose generation as its default style.
The recipe is simple and the gains are consistent,
but it remains unclear why a prompt-level signal is
enough to block a behavior that is otherwise easily
transferred from teacher to student.

Related strategies have been explored in sev-
eral lines of work. Kang et al. (2025) train the
student on long reasoning traces alongside com-
pressed counterparts under a length condition, re-
covering reasoning gains on math and common-
sense tasks. Chen et al. (2025b) fine-tune with a
target persona’s steering vector activated, prevent-
ing that trait from being absorbed into the base
model. Zhou et al. (2024) pre-train a LoRA (Hu
et al., 2022) on harmful data and keep it active dur-
ing downstream fine-tuning, so that the base model
does not update toward the harmful behavior.

What unites these methods is that the undesired
behavior is already turned on during training. The
intuition is that if the behavior is already present in
the model’s output, the gradient has little reason to
push the base parameters further in that direction,
leaving the behavior tied to its trigger rather than in-
ternalized as default. This preventative approach is
empirically effective, yet how this conditioning acts
on the model internally is rarely analyzed. In this
section, we analyze how the verbosity instruction
reshapes the gradient updates during distillation,
providing gradient-level evidence for how VDD
reduces verbosity internalization.

6.1 Finding Verbose Attention Heads

Mechanistic interpretability has shown that distinct
behaviors of LLMs are often carried by specific
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attention heads, such as Olsson et al. (2022), Li
et al. (2023), and Wu et al. (2025). As a first step
toward understanding how VDD shapes the model,
we figure out the heads that drive verbose genera-
tion, so that subsequent analysis can examine how
the training reinforces these heads.

To identify such heads, we adopt the procedure
of Sun et al. (2025). Given a set of prompts paired
with a long and a short response, we first extract
a verbose direction at each layer as the difference
between the mean attention activations over the
response tokens of the two response types:

vattn
l = r̄attn

l,long − r̄attn
l,short, v̂attn

l =
vattn
l

∥vattn
l ∥

, (1)

where r̄attn
l,long and r̄attn

l,short denote the mean attention
activation at layer l over the response tokens of
the long and short variants, respectively. We then
compute the contribution of each attention head h
at layer l to this verbose direction:

C̄h
l,long =

〈
Āh

l W
h
l,o, v̂

attn
l

〉
, (2)

where Āh
l is the mean per-head activation before

the output projection and W h
l,o is the corresponding

weight. A large positive contribution leads to the
residual stream along the verbose direction.

We apply this analysis to Qwen3-4B on a 2.6K
subset of our training data, using the verbose and
concise pairs from the same prompts. Figure 3
shows the per-head contributions. A small number
of heads stand out, including L7H1, L24H24, L33H4,
L34H8, and L35H0 (where LlHh denotes head h
at layer l), confirming that verbose generation is
driven by a sparse set of attention heads.

6.2 Gradients to the Verbose Direction
We now quantify how each training setting affects
the verbose heads identified in Section 6.1. Inspired
by Kramár et al. (2024), we derive a first-order ap-
proximation of the change in verbose contribution,
∆C̄h

l,long, directly from the gradient of the loss. For
a parameter update with learning rate η and cross-
entropy loss L over the response tokens,

W h
l,o ←W h

l,o − η
∂L

∂W h
l,o

, (3)

∆W h
l,o = −η

∂L
∂W h

l,o

= −η(Āh
l )

T ∂L
∂Ōh

l

, (4)

where Ōh
l = Āh

l W
h
l,o. By Equation 2, we have

∂C̄h
l,long

∂W h
l,o

= (Āh
l )

T (v̂attn
l )T . (5)

Dataset Top 1% Top 10% All Heads

Concise CoTs -12.2 -30.4 -63.0

Verbose CoTs 31.1 89.7 251.2
w/ System Prompt -7.9 -19.0 -37.1

Table 7: Aggregate change ∆C̄ in verbose-direction
contribution, summed over the top 1%, top 10%, and all
attention heads. VDD reverses the sign of the update,
matching the pattern of concise distillation.

A first-order Taylor approximation then gives

∆C̄h
l,long ≈

〈
∂C̄h

l,long

∂W h
l,o

,∆W h
l,o

〉

= −η
〈
(Āh

l )
T (v̂attn

l )T , (Āh
l )

T ∂L
∂Ōh

l

〉

= −η||Āh
l ||2

(
∂L
∂Ōh

l

· v̂attn
l

)
. (6)

We compute it under three training settings: (1)
Concise CoTs, (2) Verbose CoTs, and (3) Verbose
CoTs paired with a verbosity instruction which
corresponds to VDD. Activations Āh

l and gradients
∂L/∂Ōh

l are collected from a single backward pass
on a subset of 100 examples, and ∆C̄h

l,long is aggre-
gated over the top 1%, top 10%, and all attention
heads ranked by verbose contribution.

Table 7 reports the result. Verbose CoTs alone
produce a strong positive update along the ver-
bose direction (+251.2), while concise distillation
yields a negative update (−63.0) that reduces re-
sponse length. Attaching a verbosity instruction
to the verbose CoTs reverses the sign to −37.1,
closely matching the concise setting, and the same
pattern holds at the top 1% and top 10% heads. This
confirms the preventative training intuition. Acti-
vating the undesired behavior through the prompt
cancels the gradient that would otherwise push the
parameters toward it.

7 Conclusion

We present Meerkat2, a family of open medical
models trained with knowledge-matched supervi-
sion: clinical reasoning distilled from strong teach-
ers, and QA pairs synthesized from Korean medical
statutes. We introduce VDD, which retains the rea-
soning gains of long rationales without internaliz-
ing verbose output. Meerkat2 improves over com-
parable models on MedQA and KorMedMCQA
and transfers to other backbones, and our analy-
sis shows that the verbosity instruction cancels the
gradient toward verbose generation, providing a
principled account for preventative training.
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Limitations

Our training pipeline relies on large external
teacher models (DeepSeek-V4-Pro and Qwen3-
235B-A22B) for synthesizing clinical reasoning
trajectories and biomedical question-answer pairs.
The synthesis stage incurs nontrivial inference cost.
Our human evaluation is similarly conducted at a
limited scale, since recruiting clinicians for large-
scale comparative assessment is costly. Broader
physician studies covering more cases and a wider
panel of specialists would be needed to fully char-
acterize the model’s clinical behavior.

Our mechanistic analysis of verbose atten-
tion heads is conducted on a single backbone
(Qwen3-4B). The mechanism we identify is ex-
pected to extend to other transformer architectures,
though a systematic verification across additional
model families is beyond the scope of this study.
Meerkat2 is also adapted to Korean clinical con-
texts, and applying the same pipeline to other lan-
guages or healthcare systems would require con-
structing analogous jurisdiction-specific resources,
including legal corpora and clinical benchmarks.

Ethics Statement

Our training data is drawn from publicly available
benchmarks, instruction-tuning datasets, and Ko-
rean statutes accessible through public legal infor-
mation services. We do not use any identifiable
patient records. Synthetic QA pairs and rationales
are generated by DeepSeek-V4-Pro and Qwen3-
235B-A22B, and we retain only those whose final

answers match the reference, although we acknowl-
edge that generated content may still contain inac-
curacies.

Meerkat2 is intended for research and educa-
tional use. Its outputs are not a substitute for pro-
fessional medical diagnosis or treatment, and clin-
ical decisions should not be made on the basis of
model responses without expert verification. To ad-
dress safety, our training mixture includes a refusal
subset designed to reject harmful prompts, and we
report the resulting behavior on MedSafetyBench.
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A Appendix

A.1 Supplementary Details on Data Curation
To generate clinical reasoning data, we employ
6 distinct prompt templates, shown in Figure 4,
designed to elicit responses in either English or
Korean. As illustrated in the bottom of the fig-
ure, the prompt used for evaluation differs from
the prompts used during training. We implement
a rejection sampling strategy, retaining only the
rationales that correctly answered the question. We
allow up to 10 generation attempts per question
to obtain a valid response. To enhance data diver-
sity, we generate multiple rationale variations for
each dataset: 4 for MedQA, 8 for KorMedMCQA,
and 1 for MedBooks-18. Finally, excessively long
responses are excluded to maintain data quality.

For law synthesis, we identify 12 statutes govern-
ing medicine and healthcare within the KorMedM-
CQA benchmark, which are summarized in Ta-
ble 8. As described in Section 3.2, we utilize
the RecursiveCharacterTextSplitter2 with a
chunk size of 3,000 characters and an overlap of
1,000 characters to mitigate information loss due
to truncation. The instruction used for synthesizing
QA pairs is presented in Figure 6 (see Figure 7 for
the English translation).

A.1.1 General LLM Capabilities
To ensure the model retains general capabilities
beyond biomedical knowledge, we incorporate a
subset of general instruction-tuning datasets from
SmolTalk2 and Tulu-3. The detailed mixture con-
figuration is listed in Table 12.

System Prompt To preserve the model’s abil-
ity to adhere to system prompts, including
role-playing, specific response styles, and sit-
uational constraints, we include smoltalk_
systemchats_Qwen3_32B_think and smoltalk_
smollm3_systemchats_30k_no_think from the
SmolTalk2 dataset.

Multilingual To support multilingual capabili-
ties, we select aya_dataset_Qwen3_32B_think,
smoltalk_multilingual8_Qwen3_32B_think,
and smoltalk_multilingual_8languages_
lang_5_no_think from SmolTalk2. Furthermore,
we utilize a Korean-translated version of Fine-
Tome (Labonne, 2024)3 with Qwen3 32B Instant

2https://reference.langchain.com/python/
langchain_text_splitters

3https://huggingface.co/datasets/lemon-mint/
Korean-FineTome-100k

Korean Statute Name English Title

의료법 Medical Service Act
약사법 Pharmaceutical Affairs Act
지역보건법 Regional Public Health Act
국민건강보험법 National Health Insurance Act
마약류관리에관한법률 Narcotics Control Act
보건의료기본법 Framework Act on Health and

Medical Services
국민건강증진법 National Health Promotion

Act
감염병의예방및관리에관

한법률

Infectious Disease Control and
Prevention Act

검역법 Quarantine Act
후천성면역결핍증예방법 Prevention of Acquired

Immunodeficiency Syndrome
Act

응급의료에관한법률 Emergency Medical Service
Act

혈액관리법 Blood Management Act

Table 8: List of major Korean medical and public health
statutes with their official English translations.

and Think annotations. In total, the dataset covers
22 languages, aiming to preserve multilingual
knowledge with a minimal data footprint.

Multi-Turn Conversation To enhance the
multi-turn dialogue capabilities, we include
smoltalk_everyday_convs_reasoning_Qwen3_
32B_think, smoltalk_smollm3_everyday_
conversations_no_think, and smoltalk_
smollm3_smol_magpie_ultra_no_think from
SmolTalk2, which contain conversations consisting
of average 6 turns.

Instruction Following For precise instruction
following, we utilize smoltalk_smollm3_
explore_instruct_rewriting_no_think and
smoltalk_smollm3_smol_summarize_no_think
from SmolTalk2, alongside tulu_3_sft_
personas_instruction_following_no_think
from Tulu-3, which focuses on strict adherence to
user constraints.

Safety Finally, to ensure safety and ro-
bust refusal of harmful queries, we employ
tulu_v3.9_wildjailbreak_decontaminated_
50k and tulu_v3.9_synthetic_finalresp_
wildguardmixtrain_decontaminated_50k.

A.2 Decontamination

We check for potential overlap between our training
data and the test sets of MedQA and KorMedM-
CQA by searching for shared 10-grams, following
the criterion used in prior work (Touvron et al.,
2023; Li et al., 2024a). We confirm that no 10-
gram overlap is found between any training and
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Model
English

Response
Korean

Response

Qwen3-14B 71.0 63.2
Meerkat2-14B 83.9 88.4

Qwen3-30B-A3B 74.2 70.3
Meerkat2-30B-A3B 83.2 83.2

Qwen3-32B 81.3 73.6
Meerkat2-32B 89.7 89.0

Qwen3-235B-A22B 85.2 88.4
GPT-5.1 94.2 92.9

Table 9: Performance on the 89th Korean Medical Li-
censing Examination (KMLE 2025).

test examples, indicating that our reported evalua-
tion results are not affected by data leakage.

A.3 Training Details

We train Meerkat2 using 8 NVIDIA A100 GPUs.
The training configuration utilizes a maximum se-
quence length of 8192 tokens, a learning rate of 5e-
5, and a global batch size of 256. We use AdamW
with DeepSpeed Zero3 (Rasley et al., 2020). All
models are fine-tuned for a single epoch. To en-
force robust reasoning capabilities, we apply loss
masking to both the user prompts and the empty
thought blocks. This strategy makes the model to
initiate reasoning by default, ensuring it generates
a reasoning content unless it is explicitly disabled.

A.4 Performance on KMLE 2025

Because our models were trained on KorMedM-
CQA, which cover the period from 2012 to 2024,
it is essential to assess their generalizability to un-
seen data beyond this timeframe. To this end, we
collected the 89th Korean Medical Licensing Ex-
amination (KMLE 2025) from the Korea Health
Personnel Licensing Examination Institute4.

We extracted questions and answers from the
official PDF documents using OCR. To maintain
consistency with the KorMedMCQA format, we
excluded multimodal or restricted questions. This
curation process allows us to evaluate the models
on general medical knowledge and clinical reason-
ing tasks that post-date the 2024 knowledge cutoff.

The results are presented in Table 9. Meerkat2
consistently outperforms the original Qwen3 mod-
els, and the 32B variant surpasses even the signif-
icantly larger Qwen3-235B-A22B. Furthermore,

4https://www.kuksiwon.or.kr/

KorMedMCQA

Model MedQA English Korean

Qwen3-14B 76.5± 0.7 76.2± 0.2 71.9± 0.5
(514.4± 2.4) (439.0± 1.4) (571.1± 0.8)

+ Verbose CoTs 84.8± 0.6 83.7± 0.2 82.4± 0.4
(684.1± 4.9) (735.8± 2.7) (1007.2± 7.8)

+ Concise CoTs 83.8± 0.3 82.2± 0.3 80.6± 0.4
(317.1± 2.3) (244.7± 1.5) (364.2± 1.7)

+ VDD (Ours) 84.7± 0.4 83.0± 0.2 82.4± 0.4
(321.2± 1.8) (246.6± 0.9) (367.1± 4.4)

Table 10: Ablation study on the robustness of VDD
across random seeds. Values represent Accuracy (Avg.
Tokens), reported as mean ± standard deviation over
three random seeds under random sampling. VDD re-
mains the best balance of high accuracy and low cost.

Model Simple EvalScope Meerkat1

Qwen3-14B 76.7 (290.6) 76.0 (492.2) 76.2 (559.2)
+ Verbose CoTs 85.0 (683.6) 85.4 (669.3) 85.6 (680.1)
+ Concise CoTs 83.4 (339.2) 83.9 (299.9) 83.0 (286.1)
+ VDD (Ours) 85.0 (289.7) 85.2 (309.9) 85.3 (347.5)

Table 11: Ablation study on the robustness of VDD
across system prompts on MedQA. System Prompt 1
(Simple), 2 (EvalScope), and 3 (Meerkat1) are detailed
in Figure 5. Values represent Accuracy (Avg. Tokens).
VDD remains the best balance of high accuracy and low
token cost across all three prompts.

while the baseline models exhibit a notable per-
formance disparity depending on the response lan-
guage (with a gap of up to 7.8%p), Meerkat2 suc-
cessfully narrows this gap, demonstrating robust
multilingual consistency.

A.5 Robustness of VDD
To examine the robustness of VDD, we vary two
factors at evaluation time: the random seed used
for decoding and the system prompt presented to
the model.

A.5.1 Variation Across Decoding Seeds
We re-evaluate each benchmark with three random
seeds under random sampling, and report accu-
racy and average token count as mean±stdev in
Table 10. The standard deviations are small rela-
tive to the gaps between methods, and the ranking
reported in Table 6 holds under all three seeds.

A.5.2 Variation Across System Prompts
We additionally evaluate the models on MedQA
under three system prompts, shown in Figure 5.
Across all three prompts, VDD matches Verbose
CoTs in accuracy while using substantially fewer
tokens (Table 11).
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System Prompt A1: LATEXBoxed Format (\boxed)

Answer the following multiple-choice question. Think step by step and infer the correct answer. Respond only in
English. At the end of your response, output the answer enclosed in "\boxed{A/B/C/D/E}".

다음의주어진객관식질문에답하시오. 순차적으로생각한후정답을추론하세요.한국어로만응답해야합
니다. 응답마지막에정답을 "\boxed{A/B/C/D/E}"로감싸서출력하세요.

System Prompt A2: Natural Language Suffix

Respond only in English. Answer the multiple-choice question step by step. At the end, write:
"The answer is (A/B/C/D/E)."

객관식문제를단계적으로풀고한국어로만응답하세요.마지막에는이렇게적으세요:
"정답은 (A/B/C/D/E)이다."

System Prompt A3: Explicit Label Format

Think step by step and then choose the correct option. Use English only. Conclude with: "Answer: A/B/C/D/E"

단계적으로사고한뒤정답을고르시오. 한국어로만응답할것.마지막에 "정답: A/B/C/D/E"를적으시오.

System Prompt A4: JSON Structured Output

Answer the following multiple-choice question step by step. Respond only in English. End with:

```json
{"answer": "A/B/C/D/E"}
```

다음객관식문제에단계적으로답하세요.한국어로만응답하세요.마지막은다음과같이마무리하세요:

```json
{"answer": "A/B/C/D/E"}
```

System Prompt A5: Evaluation Standard (EvalScope)

Answer the following multiple choice question. The last line of your response should be of the following format:
’ANSWER: $LETTER’ (without quotes) where LETTER is one of A/B/C/D/E. Think step by step before answering.
Answer only in English.

다음 객관식 문제에 답하세요. 응답의 마지막 줄은 따옴표 없이 ’ANSWER: $LETTER’ 형식이어야 하며,
LETTER는 A/B/C/D/E중하나입니다. 답변하기전에단계별로생각하세요.한국어로응답하세요.

Figure 4: System prompts used for training and evaluation. System Prompts A1–A4 employ diverse formatting
instructions (LATEX, Natural Language, Label, JSON) to generate heterogeneous training samples and prevent
overfitting. System Prompt A5 represents the fixed, standard format used during the evaluation phase.
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System Prompt B1: Simple

Solve the problem. Conclude with: ’ANSWER: A/B/C/D’

System Prompt B2: EvalScope

Answer the following multiple choice question. The last line of your response should be of the following format:
’ANSWER: $LETTER’ (without quotes) where LETTER is one of {letters}. Think step by step before answering.

System Prompt B3: Meerkat1

The following is a multiple-choice question about medical knowledge. Solve this in a step-by-step fashion, starting
by summarizing the available information. Output a single option from the given options as the final answer. You are
strongly required to follow the specified output format; conclude your response with the phrase "ANSWER: [option_id]".

Figure 5: System prompts used to evaluate the robustness of VDD to prompt formulation (Section A.5). System
Prompt B1 is a minimal instruction, System Prompt B2 follows the EvalScope evaluation standard, and System
Prompt B3 adopts a Meerkat1-style medical instruction.
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Instruction for Law QA Synthesis

다음은대한민국 「{name}」중일부를발췌한내용입니다. 주어진예시문제를참고하여,해당법률자료에
대한독립적인객관식문제를생성하세요.지침은다음과같습니다:

1. 주어진법률자료에한하여문제를생성해야합니다. 존재하지않는내용이나추측성정보는반드시없
어야합니다.

2. 잘린문항이나전후내용을정확히파악하기힘든경우는문제를만들기보다는무시하세요.만일주어
진법률자료가문제를생성하는데에적합하지않다면,문제를생성하지않아도됩니다. 불필요한정보
를가지고굳이문제를생성하려하지마세요.

3. 주어진발췌문이실제문제풀이시에는주어지지않습니다. 모든문제는독립적이어야합니다. 응시자
가문제내에서모든정보혹은맥락을파악할수있도록하세요.즉,문제와풀이모두발발발췌췌췌문문문이이이원원원래래래부부부
터터터존존존재재재하하하지지지않않않는는는것것것처처처럼럼럼작성되어야합니다. 발췌문은문제를생성하기위함임을명심하세요.

4. 하단의예시를참고하여,최대 8개의질문을하고올바른답변을제시하세요.순서는무작위여도좋습
니다. 학습에도움이되도록근거를포함하여자세한설명과같이정답예시를포함해야합니다. 구조
는다음과같이작성하시오:

[QUESTION 1]
(객관식 질문)

[SOLUTION 1]
(암기에 도움이 되는 지식을 포함하여 500단어 이상의 설명)

[ANSWER 1]
(ONE OF A/B/C/D/E)

[QUESTION 2]
...

5. 단순히법률근거를묻는질문외에,사소한추론이필요한문제를희소하게포함해도좋습니다. 문제가
너무어렵거나복잡해서는안됩니다. 문제풀이설명은추론과정이정확해야합니다.

6. 각항목에는일반텍스트를사용하세요. Markdown등의특수포맷은허용하지않습니다.

<chunk_of_law>
{law_chunk}
</chunk_of_law>

<example_questions>
{examples}
</example_questions>

Figure 6: Instruction prompt used for synthesizing law QA pairs from Korean medical statutes.
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Instruction for Law QA Synthesis (English Translation)

The following is an excerpt from the Republic of Korea’s 「{name}」. Referring to the provided example questions,
create independent multiple-choice questions based purely on the relevant legal material. The guidelines are as follows:

1. Questions must be generated solely based on the given legal material. Non-existent content or speculative
information must absolutely not be included.

2. If an item is cut off or the preceding/following context is difficult to grasp accurately, ignore it rather than creating
a question. If the given legal material is not suitable for generating questions, you do not have to generate
questions. Do not force the creation of questions using unnecessary information.

3. The provided excerpt will not be given during actual problem-solving. All questions must be independent. Ensure
the examinee can grasp all information or context within the question itself. In other words, both the question and
the solution must be written as if the excerpt did not exist originally. Keep in mind that the excerpt is only for
the purpose of generating the questions.

4. Referencing the examples below, ask a maximum of 8 questions and present the correct answers. The order
may be random. Include detailed explanations with rationale to aid learning. The structure should be written as
follows:

[QUESTION 1]
(Multiple choice question)

[SOLUTION 1]
(Explanation of 500+ words including knowledge helpful for memorization)

[ANSWER 1]
(ONE OF A/B/C/D/E)

[QUESTION 2]
...

5. In addition to questions simply asking for legal basis, you may rarely include questions requiring minor reasoning.
The questions must not be too difficult or complex. The reasoning process in the explanation must be accurate.

6. Use plain text for each item. Special formats like Markdown are not permitted.

<chunk_of_law>
{law_chunk}
</chunk_of_law>

<example_questions>
{examples}
</example_questions>

Figure 7: English translation of the instruction prompt used for synthesizing law QA pairs.
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Category Dataset Component Total Sampled

Medical Domain

Medical Law korean_medical_laws_qa 18,721 18,721

Medical MCQA
Reasoning Distillation

kormedmcqa_dsv4pro_concise 67,456 67,456
kormedmcqa_dsv4pro_verbose 67,631 67,631
kormedmcqa_qwen3_235b_a22b_thinking 66,326 66,326
medbooks18_dsv4pro_concise 77,120 77,120
medbooks18_dsv4pro_verbose 76,993 76,993
medqa_4opt_dsv4pro_concise 79,391 79,391
medqa_4opt_dsv4pro_verbose 79,755 79,755
medqa_4opt_qwen3_235b_a22b_thinking 78,357 78,357

Open Medical QA
natural_reasoning_medical_subset 19,980 19,979
openthoughts_medical_subset 1,031 1,031
webinstruct_medical_subset 36,018 36,018

Medical Subtotal — 668,778

General Domain

System Prompt smoltalk_smollm3_systemchats_30k_no_think 54,217 20,000
smoltalk_systemchats_Qwen3_32B_think 27,396 19,995

Multilingual

aya_dataset_Qwen3_32B_think 15,204 4,999
korean_finetome_100k_qwen3_32b_no_think 99,998 20,000
korean_finetome_100k_qwen3_32b_think 97,433 19,766
smoltalk_multilingual8_Qwen3_32B_think 244,516 4,959
smoltalk_multilingual_8languages_lang_5_no_think 254,047 5,000

Multi-Turn
Conversation

smoltalk_everyday_convs_reasoning_Qwen3_32B_think 2,056 2,056
smoltalk_smollm3_everyday_conversations_no_think 2,004 2,004
smoltalk_smollm3_smol_magpie_ultra_no_think 813,686 20,000

Instruction
Following

smoltalk_smollm3_explore_instruct_rewriting_no_think 30,391 10,000
smoltalk_smollm3_smol_summarize_no_think 96,061 10,000
tulu_3_sft_personas_instruction_following_no_think 29,970 9,998

Safety
tulu_v3.9_synthetic_finalresp_wildguardmixtrain_
decontaminated_50k

50,000 10,000

tulu_v3.9_wildjailbreak_decontaminated_50k 50,000 10,000

General Subtotal — 168,777
Total Mixture — 837,555

Table 12: Composition of the dataset mixture. To preserve general capabilities, we incorporated general instruction-
tuning datasets alongside biomedical-specific data.
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