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Abstract

The breakthrough of OpenAl ol highlights the
potential of enhancing reasoning to improve
LLM. Yet, most research in reasoning has fo-
cused on mathematical tasks, leaving domains
like medicine underexplored. The medical do-
main, though distinct from mathematics, also
demands robust reasoning to provide reliable
answers, given the high standards of health-
care. However, verifying medical reasoning
is challenging, unlike those in mathematics.
To address this, we propose Medical Verifi-
able Problems with a medical verifier to check
the correctness of model outputs. This veri-
fiable nature enables advancements in medi-
cal reasoning through a two-stage approach:
(1) using the verifier to guide the search for a
complex reasoning trajectory for fine-tuning
LLMs, (2) applying reinforcement learning
(RL) with verifier-based rewards to enhance
complex reasoning further. Finally, we intro-
duce HuatuoGPT-01, a medical LLM capable
of complex reasoning, which outperforms gen-
eral and medical-specific baselines using only
40K verifiable problems. Experiments show
complex reasoning improves medical problem-
solving and benefits more from RL. We hope
our approach inspires advancements in reason-
ing across medical and other specialized do-
mains.

1 Introduction

The release of OpenAl ol has marked a significant
milestone in large language model (LLM) devel-
opment, showcasing impressive capabilities (Guan
et al., 2024; Xie et al., 2024; Zhong et al., 2024).
This breakthrough highlights the potential of scal-
ing Chain-of-Thought (CoT) and reinforcement
learning to enhance LLM performance (Qin et al.,
2024; Zeng et al., 2024; Wang et al., 2024a). While
subsequent research efforts attempt to replicate
these advancements, they often remain limited to

mathematical reasoning tasks (Team, 2024b; Lu-
ong et al., 2024; Zhang et al., 2024a; Wang et al.,
2024a). The application of ol-like methods to spe-
cialized fields, such as medicine, remains largely
underexplored.

Medical tasks often involve deeper reason-
ing (Saab et al., 2024; Patel et al., 2005; Chen
et al., 2024a). In real-world medical diagnoses or
decisions, doctors often deliberate carefully. Such
a life-critical field necessitates meticulous thinking
to ensure more reliable answers (Xu et al., 2024b;
Temsah et al., 2024). Thus, enabling LLMs to per-
form extended reasoning and reflection to provide
more reliable medical responses holds significant
value for the future applications of LLMs in health-
care. We term this extended and reflective think-
ing process as complex reasoning (Jaech et al.,
2024). Moreover, medical reasoning closely re-
sembles real-world applications in domains like fi-
nance, law and education, making advancements in
this area readily transferable (Cheng et al., 2023).

However, a key challenge for medical reasoning
is verifying the thought process, which often lacks
clear steps. Inspired by mathematical problems
that allow verification through their outcomes, we
construct 40K Medical Verifiable Problems refor-
matted from challenging, closed-set medical exam
questions. These verifiable problems are character-
ized as open-ended with unique, objective ground-
truth answers that allow an LLM verifier to check
solution correctness. Such verifiability enable a
two-stage method for medical complex reasoning:

Stage 1: Learning from Verified Reason-
ing Trajectories The verifier feedback can guide
LLMs to search for a long CoT with reflection. The
LLM first initializes a CoT and an answer. When
the verifier rejects the answer, the LLM extends
by applying a strategy sampled from Backtracking,
Exploring New Paths, Verification, and Correction
to refine its answer until it reaches a correct answer.
Successful trajectories, involving iterative refine-
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Figure 1: Left: Constructing Medical Verifiable Problems using challenging close-set exam questions. Right: The
verifier checks the model’s answer against the ground-truth answer.

ments, are then used to fine-tune the LLM with
complex reasoning skills.

Stage 2: Reinforcement Learning with Ver-
ification Rewards After acquiring complex rea-
soning skills, reinforcement learning (RL) further
enhances this ability using verification-based re-
wards. The verification feedback enables the model
to spontaneously explore optimal long CoT strate-
gies without human preset guidance.

Using this approach, we present HuatuoGPT-
ol, a medical LLM that performs extended and
reflective thinking before answering. Experiments
demonstrate that our method (using only 40K data
points) yields an 8-point improvement on medical
benchmarks with an 8B model. Furthermore, our
70B model outperforms other general and medical-
specific LLMs of similar parameter scale on med-
ical benchmarks. The experiments further reveal
the effectiveness and domain compatibility of our
method.

Our contributions are as follows:

o To the best of our knowledge, this is the first
work to build ol-like LLMs in the medical do-
main using Medical Verifiable Problems.

e We propose a two-stage training framework
based on Medical Verifiable Problems.

e We introduce HuatuoGPT-o01, a medical LLM
capable of complex reasoning, which outper-
forms other baselines on medical benchmarks.

e Our experiments reveal that complex reason-
ing is effective for medical problem-solving
and benefits more from RL enhancements. We
also validate the effectiveness of our approach
across different languages (e.g., Chinese) and
domains (e.g., chemistry).

2 Medical Verifiable Problems

2.1 Philosophy of Verifiability

Solving complex problems often requires long
reasoning trajectories. Many approaches (Muen-
nighoff et al., 2025; Guo et al., 2025) integrate
pre-defined, high-quality trajectories from expert
examples or distilled models into training. While
beneficial, these fixed paths can introduce biases
from either humans or LLMs, thereby limiting
reasoning diversity. To address this, AlphaGo
Zero (Silver et al., 2017) uses result verification
(e.g., win/loss) instead of human game records,
reducing path dependency and enabling the poten-
tial to surpass human-level performance. More
recently, DeepSeek R1 (Guo et al., 2025) lever-
aged the inherent verifiability of mathematics and
code to facilitate advanced mathematical reasoning.
This underscores the pivotal role of verifiability in
incentivizing LLMs toward stronger reasoning.

Inspired by this, we introduce Medical Verifi-
able Problems, which are open-ended yet have
with unique, objective ground-truth answers, as
illustrated in Figure 1. This brings verifiability to
the medical domain, akin to mathematics, enabling
a result-driven verification process.

2.2 Constructing Medical Verifiable Problems

Sourcing from Medical Exam Questions To
achieve this, we utilize closed-set real-world exam
questions for two key reasons: 1) a large number of
medical exam questions are available; and 2) these
real-world exam questions are typically objective
and accurate. Specifically, we collected 192K med-
ical multiple-choice exam questions from the train-
ing sets of MedQA-USMLE (Jin et al., 2021) and
MedMcQA (Pal et al., 2022a).
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Figure 2: Demonstration of training LLMs for medical complex reasoning with Medical Verifiable Problems. Left
(Stage 1): Searching for verified reasoning trajectories to fine-tune LLLMs. Right (Stage 2): Using the verifier to

enhance complex reasoning via reinforcement learning.

Constructing Verifiable Problems However,
these medical questions are closed-set (multiple-
choice), making it easy for models to guess the
correct option. Additionally, some questions are
not suitable due to they may lack a unique correct
answer for verification or are too simple to require
reasoning. We address this by selecting and pro-
cessing questions as follows:

1. Selecting Challenging Questions We re-
moved questions that three small LLMs
(Gemma2-9B (Team et al., 2024), LLaMA-
3.1-8B (Dubey et al., 2024), Qwen2.5-7B
(Team, 2024a)) all answered correctly and
discarded short questions to retain those re-
quiring more reasoning.

2. Ensure Unique Answers: We excluded ques-
tions asking for “incorrect options” or with
multiple correct answers. A LLM (GPT-40) is
further employed to remove questions where
the correct answer might not be unique or
could be ambiguous.

3. Reformatting to Open-Ended Formal: Us-
ing LLMs (GPT-40), We reformatted each
closed-set question into open-ended problem
an open-ended problem x and a ground-truth
answer y*, as shown in Figure 1.

The prompt used for filtering and processing
can be found in Appendix K. After this filtering
and processing, we ultimately constructed a dataset
of 40K Medical Verifiable Problems denoted as
D = {(x,y*)}, where x is a verifiable problem
and y* the ground-truth answer.

Medical Verifier With these verifiable problems,
we propose a verifier to assess the correctness of

model outputs. Given a medical verifiable problem
x, the model generates a Chain-of-Thought (CoT)
e and a result . The verifier checks y against
the ground-truth answer y* and provides binary
feedback as:

Verifier(y, y*) € {True, False}

Unlike mathematical problems, we use LLMs
(GPT-40) as the verifier, prompting it to perform
verification with the detailed prompt provided in
Appendix L. Due to the prevalence of aliases in
the medical domain, exact match methods (Luong
et al., 2024; Gandhi et al., 2024), which are com-
monly applied in mathematics, are not feasible.
Experiments in Section 4.2 confirm this and demon-
strate the reliability of the LLM-based verifier.

3 Methodology

In this section, we describe the method for train-
ing LLMs to perform medical complex reason-
ing. Complex reasoning refers to longer Chains-of-
Thought (CoT) coupled with reflective behaviors.
The formal definition of complex reasoning is pro-
vided in Appendix I. As shown in Figure 1, the
method consists of two stages based on the Medi-
cal Verifiable Problems.

3.1 Stage 1: Learning from Verified
Reasoning Trajectories

Searching for Verified Trajectories Given a
verifiable medical problem as a tuple (z,y*), i.e.
(question, ground-true answer), the LLM (GPT-40)
generates an initial CoT eg and answer yo:

€0, Yo = LLMinit(x)



Medical Verifiable Problem ()fl) A 51-year-old man experiences progressively worsening dysgnea on exertion and fatigue over two months.

Examination and test results include cardiac exam without murmurs, coarse crackles af lung bases, an
absent p waves, a chest x-ray_showinhg globular cardiac shadow enlargement with prominent hila and bilateral fluffy infiltrates, and echocardiography
th an ejection fraction of 40%. What is the most likely cause of this patient's cardiac condition?

Chronic supraventricular tachycardia

indicating a dilated left veniricle wi

Init CoT (eg ., Yo )

## CoT (e))

Identify Key Clinical Features: The 51-year-old man is experiencing ...
Analyze Chest X-ray Findings: The chest x-ray shows a globular cardiac ...
Evaluate Potential Causes of Heart Failure: Heart failure in this context can ...

## Conclusion (yg)

The most likely cause of this patient's cardiac condition is alcohol-induced dilated 0
cardiomyopathy.

Search with Verification Strategy (e , y; ) >
## CoT (e)

Re-evaluate Key Clinical Features: R ining the patient's symptoms, we ...
Assess Chest X-ray and Pulmonary Findings: The chest x-ray findings ...

## Conclusion (y;)
Although alcohol-induced cardiomyopathy was initially considered, ischemic
cardiomyopathy is more likely the cause of this patient's condition ... Q

Search with Correction Strategy (e, , vy, ) >

## CoT (e;)
Reassess the Potential Causes of Dilated Cardiomyopathy: Re-examining the ...
Focus on Patient History and Lifestyle: Explore elements from the patient's ..

## Conclusion (y,)

The most likely cause of this patient's cardiac dition is al li li hy... Q
Search with Exploring New Paths Strategy (e3 , y3) >
## CoT (e3)

Consider Effects of Atrial Fibrillation: Atrial fibrillation can lead to a reduced ...
Review Cardiac Presentation: Globular cardiac shadow and absence of ...

stop

V)

## Conclusion (y3)
<. the most likely cause of the patient's cardiac condition is chronic supraventricular
hy ia (atrial fibrillation)-i d cardiomyopathy.

CG with an irregularly irregular rhythm and

Long CoT with reflection (Total 1565 tokens) ————» Complex CoT (758 tokens) & Response (155 tokens)

Our Model Response (€ , 3 )

## Thinking (€)
Hmm, let's look at the clinical picture here. We have a 51-year-old man with
progressively worsening dyspnea, fatigue, an irregularly irregular heart ...

Now, lets think about dilated cardiomyopathy. The combination of a ...The most likely
ion is alcohol-induced dilated li pathy ...

cause of this patient's i

But wait — let's pause and re-evaluate this. Are we jumping to conclusions here?
Let's go over the symptoms and findings again to see if we missed anything ...

Could there be other causes of dilated cardiomyopathy? Viral myocarditis, genetic
factors, or nutritional deficiencies could also be responsible ... Maybe ischemic
cardiomyopathy is a better explanation.

But hold on — the patient hasn’t mentioned typical angina symptoms, and there's
no clear evidence of coronary artery disease in the findings provided. Hmm ...

Then again, the globular cardiac shadow on the chest x-ray is interesting ... Hmm,
this supports a non-ischemic etiology.

Alright, back to alcohol-induced cardi hy. It fits the demographic and clinical

P
picture, even if we don t have explicit evidence of alcohol use.

Not so fast, what if the atrial fibrillation itself is the cause? Chronic atrial fibrillation
can lead to tachycardia-induced cardiomyopathy ...

Hmm, let’s connect the dots. Persistent high heart rates from atrial fibrillation could
explain the dilated left ventricle and reduced ejection fraction.... Maybe the primary
issue here is tachycardia-induced cardiomyopathy due to chronic atrial fibrillation ...

Yes, I think this is it. The most likely diagnosis is chronic supraventricular
lia-induced cardic p

tachyc

## Response ()

The clinical presentation and investigation findings suggest that this 51-year-old man is
experiencing heart failure with reduced ejection fraction, likely due to tachycardia-induced
cardiomyopathy. His irregularly irregular ECG rhythm with absent p waves indicates chronic ...

Figure 3: Example of data synthesis. Left: Strategy search on medical verifiable problems until the answer is
verified. Right: Transfer the entire search process into complex CoTs to mimic human complex thinking. The
complex CoTs and responses are used to train the model to adopt thinks-before-it-answers behavior akin to ol.

The verifier checks if gy matches y*. If incorrect,
the model iteratively refines the answer by apply-
ing a randomly selected search strategy k£ € K on
prior thoughts [eg, Yo, - - ., €i—1, Yi—1], producing
new reasoning e; and new answer y;:

€, Yi = LLMkz (937 [60) Yo,---,€i—1, yi—l])

where i denotes the ¢-th iteration. We define four
search strategies /C to guide the refinement process:

e Exploring New Paths The LLM explores
a new approach e; , distinct from prior
€o, - - -, €;—1, to derive a new answer y;.

e Backtracking The LLM revisits a previous rea-
soning process e;, ¥, where j < ¢—1, and con-
tinues reasoning from there. Note that Back-
tracking is sampled only if ¢ > 2.

e Verification The LLM evaluates the current
reasoning e;_jand result y; 1, providing a vali-
dation process e; and the verified result y;.

e Corrections The LLM critiques and corrects
the current reasoning e;_1, yielding a revised
reasoning e; and answer y;.

The process iterates until y; is verified as correct.

If the maximum iteration count /N = 3 are reached,
the search restarts. Each data point (z, y*) is given

up to T' = 3 attempts; if all fail, the data point
is discarded. The prompts for search reasoning
trajectories and search statistics can be found in
Appendix M and Appendix D.

Constructing SFT Training Data When a suc-
cessful trajectory [eo, Yo, - - - , €, ¥;] is found, it is
reformatted into a coherent, natural language rea-
soning process € (Complex CoT):

é = LLMgeformat([€0, €1, - - - » €3, ¥i])

As shown in Figure 3, this reformatting avoids
rigid structures to reduce token usage and employs
smooth transitions (e.g., “hmm,” “also,” “wait”) to
mimic human reasoning processes. Additionally, é
preserves the entire self-reflective thinking process
of [eg, €1, ..., ¢€;,y;]. This Complex CoT (¢é) indi-
cates the thinking process of complex reasoning.
The model then generates a formal response ¢ for
question x using the conclusion of é:

@ = LLMResponse(xa é)

The prompt used for constructing SFT data can be
found in Appendix N.

Supervised Fine-Tuning (SFT) Finally, we syn-
thesize 20K SFT data Dgpr = {(x, é,9)} from the



Algorithm 1: Training LLMs for Medical Complex
Reasoning

Require: Medical Verifiable Problems
D = {(x,y")}, a Verifier, an LLM (GPT-40) for
synthesizing reasoning trajectories, search strategies
JC, max search depth IN, max search attempts T,
and initial policy 7g.

DSearch7 Dri < Sp“t(D)
Dsrr + 0
// Stage 1: Learning Complex Reasoning
for (z,y") € Dsearer do
for j < 1toT do
€0,Yy LLMinit(m)
140
if not Verifier(y,, y") then
for i < 1to N do
ki ~IC
€, Y, «—
LLMg;, (x, [€0, Yg; ---) €i—1,Y;_1])
if Verifier(y,, y") then
L break

if Verifier(y,, y™) then
€« LLMRefOFmal([e()? Yo, -+ €y yz])
2,7 <~ LLMRespnnse(é)
Dsrr + Dsrr U {(x,€,9)}

L break

// SFT
for (x,é,9) € Dsrr do
Lspr(0) < —logme(é, 7 | )
| 6 < UpdateParameters(Lsrr(60),0)

// Stage 2: Enhance Reasoning with RL
Tref <— O
for (z,y") € Dg. do
é,9 ~ mo(x)
// Reward
r < Rule (Verifier (§,y")) —
BKL (o (- | @) || mret (-] @)
0
UpdateParameters (Lry (x, €, §, 7, Wret, W) , 0)

return 7y

Medical Verifiable Problems D = {(z,y*)} using
GPT-40. Dspr is used to fine-tune LLMs to gener-
ate a complex CoT é followed by a formal response
7, behaving similarly to OpenAl-ol and DeepSeek-
R1. This fine-tuning serves as a warm-up to train
the model to perform complex reasoning.

3.2 Stage 2: RL with Verification Rewards

In this stage, we further enhance the complex rea-
soning skills using reinforcement learning (RL).
While the LLM learns successful reasoning trajec-
tories in Stage 1, these paths, derived via search,
may not be optimal. On-policy learning in Stage
2 refines complex reasoning through verification
feedback.

Verification Rewards The verification of Medi-
cal Verifiable Problems provides an important re-

ward for LLMs to optimize their reasoning trajec-
tories. Given a verifiable problem x and the gen-
erated response (¢, ), the reward is assigned as
follows:

1 if verifier(g,y™) = True
v (z,9,y*) = { 0.1 if verifier(g,y*) = False
0 if § = null

Following (Riedmiller et al., 2018; Trott et al.,
2019; Luong et al., 2024), correct answers receive
areward of 1, incorrect answers receive 0.1, and re-
sponses that lack think-before-answering behavior
receive 0. Additionally, following related works,
the total reward combines this function score with
the Kullback-Leibler (KL) divergence between the
learned RL policy mg and the initial policy s,
scaled by a coefficient 3:

r(@,9,y") =1'(2,3,y") — BKL(0)

to stabilize training with sparse rewards (Luong
et al., 2024).

Reinforcement Learning For RL, We use the
Proximal Policy Optimization (PPO) (Schulman
et al., 2017) algorithm with a clipped objective.
The fine-tuned model serves as the policy model mg.
Training is conducted on the remaining Medical
Verifiable Problems Dgy, = {(x, y*)}. The policy
samples responses (&, §) for input x, computes the
reward, and updates parameters 6.

The full training process for both stages is sum-
marized in Algorithm 1.

4 Experiments

4.1 Experimental Setup

Training Data We constructed a 40K Medical
Verifiable Problems D = {(z, y*)} from the train-
ing sets of MedQA-USMLE (Jin et al., 2021) and
MedMCQA (Pal et al., 2022b). Of this, 20K is
used for SFT in stage 1 and 20K for RL in stage 2.
Additionally, 4K unconverted data (close-set ques-
tions with option answers) from D are included
to enhance generalization. In line with prior work
that integrates general-domain data to support med-
ical adaptation (Chen et al., 2023b; Zhang et al.,
2024b), we add 5K general verification questions
sourced from MMLU-Pro (Wang et al., 2024c)
outside the medical-related tracks. All data were
strictly screened to avoid contamination with the
evaluation data using the filtering method of Med-
PalLM2 (Singhal et al., 2023b) (filtering overlaps
of 64 consecutive characters).



MMLU-Pro GPQA |
MedQA MedMCQA PubMedQA Health Biology Genetics N][B()iloe]f)lg;r Avg.
~ 8B Large Language Models
BioMistral-7B 45.0 40.2 66.9 274 49.2 28.6 385 423
OpenBioLLM-8B 57.7 54.1 74.1 384 52.4 43.7 39.6 514
UltraMedical-8B 711 583 714 55.1 66.7 41.2 48.4 59.7
Mistral-7B-Instruct 48.2 44.6 59.5 337 53.6 30.0 46.1 45.1
Yi-1.5-9B-Chat 50.8 48.7 69.8 434 65.6 42.5 48.1 52.7
LLaMA-3.1-8B-Instruct 58.7 56.0 752 52.7 64.6 33.8 46.8 554
GLM-4-9B-Chat 58.9 49.8 73.5 45.5 65.4 53.8 41.6 55.5
¢ DeepSeek-R1-Distill-Llama-8B 54.4 49.5 74.4 452 66.4 41.2 59.0 55.8
Qwen2.5-7B-Instruct 57.0 55.6 72.7 50.6 70.2 36.2 49.7 56.0
Gemma2-9B 61.8 559 63.3 55.1 74.9 35.0 57.4 57.6
€ HuatuoGPT-01-8B 72.6 60.4 79.2 58.7 68.2 48.8 59.7 63.9
w/o Stage2 (RL) 69.0 57.9 71.7 53.5 66.1 41.2 53.5 59.8
10B to 100B Large Language Models
UltraMedical-70B 82.2 71.8 78.4 64.8 71.1 33.8 62.9 66.4
OpenBioLLM-70B 76.1 74.7 79.2 68.8 76.7 38.8 54.8 67.0
DeepSeek-67B-Chat 57.1 51.7 76.1 46.9 66.2 40.0 51.0 55.6
Yi-1.5-34B-Chat 59.5 56.7 74.3 52.8 71.0 325 56.8 57.7
Gemma2-27B 65.4 60.2 72.6 61.1 76.2 325 61.6 61.4
Qwen2.5-72B-Instruct 72.7 66.2 71.7 65.3 78.8 41.2 56.8 64.7
@ QwQ-32B-Preview 72.3 65.6 73.7 62.0 78.1 37.5 64.5 64.8
Llama-3.1-70B-Instruct 78.4 72.5 78.5 68.2 80.8 52.5 61.6 70.3
@ DeepSeek-R1-Distill-Llama-70B 85.6 74.3 80.0 70.7 80.6 43.8 65.2 714
¢ HuatuoGPT-01-70B 88.1 77.6 80.6 71.0 82.8 56.2 66.5 74.7
w/o Stage2 (RL) 83.7 73.3 78.9 70.2 79.8 54.2 63.9 733

Table 1: Main Results on Medical Benchmarks. LLMs with

are specifically trained for the medical domain, and

? indicates LLM:s training for long chain-of-thought reasoning. "w/0" means "without". Within each segment, bold
highlights the best scores, and underlines indicate the second-best.

Model Training Using the proposed method,
we train our models HuatuoGPT-01-8B and
HuatuoGPT-01-70B based on LLaMA-3.1-8B-
Instruct and LLaMA-3.1-70B-Instruct, respectively.
In Stage 1, the models are fine-tuned on the Dggr
for 3 epochs with a learning rate of 5e-6 and a
batch size of 128. In Stage 2, we employ PPO for
RL with a learning rate of 5e-7, a batch size of
128, and S set to 0.03. The PPO parameters are set
as: 3 PPO epochs, a discount factor 1.0, a value
coefficient 1.0, and a clip range 0.2.

Baselines We compare our models with three
types of open-source LLMs: 1) General LLMs:
Qwen-2.5 (Yang et al., 2024), LLaMA-3.1 (Dubey
et al., 2024), Gemma 2 (Team et al., 2024), Yi
(Young et al., 2024), Mistral (Jiang et al., 2023),
GLM-4 (Zeng et al., 2023); 2) ol-like LLMs:
DeepSeek-R1-Distill (Guo et al., 2025) and QwQ
(Team, 2024b); and 3) Medical-Specific LLMs:
UltraMedical (Zhang et al., 2024b), OpenBioLLM
(Pal and Sankarasubbu, 2024), and BioMistral
(Labrak et al., 2024).

Benchmarks We evaluate on standard medi-
cal benchmarks: MedQA (USMLE test set) (Jin

et al., 2021), MedMCQA (validation set) (Pal et al.,
2022a), and PubMedQA (test set) (Jin et al., 2019).
Aditionally, we evaluated the medical sections of
some challenging LLM benchmarks, including the
health and biology tracks of MMLU-Pro (Wang
et al., 2024c¢), and the genetics and molecular biol-
ogy tracks of GPQA (Rein et al., 2023), using the
main set with the multiple-choice setting. Due to
the limited number of GPQA questions, we ran this
evaluation 5 times and averaged the results.

4.2 Experimental Results

Main Results We evaluated LLMs with similar
parameter sizes on medical benchmarks, as shown
in Table 1. The results indicate that prior medical-
specific LLMs, like UltraMedical, excel on tradi-
tional medical benchmarks (MedQA, MedMCQA,
PubMedQA) but perform moderately on the more
challenging datasets (GPQA and MMLU-Pro). Fur-
thermore, ol-like models demonstrate superior
performance (e.g., Deepseek-R1-Distill-70B out-
performs LLaMA-70B, and QwQ-32B surpasses
Qwen-72B), suggesting that enhancing reasoning
capabilities improves medical capabilities.

Overall, our model, HuatuoGPT-ol, excels



MMLU-Pro GPQA
MedQA MedMCQA PubMedQA (Med+) (Med+)
Baseline LLMs
LLaMA-3.1-8B-Instruct 58.7 56.0 75.2 58.2 441
Fine-Tuned Baseline
SFT w/ Original Exam Data of D 60.0 55.5 74.1 543 46.9
Effectiveness of Complex Chain-of-Thought (CoT)
SFT w/o CoT (only %) 65.2 58.1 75.4 58.5 48.7
SFT w/ Simple CoT (zg, yo) 66.6 59.2 75.4 57.0 46.7
SFT w/ Complex CoT (Z, 9) 69.0 57.9 77.7 594 51.0
Effectiveness of RL
SFT w/o CoT + RL w/ PPO 66.4 58.6 76.3 60.1 49.8
SFT w/ Simple CoT + RL w/ PPO 68.7 58.4 77.5 60.2 53.1
SET w/ Complex CoT + RL w/ PPO 72.6 60.4 79.2 63.1 57.5
Comparison of Different RL Algorithms
SET w/ Complex CoT + RL w/ DPO 72.2 58.4 77.3 60.4 52.5
SET w/ Complex CoT + RL w/ RLOO 71.1 60.1 78.1 60.9 58.2
SFT w/ Complex CoT + RL w/ PPO 72.6 60.4 79.2 63.1 57.5

Table 2: The results of ablation experiments on HuatuoHPT-01-8B. (Med#¥) indicates that only the medical-related
parts are evaluated. "w/o" and "w/" denote "without" and "with". "Original Exam Data" refers to original multiple-
choice questions used for medical verifiable problems D. Bold highlights the best scores in each segment.

across all datasets. The 8B version outperforms the
base model (LLaMA-3.1-8B-Instruct) by 8 points
in overall evaluation. Moreover, our 70B model
surpasses other compared LLMs, clearly demon-
strating the effectiveness of our approach. This em-
phasizes the value of domain-specific optimization
over basic distillation methods, as seen in models
like Deepseek-R1-Distill.

Ablation Study We conducted an ablation study
on the 8B model to analyze the impact of Complex-
CoT and RL. The results, shown in Table 2, reveal
the following insights:

1. Fine-tuning with Complex CoT Helps We
examined the impact of different types of Chain-of-
Thought (CoT). The results show that direct learn-
ing of the response (¢) performs the worst, while
simple CoT (yo, eg) provides only minimal bene-
fits. In contrast, Complex CoT (¢, ) significantly
improves performance by an average of 4.3 points.
This highlights the importance of teaching models
long, reflective reasoning processes.

2. LLMs with Complex Reasoning Benefit
More Than Vanilla LLMs We compared the RL
improvements under different CoT strategies, as
shown in Table 3. The results reveal that Com-
plex CoT, which involves much longer reasoning
paths (averaging 712 tokens), yields a significantly
greater performance gain (3.6 points) compared

# Avg. Generated A Avg. Gain

Tokens from RL
Direct Response (y) 82 1.1
Simple CoT (zo, yo) 281 2.6
Complex CoT (&, 9) 712 3.6

Table 3: Comparison of RL improvement. "# Avg. To-
kens" indicates the average number of response tokens.
A represents the gain from RL, as detailed in Table 1.

to simple CoT (2.6) and no CoT (1.1). This sug-
gests that longer self-play reasoning paths provide
richer thought processes and feedback, enabling
the model to discover higher-reward solutions.

3. PPO Outperforms DPO and RLOO Using
the same reward function, we further compared
different RL-related algorithms, including the pref-
erence learning algorithm DPO (Rafailov et al.,
2024) and the REINFORCE-style algorithm RLOO
(Ahmadian et al., 2024). Detailed implementation
information is provided in Appendix H. Comparing
PPO, RLOO, and DPO, we find that PPO performs
best, followed by RLOO and DPO. The weaker
performance of DPO is likely due to its off-policy
nature, while PPO benefits from its use of value
models, despite higher memory consumption.

Reliability of the Verifier The verifier plays a
critical role in our methods. To evaluate its relia-
bility, we manually verified 200 scoring instances



MedQA MedMCQA PubMedQA Ml\&g; ro ?;;23 Avg. Gain
Training on LLaMA-3.1-8B-Instruct
LLaMA-3.1-8B-Instruct 58.7 56.0 75.2 58.2 44.1 (0.0)
HuatuoGPT-o01-Llama-8B 72.6 60.4 79.2 63.1 57.5 (18.1)
Training on Qwen2.5-7B-Instruct
Qwen2.5-7B-Instruct 58.7 55.6 72.7 60.3 46.9 (0.0)
HuatuoGPT-01-Qwen-7B 72.0 62.5 78.6 68.3 54.4 (1 8.3)

Table 4: Performance improvement on different backbones using the proposed method.

sampled from Stage 1 and Stage 2. As shown in
Figure 4, the GPT-40 (we used) achieved 96.5%
accuracy in Stage 1 and 94.5% in Stage 2, demon-
strating its reliability. In contrast, the Exact Match
method (Luong et al., 2024), which is rule-based
and widely used in mathematical verification, per-
formed significantly worse, with accuracies of only
70.5% in Stage 1 and 74.5% in Stage 2. This
underscores the critical role of LLM-based veri-
fiers. Furthermore, we fine-tuned an 8B verifier
on LLaMA-3.1-8B with 20K scoring samples for
low-cost verification for the research community.
The fine-tuned verifier also demonstrated reliability,
achieving over 90% accuracy.

1.2

mmm  GPT-40 Verifier == Exact Match
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== Fine-tuned Verifier (8B)

96.5% o o
94.5% 4.
2 24.0% 91.0%

74.5%

Verifier In Stage 1 Verifier In Stage 2

Figure 4: Accuracy of verifiers. Accuracy is based on
200 manually annotated samples.

MedQA CMMLU

(Chinesey CMEXAM nfoda)
HuatuoGPT2-7B 73.7 67.4 58.4
Yi-1.5-9B-Chat 75.8 70.4 70.5
GLM-4-9B-Chat 75.6 70.5 69.1
@ DeepSeek-R1-Distill-Qwen-7B 83.2 77.8 75.3
Qwen2.5-7B-Instruct 83.9 77.0 77.2
? HuatuoGPT-01-7B-Chinese 87.4 81.5 81.6

Table 5: Cross-lingual adaptation (Chinese) results on
Chinese medical benchmarks. (Med#) indicates that
only the medical portion is evaluated.

Domain Compatibility Our approach uses veri-
fiable questions to enhance domain reasoning and
is theoretically applicable across languages and
fields. To validate this, we conducted experi-
ments in the Chinese medical and chemistry do-
mains. For Chinese adaptation, we built 40K Chi-
nese Medical Verifiable Problems from the CMB

MMLU-Pro GPQA

ChemBench (Chem:)  (Chem:)
LLaMA-3.1-8B-Instruct 55.1 422 299
@ DeepSeek-R1-Distill-Llama-8B 56.4 33.8 37.2
Gemma2-9B-it 58.0 45.5 42.6
Qwen2.5-7B-Instruct 58.3 65.4 374
? HuatuoGPT-01-8B-Chem 61.4 68.5 44.8

Table 6: Cross-domain adaptation (Chemistry) results
on chemistry benchmarks. (Med + ) indicates that only
the chemistry portion is evaluated.

(Wang et al., 2023c) and trained HuatuoGPT-0l-
7B-Chinese on Qwen2.5-7B-Instruct. For chem-
istry adaptation, we created 15K Chemistry Ver-
ifiable Problems from SciKnowEval (Feng et al.,
2024), mixed them with 20K medical questions,
and trained HuatuoGPT-01-8B-Chem on LLaMA-
3.1-8B-Instruct. Implementation details are in Ap-
pendix J. As shown in Table 5 and Table 6, both
models achieved notable improvements, highlight-
ing our method’s adaptability for other domains.

Experiments with Other Backbones In addi-
tion to the LLaMA-3.1 series, we also trained on
Owen2.5-7B-Instruct to assess the effectiveness of
our method across different backbones. The results,
presented in Table 8, demonstrate that our approach
transfers effectively to other backbone LLM:s.

5 Conclusion

This study advances the medical reasoning capa-
bilities of LLMs. Firstly, we construct the medical
verifiable problems and a medical verifier. This
enabled a two-stage training process: (1) learning
complex reasoning and (2) enhancing it through RL.
We developed HuatuoGPT-o1, a medical LLM with
thinks-before-it-answers behavior, achieving out-
standing performance in medical benchmarks. Ex-
periments show that complex reasoning improves
medical problem-solving and benefits obviously
from RL. Additional validation in Chinese med-
ical contexts shows the method’s adaptability to
other fields. We believe our approach can enhance
domain-specific reasoning beyond mathematics.



Limitations

Lack of Scalable Reinforcement Learning Ap-
pendix C outlines our RL training process. How-
ever, we did not attempt to scale RL training,
as seen in in OpenAl-ol (OpenAl, 2024) and
Deepseek-R1 (Guo et al., 2025). The reason for
this is the limited availability of verifiable problems.
Additionally, we found that further training steps
could degrade the model’s performance. Therefore,
scaling verifiable problems and stabilizing RL is
an important direction, which we leave for future
research.

API Costs for Verification This work utilizes
GPT-40 as the verifier, which could incur signifi-
cant API costs, making reproducing our work ex-
pensive. In response, we conducted an additional
experiment to verify that a fine-tuned smaller ver-
ifier can achieve similar verification performance.
We are also open-sourcing this smaller verifier to
support research within the community.

Dependence on Exam Questions Our approach
relies on exam questions to construct verifiable
datasets, which requires collecting a large number
of such questions. We have not yet explored synthe-
sizing verifiable questions from other sources. For
some non-medical domains, exam questions may
be scarce. In the future, incorporating alternative
sources for question synthesis could enhance the
adaptability of our method.
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A Ethical Statement

Although the proposed model is a medical LLM
with complex reasoning capabilities, it may still
produce content that includes hallucinations or in-
accuracies. Therefore, the current model is not
suitable for real-world applications. Consequently,
we will impose strict limitations on the use of our
model. The models are not permitted for use in clin-
ical or other industry applications where such in-
accuracies could lead to unintended consequences.
We emphasize the ethical responsibility of users to
adhere to these restrictions in order to safeguard
the safety and integrity of their applications.

B Related Work

Research on 01 Recent studies have extensively
analyzed the roadmap and core techniques of Ope-
nAI’s ol (Qin et al., 2024; Wang et al., 2024a; Zeng
et al., 2024), offering foundational insights into its
architecture and methodology. Extensions such as
LLaMA-Berry (Zhang et al., 2024a), LLaVA-ol
(Xu et al., 2024a), o1-Coder (Zhang et al., 2024c),
and Marco-o1 (Zhao et al., 2024) have explored ol-
like reasoning in various domains, including math-
ematics, vision-language integration, and open-
ended problem-solving. However, these efforts
have yet to address applications in medical or other
highly specialized fields. In contrast, research fo-
cused on medicine (Xie et al., 2024; Nori et al.,
2024; Temsah et al., 2024) highlights o1’s potential
for deliberate, chain-of-thought reasoning in health-
care contexts. Meanwhile, several ol-inspired mod-
els, such as DeepSeek-R1-Lite-Preview (Bi et al.,
2024), QwQ (Team, 2024b), and Gemini-2.0 Flash
Thinking (Team et al., 2023), have emerged. De-
spite their promise, most of these models remain
closed-source, leaving substantial opportunities for
further exploration and application of 01’s capabil-
ities across diverse fields.

Medical LLMs The success of generalist LLMs
has spurred interest in developing medical-specific
LLMs to excel in the medical domain. Notably, the
MedPalLM series (Singhal et al., 2023a,b) achieved
over 60% accuracy on the MedQA benchmark, re-
portedly surpassing human experts. Previous med-
ical LLMs typically follow two main approaches
(Zhang et al., 2024b): (1) Prompting Generalist
LLMs (Nori et al., 2023; Saab et al., 2024; Li et al.,
2024; OpenAl, 2023; Chen et al., 2024a): This
method employs task-specific prompts to adapt gen-
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eralist models for medical applications. While ef-
ficient and training-free, it is inherently limited by
the capabilities of the original LLMs. (2) Further
Training with Medical Data (Xu, 2023; Wang
et al., 2023a; Han et al., 2023; Wu et al., 2024; Pal
and Sankarasubbu, 2024; Labrak et al., 2024; Bao
et al., 2023; Zhang et al., 2023; Chen et al., 2024b;
Wang et al., 2024b; Zheng et al., 2024a; Christophe
et al., 2024): This involves training LLMs on med-
ical pretraining corpora or medical instructions to
embed medical knowledge and expertise. How-
ever, this always requires significant computational
resources, such as the 1.4 billion and 3 billion train-
ing tokens used for Meditron (Chen et al., 2023c)
and HuatuoGPT-II (Chen et al., 2023b). In contrast,
our approach emphasizes enabling LLMs to excel
in medical reasoning, offering a distinct solution.

Enhancing Reasoning in LLMs Chain-of-
Thought (CoT) prompting enhances the reason-
ing capabilities of LLMs (Wei et al., 2022; Wang
et al., 2023d), but scaling expert-labeled reason-
ing paths remains costly, especially for complex
problems (Min et al., 2022; Song et al., 2023). To
mitigate this, model-generated reasoning paths fil-
tered through external supervision offer a partial
solution (Zelikman et al., 2022; Huang et al., 2023),
yet scalability challenges persist (Shumailov et al.,
2023; Alemohammad et al., 2024). Reinforcement
learning-based methods leveraging reward models
or oracle functions show potential but often suf-
fer from slow processing, high costs, and supervi-
sion bottlenecks (Lightman et al., 2024; Luo et al.,
2023).

Complex Reasoning Developing models with
reflective abilities like critique and self-correction
has shown success in reasoning, planning, and cod-
ing tasks (Gandhi et al., 2024; Madaan et al., 2023;
Chen et al., 2023a; Welleck et al., 2023; Xi et al.,
2023; Paul et al., 2024), though underexplored in
specialized domains like medicine. While prompt-
ing techniques can generate self-critical reasoning
(Bai et al., 2022; Madaan et al., 2023), they struggle
without reliable reward functions or verifiers, par-
ticularly in complex domains (Huang et al., 2024;
Xu et al., 2024c). Fine-tuning and reinforcement
learning methods offer solutions but require ex-
tensive human annotations or intricate reward de-
signs (Wang et al., 2023b; Gao et al., 2024; Zhou
et al., 2024; Havrilla et al., 2024). Additionally,
self-training methods present a promising direction
for developing self-correction capabilities (Welleck
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Figure 5: The average verification rewards and response length of HuatuoGPT-01-8B PPO training.

Model MedQA MedMCQA MI\&ZE)P ro
LLaMA-3.1-8B (Backbone) 58.7 56.0 58.2
LLaMA-3.1-8B + 20K SFT 69.0 57.9 59.4
Adding 20K fine-tuning data
LLaMA-3.1-8B + 40K SFT 69.6 58.1 59.8
Reinforcement learning with 20K data
LLaMA-3.1-8B + 20K SFT + 20K RL 72.6 60.4 63.1

Table 7: Performance comparison with increasing amounts of SFT data.

MMLU-Pro GPQA

MedQA MedMCQA PubMedQA (Med) (Med) Avg. Gain
Training on LLaMA-3.1-8B-Instruct
LLaMA-3.1-8B-Instruct 58.7 56.0 75.2 58.2 44.1 (0.0)
HuatuoGPT-01-Llama-8B 72.6 60.4 79.2 63.1 57.5 (18.1)
Training on Qwen2.5-7B-Instruct
Qwen?2.5-7B-Instruct 58.7 55.6 72.7 60.3 46.9 (0.0)
HuatuoGPT-01-Qwen-7B 72.0 62.5 78.6 68.3 54.4 (1 8.3)

Table 8: Performance improvement on different backbones using the proposed method.

et al., 2023; Zheng et al., 2024b; Kumar et al.,
2024).

C Reinforcement Learning Training

The PPO training process of HuatuoGPT-01-8B
is shown in Figure 5. As the training progresses,
the accuracy of the verification gradually increases,
and the response length also increases (mainly be-
cause the reasoning process takes longer). The rise
in accuracy is likely attributed to a deeper reason-
ing process, involving more reflection and iteration.
However, we also observe that after a certain num-
ber of steps, the model’s performance begins to
deteriorate, often producing responses that either
fail to terminate or output disorganized, garbled
content.

16

D Success Rate of Search Depth and
Search Attempts

We analyze the distribution of search depths in the
SFT dataset, as shown in Table 10. It can be ob-
served that nearly 40% of the data requires reflec-
tion to obtain the correct answer. This highlights
the significance of reflection, which can be further
leveraged to fine-tune models for better compre-
hension of reflective reasoning.

Search Depth i  # Data Points  Proportion
0 12,677 62%
1 3,884 19%
2 2,494 12%
3 1,411 7%

Table 9: Distribution of search depths in the SFT dataset.

Despite this, failures can still occur even when
the search depth reaches N = 3. To address this
issue, we adopt a strategy where, upon reaching the



maximum depth without finding the correct answer,
the search restarts from scratch. This approach
improves search efficiency and reduces computa-
tional costs. Our findings indicate that setting a
reasonable number of search attempts significantly
enhances the success rate of data construction, with
only 4% of the data ultimately failing.

e 85% of data succeeds on the first attempt.
e 8% on the second attempt.

e 3% on the third attempt.

e Only approximately 4% is discarded.

Notably, increasing the search depth leads to
longer input data, thereby increasing construction
costs. Therefore, a balance between search depth
and computational efficiency should be carefully
considered.

E Experiments with Other Backbones

In addition to the original experiments based on
the LLaMA-3.1 series, we further validate our ap-
proach on Qwen2.5-7B, a different but comparable
backbone, using the same training settings. The
results are shown in Table 8. These results confirm
that our method transfers well to other backbones.
Additionally, all models based on both the LLaMA
and Qwen series have been open-sourced.

F Does More SFT Data Matter?

Our experiments demonstrate the effectiveness of
RL training, even with different SFT datasets. A
natural question arises: can increasing the amount
of SFT data achieve similar effects? We provide
results using additional SFT data (40K, the full
set of verifiable questions) as Table 7. The re-
sults indicate that increasing SFT data alone does
not significantly improve performance. In con-
trast, the gain from RL remains substantial. We
believe this is due to the inherent limitations of syn-
thetic data—search-based augmentation does not
necessarily yield the optimal solution. Meanwhile,
self-learning via RL enables the model to discover
better reasoning pathways.

G Increasing Search Depth

The search depth is adjustable, and users can set it
to 11 iterations or more using our provided code.
It is important to note that we employ a stream
search approach (Gandhi et al., 2024), not a tree
search. This means that each search iteration re-
quires the complete history of previous searches as
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input, making the computational cost proportional
to the search depth. To reduce costs, we set the
depth to 3 while employing multiple resampling
attempts.

Nonetheless, we tested 4K examples with differ-
ent synthesis lengths:

Iteration Depth  Thinking MedQA
(4K Data) (Length)  (SFT result)

Default (3) 564 64.6

6 9771 67.11

Table 10: Effect of increasing search depth on inference
length and fine-tuning performance.

The results show that increasing search depth
leads to longer inference chains, which in turn im-
proves fine-tuning performance.

H Settings of other RL training

we further compared different RL-related algo-
rithms with PPO. Specifically, we employed
the preference-learning algorithm DPO and the
REINFORCE-style algorithm RLOO.

DPO For DPO, we had the model generate five
answers for each question offline and used a verifier
to identify pairs of one correct and one incorrect
answer. If no such pairs were found, the data was
discarded. Verified correct answers were used as
positive examples, while failed verifications served
as negative examples for training DPO. The hyper-
parameters for DPO training were set as follows:
learning rate of 1e-6, batch size of 128, and a regu-
larization parameter of 1.

RLOO For RLOO, we used the same reward
function as PPO. The parameters were also identi-
cal to those of PPO, with an additional parameter
rloo_k set to 2.

I Definition of Complex Reasoning

In this paper, complex reasoning refers to the pro-
cess of generating long chains of thought (CoT)
to replicate human-like thinking processes, such
as reflection (Jaech et al., 2024; Xu et al., 2025).
Reflection, in this context, means that LLMs as-
sess their own generated answers and refine them
if necessary (Dou et al., 2024). LLMs equipped
with complex reasoning will perform such human-
like thinking processes before providing their fi-
nal response, such as models like OpenAl-ol and
DeepSeek-R1.



J Domain Adaptation Beyond English
Medical Domains

J.1 Chinese Domain Adaptation

Model Training For the Chinese medical do-
main, we replaced the exam questions in the CMB
training set with verifiable medical questions in
Chinese. Following the same training process used
for the English version of HuatuoGPT-o1, we devel-
oped HuatuoGPT-01-7B-Chinese, which is based
on the Qwen2.5-7B-Instruct model.

Chinese Medical Evaluation To evaluate the
model’s performance in the Chinese medical do-
main, we assessed it using three Chinese medical
benchmarks: the Chinese test set from MedQA
(MCMLE) (Jin et al., 2021), the CMExam test set
(Liu et al., 2024), and the medical section of the
Chinese general benchmark CMMLU (Li et al.,
2023). The CMMLU benchmark includes tracks
such as clinical knowledge, agronomy, college
medicine, genetics, nutrition, Traditional Chi-
nese Medicine, and virology.

Comparison Models We compared the perfor-
mance of our model with three general-purpose
Chinese language models of similar size: Qwen2.5
(Team, 2024a), GLM-4 (Zeng et al., 2023), and Yi-
1.5 (Young et al., 2024). Additionally, we included
a comparison with a specialized Chinese medical
model, HuatuoGPT-2-7B (Chen et al., 2023b).

J.2  Chemistry Domain Adaptation

To validate the effectiveness of our approach in
non-medical domains, we focused on the chemistry
domain.

Model Training For the chemistry domain, we
obtained 20,000 chemistry-related questions from
the SciKnowEval dataset (Feng et al., 2024) and
selected challenging problems to build 15,000 ver-
ifiable chemistry questions. Due to the limited
number of chemistry questions, we supplemented
them with 20,000 existing medical verifiable ques-
tions to develop HuatuoGPT-01-7B-Chem, built on
the LLaMA-3.1-8B-Instruct model.

Chemistry Domain Evaluation To assess the
chemistry capabilities, we evaluated the models
on three chemistry benchmarks: 1) ChemBench
(Mirza et al., 2024), a comprehensive evaluation
of chemistry capabilities, reporting the accuracy
across all questions; 2) the chemistry track of the
MMLU-Pro test set; 3) the high-level chemistry
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track of GPQA, where we used the main set and re-
ported the accuracy for its multiple-choice formal.

Comparison Models We primarily compared
the performance of advanced LLMs with similar
parameters, including Gemma2-9B-it, Qwen2.5-
7B-Instruct, Deepseek-RI-Distll-Llama-8B, and
Llama-3.1-8B-Instruct.

K Constructing Medical Verifiable
Problems

To construct Medical Verifiable Problems, we be-
gin by employing small models and rule-based
methods to identify challenging questions. Sub-
sequently, we leverage GPT-40 to perform data
filtering, isolating questions that have been suit-
ably transformed. The prompt used for this data
filtering process is illustrated in Figure 6. After
selecting appropriate data, we reformat multiple-
choice medical exam questions into open-ended
verifiable problems using the prompt provided in
Figure 7.

The prompt for filtering Multiple-choice Ques-

tions

<Multiple-choice Question>
{Question}

{Options}

Correct Answer: {Answer?}
</Multiple-choice Question>

You are an expert in filtering and evaluating multiple-
choice questions for advanced reasoning tasks. Your job
is to evaluate a given question and determine whether it
meets the following criteria:

1. **Depth of Reasoning:** The question should require
deeper reasoning. If the question appears too simple, mark
it as "Too Simple."

2. #*Unambiguous Correct Answer:** The question must
have a unique and unambiguous correct answer. If the
question asks for "incorrect options" or allows for multiple
correct answers, mark it as "Ambiguous Answer."

3. **Open-Ended Reformulation Feasibility:** The
question should be suitable for reformatting into an
open-ended format. If the question cannot be easily
reformulated into an open-ended problem and a clear
ground-truth answer, mark it as "Not Reformulatable."

For each question, provide one of the following evalua-
tions:
- "Pass" (The question meets all the criteria.)
- "Too Simple"
- "Ambiguous Answer"
- "Not Reformulatable"




Figure 6: The prompt for filtering Multiple-choice Ques-
tions. Here, {Question} and {Options} represents
the multiple-choice question and options, and {Answer}
represents the correct option for the multiple-choice
question.

The prompt for reformatting multiple-choice

questions to open-ended verifiable problems

I will provide you with a multiple-choice question, and
your task is to rewrite it into an open-ended question,
along with a standard answer. The requirements are:

1. The question must be specific, targeting the point being
tested in the original multiple-choice question. Ensure it is
open-ended, meaning no options are provided, but there
must be a definitive standard answer.

2. Based on the correct answer from the original question,
provide a concise standard answer. The answer should
allow for precise matching to determine whether the
model’s response is correct.

Here is the multiple-choice question for you to rewrite:
<Multiple-choice Question>

{Question}

{Options}

Correct Answer: {Answer?}

</Multiple-choice Question>

Please output the result in the following JSON format:

e

json

{{
"Open-ended Verifiable Question": "...",

(CRTIT]

"Standard Answer":

)

@

Figure 7: The prompt for reformatting multiple-choice
questions to open-ended verifiable problems. Here,
{Question} and {Options} represents the multiple-
choice question and options, and {Answer} represents
the correct option for the multiple-choice question.

L. The Prompt of Verifier

GPT-4o serves as the verifier to assess the correct-
ness of model-generated outputs. Using the prompt
depicted in Figure 8, we present GPT-40 with both
the model’s output and the ground-truth answer to
evaluate the correctness of the response. The veri-
fier returns a Boolean value: True if the response
is accurate and False otherwise.

M Prompts for Searching Trajectories

This section outlines the prompts used for con-
structing complex Chain-of-Thought (CoT) reason-
ing pathways. Initially, a question x is presented to
GPT-40, which generates an initial CoT response
using the prompt shown in Figure 9. If the verifier
determines the response to be incorrect, GPT-40
employs one of several search strategies to itera-
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The Prompt for Verifier

€

<Model Response>
{Model Response}
</Model Response>

<Reference Answer>
{Ground-true Answer}
</Reference Answer>

You are provided with a model-generated response
(<Model Response>) and a reference answer (<Reference
Answer>). Compare the model response with the refer-
ence answer and determine its correctness. Your task is to
simply output "True" if the response is correct, and "False"
otherwise.

Figure 8: The prompt for the GPT-40 verifier. {Model
Response} represents the output of the model to be ver-
ified. {Ground-true Answer} represents the ground-
truth answer for medical verifiable problems.

tively refine the output until it is accurate. The
prompts for these four search strategies — Back-
tracking, Exploring New Paths, Correction, and
Verification — are detailed in Figures 11, 11, 12,
and 13, respectively.

The prompt for initial CoT

<question>
{Question}
</question>

Please respond to the above question <question> using the
Chain of Thought (CoT) reasoning method. Your response
should consist of multiple steps, each of which includes
three types of actions: **"Inner Thinking"**, **"Final
Conclusion"**, and **"Verification"**:

- **Inner Thinking’**: This is the step where thinking
is done. Note that multiple ’Inner Thinking’ steps are
required to describe thorough reasoning. Each step should
first generate a brief title.

- **’Final Conclusion’**: At this stage, you summarize
the correct reasoning from previous ’Inner Thinking’ steps
and provide the final answer. No title is required here.

- ** Verification’**: At this stage, you verify the
conclusion from the "Final Conclusion" step. If the
conclusion holds, end the process. If not, return to "Inner
Thinking" for further reasoning. No title is required here.

The output format must strictly follow the JSON structure
below:

e

json
{
"CoT": [
{"action": "Inner Thinking", "title": "...", "content": "..."},
"action": "Final Conclusion", "content": "..."},

"action": "Verification", "content": "..."}

{
{
]
}




Figure 9: The prompt for initial CoT. {Question} rep-
resents the input question, i.e., the question x of the

medical verifiable problems.

The Prompt for Backtracking Breask Search

Strategy

<question>
{Question}
</question>

<previous reasoning>
{Previous_CoT}
<previous reasoning>

<response requirements>

Your response must include the following steps, each
composed of three types of actions: **"Inner Thinking"**,
**"Final Conclusion"**, and **"Verification"**:

1. **Inner Thinking**: Break down the reasoning process
into multiple concise steps. Each step should start with a
brief title to clarify its purpose.

2. **Final Conclusion**: Summarize the correct
reasoning from all previous ’Inner Thinking’ steps and
provide the final answer. No title is needed for this section.
3. **Verification**: Verify the accuracy of the "Final
Conclusion". If it holds, conclude the process. Otherwise,
return to "Inner Thinking" for further refinement.
</response requirements>

<question> represents the question to be answered, and
<previous reasoning> contains your prior reasoning. Your
task is to continue from the current ’Verification’ step. I
have manually reviewed the reasoning and determined
that the **Final Conclusion** is false. Your ’Verification’
results must align with mine. Proceed to refine the
reasoning using **backtracking** to revisit earlier points
of reasoning and construct a new Final Conclusion.

### Output Format

Strictly follow the JSON structure below. You do not need
to repeat your previous reasoning. Begin directly from the
next ’Verification® stage.

E‘ston
{
"CoT": [

{"action": "Verification",

non

content": "..." },

{"action": "Inner Thlnkmg", "title": "...", "content": "..."},
{"action": "Final Conclusion", "content": "..."},
{"action": "Verification", "content": "..."}

]
}
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Figure 10: The prompt for Backtracking search strat-
egy. Here, {Question} represents the problem z of
the medical verifiable problems, and {Previous_CoT}
represents the previous chain of thought process, i.e.,

[603y07 .. '7ei—1,yi—1]-
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The Prompt for Exploring New Paths Breask

Search Strategy

<question>
{Question}
</question>

<previous reasoning>
{Previous_CoT}
<previous reasoning>

<response requirements>

Your response must include the following steps, each
composed of three types of actions: **"Inner Thinking"**,
*#*"Final Conclusion"**, and **"Verification"**:

1. **Inner Thinking**: Break down the reasoning process
into multiple concise steps. Each step should start with a
brief title to clarify its purpose.

2. **Final Conclusion**: Summarize the correct
reasoning from all previous ’Inner Thinking’ steps and
provide the final answer. No title is needed for this section.
3. **Verification**: Verify the accuracy of the "Final
Conclusion". If it holds, conclude the process. Otherwise,
return to "Inner Thinking" for further refinement.

</response requirements>

<question> represents the question to be answered, and
<previous reasoning> contains your prior reasoning.
Your task is to continue from the current ’Verification’
step. I have manually reviewed the reasoning and
determined that the **Final Conclusion** is false. Your
’Verification’ results must align with mine. Proceed to
refine the reasoning by exploring new approaches to
solving this problem and construct a new Final Conclusion.

### Output Format

Strictly follow the JSON structure below. You do not need
to repeat your previous reasoning. Begin directly from the
next ’Verification’ stage.

“‘json

{

"CoT": [

{"action": "Verification", "content": " "},

{"action": "Inner Thinking", "title": "...", "content": "..."},
{"action": "Final Conclusion", "content": "..."},
{"action": "Verification", "content": "..."}

]
}

%3

Figure 11: The prompt for Exploring New Paths search
strategy. Here, {Question} represents the problem x of
the medical verifiable problems, and {Previous_CoT}
represents the previous chain of thought process, i.e.,

[607y07 sy ei*hyifl]'

The Prompt for Correction Breask Search Strat-

cgy

<question>
{Question}
</question>



<previous reasoning>
{Previous_CoT}
<previous reasoning>

<response requirements>

Your response must include the following steps, each
composed of three types of actions: **"Inner Thinking"**,
**"Final Conclusion"**, and **"Verification"**:

1. **Inner Thinking**: Break down the reasoning process
into multiple concise steps. Each step should start with a
brief title to clarify its purpose.

2. **Final Conclusion**: Summarize the correct
reasoning from all previous ’Inner Thinking’ steps and
provide the final answer. No title is needed for this section.
3. **Verification®*: Verify the accuracy of the "Final
Conclusion". If it holds, conclude the process. Otherwise,
return to "Inner Thinking" for further refinement.

</response requirements>

<question> represents the question to be answered, and
<previous reasoning> contains your prior reasoning. Your
task is to continue from the current ’Verification’ step. I
have manually reviewed the reasoning and determined
that the **Final Conclusion** is false. Your ’Verification’
results must align with mine. Proceed to refine the
reasoning by making precise **corrections** to address
prior flaws and construct a new Final Conclusion.

### Output Format

Strictly follow the JSON structure below. You do not need
to repeat your previous reasoning. Begin directly from the
next ’Verification® stage.

“‘json
{
"CoT": [
"action": "Verification", "content": "..."},
{"action": "Inner Thinking", "title": "...", "content": "..."},
{"action": "Final Conclusion", "content": "..."},
{"action": "Verification", "content": "..."}
1
),
|- 7

Figure 12: The prompt for Correction search strat-
egy. Here, {Question} represents the problem x of
the medical verifiable problems, and {Previous_CoT}
represents the previous chain of thought process, i.e.,

[607:1/0, sy eiflvyifl]-

The Prompt for Verification Breask Search

Strategy

<question>
{Question}
</question>

<previous reasoning>
{Previous_CoT}
<previous reasoning>

<response requirements>
Your response must include the following steps, each
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composed of three types of actions: **"Inner Thinking"**,
**"Final Conclusion"**, and **"Verification"**:

1. **Inner Thinking**: Break down the reasoning process
into multiple concise steps. Each step should start with a
brief title to clarify its purpose.

2. **Final Conclusion**: Summarize the correct
reasoning from all previous ’Inner Thinking’ steps and
provide the final answer. No title is needed for this section.
3. **Verification**: Verify the accuracy of the "Final
Conclusion". If it holds, conclude the process. Otherwise,
return to "Inner Thinking" for further refinement.

</response requirements>

<question> represents the question to be answered, and
<previous reasoning> contains your prior reasoning. Your
task is to continue from the current ’Verification’ step. I
have manually reviewed the reasoning and determined
that the **Final Conclusion** is false. Your ’Verification’
results must align with mine. Proceed to refine the
reasoning by conducting a thorough **validation**
process to ensure validity and construct a new Final
Conclusion.

### Output Format

Strictly follow the JSON structure below. You do not need
to repeat your previous reasoning. Begin directly from the
next ’Verification’ stage.

“‘json

{

"CoT": [

"action": "Verification", "content": "..."},

{"action": "Inner Thinking", "title": "...", "content": "..."},
{"action": "Final Conclusion", "content": "..."},
{"action": "Verification", "content": "..."}

]
}

113

Figure 13: The prompt for Verification search strat-
egy. Here, {Question} represents the problem x of
the medical verifiable problems, and {Previous_CoT}
represents the previous chain of thought process, i.e.,

[€0, Yo, - - -, €i1,Yi—1]-

N Prompts for Constructing SFT
Training Data

When a successful trajectory [eq, Yo, - - - , €, Yi] 1S
found, it is reformatted into a coherent, natural lan-
guage reasoning process € (Complex CoT) using
the prompt shown in Figure 14. This reformatting
avoids rigid structures, using smooth transitions
(e.g., “hmm,” “also,” “wait”) to streamline reason-
ing and reduce token usage. The model then gen-
erates a formal response ¢ for for question x using

the conclusion of é with the prompt in Figure 14.

LT3



The prompt for reformatting a reasoning trajec-

tory to complex CoT

<Thought Process>
{Thought_Process}
</Thought Process>

<Question>
{Question}
</Question>

The <Thought Process> above reflects the model’s
reasoning based on the <Question>. Your task is to rewrite
the <Thought Process> to resemble a more human-like,
intuitive natural thinking process. The new version should:

1. Be presented as step-by-step reasoning, with each
thought on a new line separated by a line break.

2. Avoid structured titles or formatting, focusing on
natural transitions. Use casual and natural language for
transitions or validations, such as "hmm," "oh," "also," or
"wait."

3. Expand the content, making the reasoning richer,
more detailed, and logically clear while still being
conversational and intuitive.

Return directly the revised natural thinking in JSON
format as follows:

@369

json

"NaturalReasoning": "...

}

Figure 14: The prompt for reformatting a reasoning tra-
jectory to complex CoT é. Here, {Thought_Process}
represents the successful reasoning trajectory of
[€0, Yo, - - - » €, Yi], and {Question} represents the ques-
tion x.

The prompt for generating a formal response

with complex CoT

<Internal Thinking>
{Complex_CoT}
</Internal Thinking>

<Question>
{Question}
</Question>

The <Internal Thinking> represents your internal thoughts
about the <Question>. Based on this, generate a rich and
high-quality final response to the user. If there is a clear
answer, provide it first. Ensure your final response closely
follows the <Question>. The response style should resem-
ble GPT-4’s style as much as possible. Output only your
final response, without any additional content.

Figure 15: The prompt for generating a formal response
¢ with complex CoT é. Here, {Complex_CoT} repre-
sents the complex CoT é, and {Question} represents
the question x.
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