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Abstract

Medical language models face critical barriers to real-world
clinical reasoning applications. However, mainstream efforts,
which fall short in task coverage, lack fine-grained supervi-
sion for intermediate reasoning steps, and rely on proprietary
systems, are still far from a versatile, credible and efficient
language model for clinical reasoning usage. To this end, we
propose MedS?, a self-evolving framework that imparts robust
reasoning capabilities to small, deployable models. Starting
with 8,000 curated instances sampled via a curriculum strat-
egy across five medical domains and 16 datasets, we use a
small base policy model to conduct Monte Carlo Tree Search
(MCTYS) for constructing rule-verifiable reasoning trajectories.
Self-explored reasoning trajectories ranked by node values
are used to bootstrap the policy model via reinforcement fine-
tuning and preference learning. Moreover, we introduce a soft
dual process reward model that incorporates value dynamics:
steps that degrade node value are penalized, enabling fine-
grained identification of reasoning errors even when the final
answer is correct. Experiments on eleven benchmarks show
that MedS?® outperforms the previous state-of-the-art medi-
cal model by +6.45 accuracy points and surpasses 32B-scale
general-purpose reasoning models by +8.57 points. Additional
empirical analysis further demonstrates that MedS® achieves
robust and faithful reasoning behavior.

Code — https://github.com/pixas/MedSSS
Extended version — https://arxiv.org/pdf/2501.12051

1 Introduction

Large Language Models (LLMs) have demonstrated signif-
icant potential in the medical domain (Singhal et al. 2023;
Nori et al. 2023), supporting tasks from clinical note genera-
tion (Biswas and Talukdar 2024; Jung et al. 2024) to precise
diagnosis (Tu et al. 2025; Liao et al. 2024). Despite these ad-
vances, accurate reasoning is steadily fundamental to clinical
decision-making, where diagnostic and treatment recommen-
dations must be grounded in coherent, evidence-based logic
chains (Cabral et al. 2024; Tordjman et al. 2025). Increasing
efforts to enhance reasoning capabilities through chain-of-
thought (Wei et al. 2022), preference learning (Rafailov et al.
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2023) and reinforcement learning (Guo et al. 2025) highlight
that correct answers alone are insufficient without trustworthy
reasoning processes.

While existing approaches have demonstrated notable per-
formance, two challenges persist. First, the training data
used in many studies mostly consist of multiple-choice prob-
lems (Huang et al. 2025b,a), which lacks sufficient diversity
and scale, and hence limits model robustness across different
domains. Second, a growing dependence on large-scale pro-
prietary models (Huang et al. 2025b) introduces practical and
ethical considerations. Although models distilled from these
hyper-scale teachers achieve strong performance, they inherit
the unverifiability and potential hallucinations (Xu, Jain, and
Kankanhalli 2024) of their teachers, offering little control
over reasoning faithfulness. Moreover, the reliance on distil-
lation from external resources would lead to uncontrollable
privacy protection for real-world applications. These chal-
lenges highlight a core problem: how to efficiently induce
robust, interpretable, and stepwise supervision reasoning in
small-scale medical models without relying on proprietary
models or noisy synthetic supervision.

To bridge this gap, we propose MedS?, a self-evolving
medical reasoning framework that enables small models to it-
eratively improve through Monte Carlo Tree Search (MCTS)-
guided exploration and rule-verified refinement. Starting
from a diverse, curriculum-sampled dataset spanning five
medical domains and 16 medical datasets, MedS? gener-
ates reasoning trajectories with explicit node value estimates,
allowing selection of high-quality paths for policy model
bootstrapping via reinforcement fine-tuning and preference
learning. Crucially, we introduce a soft dual-sided process
reward model that labels intermediate steps not only by po-
tential correctness but also by value consistency—penalizing
steps that degrade node value and marking them as incorrect
if the adjusted value falls below zero. This enables faithful
supervision even in trajectories with correct final answers.
Table 1 highlights these advantages in robust long-chain rea-
soning and breadth of application.

Extensive experiments on eleven clinical reasoning bench-
marks and three out-of-domain datasets demonstrate that
MedS? achieves state-of-the-art performance, outperform-
ing both comparable-sized medical models and much larger
general reasoning models, while maintaining superior in-
terpretability and clinical task coverage. In summary, our



Without Diverse . Reasoning Process
Models Close-sourced Teacher Clinical Coverage Small Size Specialized Supervision
UltraMedical X v v X X
HuatuoGPT-01 X X v v X
Ol-journey Part 3 X X X v X
m1-7B-32K X X v v X
MedS? v v v v v

Table 1: Comparison of MedS? with other medical models. MedS?® supports flexible inference-time scaling on resource-
constrained devices, as well as process reward-guided decoding algorithms without supervision from large proprietary models.

contributions are:

1. Pioneering Step-Level Framework for Medical AI: We
introduce a self-evolution framework that equips small-
scale medical models with robust long-chain reasoning
via step-level supervision, tailored for a wide range of
clinical applications.

. Novel PRM Training Pipeline: We propose a unique
process reward model trained with soft dual-sided labels,
which precisely evaluates each reasoning step by jointly
predicting future rewards and assessing atomic step neces-
sity, reflecting clinical reasoning’s incremental confidence
building and fewer hallucinations.

. State-of-the-Art Clinical Reasoning Performance: Our
self-evolved system MedS? significantly surpasses all
equal-parameter competitors and larger reasoning mod-
els across multiple clinical benchmarks, driven by fine-
grained PRM-guided reasoning enhancement.

2 MedS?

This section presents a detailed overview of the proposed
MedS? framework, which is presented in Fig. 1. It is struc-
tured into four components:

1. Self-Bootstrapping Evolution (§2.1) which synthesizes
reasoning trajectories as training data, with Monte-Carlo
Tree Search (MCTS) technique using the base policy 7.

. Policy Model 7 (§2.2) which is derived by fine-tuning on
the generated synthetic data with supervised learning and
direct preference optimization (Rafailov et al. 2023).

. Process Reward Model (PRM) Vj (§2.3) which is fine-
tuned with step-wise supervision using soft dual-side la-
bels and assigns a value in the range [0, 1] to each reason-
ing step by a both forward and backward view.

. Iterative Training Pipeline (§2.4) which consists of two
MCTS evolution iterations and a curriculum data sampler.

2.1 MCTS-guided Evolution

This algorithm builds upon an n-ary tree, where every root
node is initialized as a multi-step reasoning start so =“Let s
break down this problem step by step.”. There are four stages
in a full MCTS pipeline, including Node Selection, Node
Expansion, Node Rollout, and Backpropagation.
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Node Selection Within each iteration, we use
UCB (Winands, Bjornsson, and Saito 2008) as the
criterion to select a child 7", which is as follows:

In NTyarent

UCBr =ve + 7 — Y
T

ey

where T),ren¢ 18 the preceding node of the current node 7',
np is the node visiting count, v is the node’s value obtained
by node rollout and updated by back-propagation, and - is
an exploration constant set as 2. For each parent, we select
its child node with the highest UCB value.

Node Expansion After reaching the candidate node 7, un-
der the UCB criterion, we continue the reasoning trace of the
current node. If the current node possesses a relatively high
value (v, > thr, where thr = 0.9 is a pre-defined threshold),
we prompt the node to directly generate until deriving an
answer for speeding up exploration. For a wrong node, we
allow one reflective action Reflect to elicit the introspec-
tion of the policy. Otherwise, assume that the selected node
is located at k-th layer of the tree with previous reasoning tra-
jectories [sg, s1, - , 8] connected by a coherence phrase ¢,
we sample B subsequent steps {sx+1,; | ¢ = 1,2,--- , B}
based on the previous trajectory using a Reason node:

(©))

where @ is the operation to connect two steps using the
coherence phrase t, 7 is the base policy model, and z is the
original input prompt.

Sky1i ~mo([so B s1 B - B si] | @),

Node Rollout As the PRM is not yet accurate enough to
serve as a reliable critic, node values are obtained using roll-
outs based on reasoning trajectories so far. Specifically, for a
chosen unvisited node 7T at the k-th depth, we set a simula-
tion budget L = max(3, £2) where Ly = 15, to encourage
sufficient simulation trials when the known reasoning path
is short, but expect to see a deterministic reasoning result
conditioning on a long trajectory. After setting the budget,
we prompt the policy model 7y to directly output the answer
L times under a specific prompt AnsPrompt:

3

where [ € [1,L] and a! is the I-th simulated answer. The

. . 1 L
average accuracy of the L simulations acc = + > ;2 La
is assigned as the value of 7.

af: ~ W()([S() Ds1D---D Sk:] ‘ xAnsPrompt)a
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A 71-year-old man comes . Which of

the following is most likely to confirm the dia Base Policy
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quadrant abdominal ultrasound\nC. CT angiog
raphy of the abdomen\nD. Endoscopic refrog
rade cholangiography\nE. Upper endoscopy. - 0.2x 0.2
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Figure 1: Overview of the construction of MedS® framework. (a) MedS® utilizes a Monte-Carlo Tree Search pipeline to
self-generate step-by-step reasoning paths for each instance sampled in a curriculum manner. (b) During this process, MedS?
uses result simulation to obtain the rollout value for each node; (c) After obtaining the child’s rollout value, MedS? executes
back-propagation to enable precise value prediction from deeper layers to transfer back to shallow nodes. (d) After the exploration
finishes, we use SFT and DPO to optimize the policy model and soft dual-side label to fine-tune the process reward model.

Backpropagation After the rollout stage, we conduct back-

propagation starting from 7 till the root, updating all tree

node values along the trace. Specifically, for an arbitrary node

T}, we propose to update its visits ng and vy, as follows:
Zch Uch * Nch

Zch Nch ) 7

which considers both correctness and completeness for the
evaluation of a reasoning step.

nE =ng + 1

Ly
2 \ Uk

“

Vi =

Termination of Search To balance the exploration cost and
optimization of policy and reward models, we set two criteria
to terminate the exploration. First, once the total correct count
in the tree exceeds a minimum correct count 7 = 3, we stop
the exploration of this tree. Second, if there are no correct
nodes after affording a certain number of node exploration
trials, we prompt 7y to generate Finish node for all leaves.

2.2 Policy Model Fine-tuning

The policy training first leverages the correct leaves s; whose
values equal 1 and corresponding reasoning trajectories gath-
ered before: D, = {(z,[so @ s1®---Dsy]) | vy = 1}.
These correct reasoning traces are fine-tuned to deduce a
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self-improved policy model:
£7T = _IE(I,y)ND,r 10gp0 (y | $)7 (5)
where y = [so D s1 D+ - - D 5] is the whole trajectory. For the
second iteration, we further add a step-level Direct Preference
Optimization (DPO) to optimize the policy:
Lopo = —E(; p+ p-)~Dppo 1080 (9 (x, PT)

—ro(z, P7)), (6)
where 7g(x, P) = S(logme(P | ) —log mrer (P | z)) is the
reward and Dppo = {(z,[so B 51 @ - @ 5], [s0 © 51 B
@ s;]) | v > v }. DPO training is crucial for deriving
a strong policy and PRM, which is elucidated in Table 4.

2.3 Soft Dual-side PRM Fine-tuning

Dataset Collection We first filter out trees with only correct
or incorrect leaves to avoid extreme value bias. For a valid
Finish leaf T}, its reasoning trace [(s1,v1)," -, (s, v1)]
is one training sample, where each reasoning step is con-
catenated by “Step k:” to form a complete reasoning tra-
jectory. At the end of each reasoning step s; (typically a
\n\n token), the value v; is used to derive the token label,
which is learned by conditioning on all previous steps in an
auto-regressive manner. As a result, the PRM training set
is such Dy, = {(z,[(s1,v1), (s2,v2), -+, (s;,v0)]) | « €
Dgeeq N sy is finish}.



Learning objective Instead of fitting the node value (Zhang
et al. 2024a) or learning the pair-wise ranking prefer-
ence (Guan et al. 2025), we choose to use a binary cross-
entropy loss to optimize the PRM for its stability. Although
Zhang et al. (2025) suggests that the PRM label should be
set to True once the rollout score is above zero, we deem that
the rollout score as a soft label has a forward-only bias about
reasoning correctness. A wrong intermediate step is still pos-
sible to derive a correct answer given correct prefixes, but
such hallucinations are not what medical reasoning desires.
Therefore, a new step is valued highly only when it can both
possibly derive a final answer and improve the correctness
of the reasoning trajectory deterministically. As a result, we
design a dual-side label y; for step 7 using its soft Q-value
obtained during MCTS as

i = [vi = B-max(0,v;—1 —viy1)] v <vi1 7
! [vi] otherwise

This learning objective encourages PRM to simultaneously
look ahead and back to judge the current step and penalize
intermediate errors except for valid reflection. Based on
these, we optimize Vj using the following loss function:

k
Ly, =Er,~py, Y vilogi; + (1 —y:)log(1—g:), (8)

i=1

where g; is the predicted probability of the given step ¢ and
[ is a hyperparameter set to 1.0 by a simple grid search
(details in Appendix C.1). This dual-sided soft-label training,
not only prevents the learning of fuzzy labels (rollout value
around 0.5) but also learns to judge a misleading step.

2.4 Training Pipeline

We perform two iterations for the seed dataset. For each
iteration, we use curriculum sampler, which first prompts
the policy model to perform the rejected-sampling on the
training set, filtering those training instances with all-correct
responses to enhance data efficiency. After that, we sample
instances with the lowest average accuracy values during the
rejected-sampling process, ensuring that the extremely hard
problems (0 accuracy score) are no more than one-third of
the total samples. After that, we perform MCTS evolution on
the seed data and update the policy model. At the end of the
second evolution, we further enhance the policy with DPO
and train the PRM using the second iteration’s data.

3 Data Statistics

A slow-thinking system in medical scenarios should both
excel at exam-level question answering (QA) and handling
real-world clinical scenarios, like diagnosis (Tchango et al.
2022), specific disease syndrome (Lab 2020) and drug-related
queries (Huynh et al. 2016). However, previous works mainly
focused on a simple scenario, with only limited data diversity,
especially multiple-choice QA, to train reasoning models.
To approximate realistic clinical usage and promote medical
reasoning models on a broader range of clinical tasks, we
curate a training corpus from 16 existing public medical
datasets and divide them into five dimensions according to
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Figure 2: Overview of the used seed datasets.

the task category. The five dimensions, i.e., clinical diagnosis
QA, natural language inference, knowledge-intensive QA,
long-context QA, biomedical QA and corresponding datasets
are shown in Fig. 2.

4 Experiments

In this section, we comprehensively evaluate MedS? on both
in-domain and out-of-domain datasets.

4.1 Experiment Setups

Training and Evaluation We choose Llama3.1-8B-
Instruct as the backbone of MedS®. We select MedQA-
Sop (Jin et al. 2021), PubMedQA (Jin et al. 2019) with-
out contexts, MedMCQA (Pal, Umapathi, and Sankarasubbu
2022), PubHealth (Kotonya and Toni 2020), BioMRC (Pap-
pas et al. 2020), HealFact Classification (Kotonya and Toni
2020), Drug Dose Extraction (Huynh et al. 2016), DDX-
Plus (DDX+; Tchango et al. (2022)), the medical subsets
of MMLU (Hendrycks et al. 2021), BioASQ (Tsatsaronis
et al. 2012) SEER Classification (Dubey et al. 2023) as the
evaluation sets.

Baselines We choose the following three categories to serve
as baselines: (1) LLMs, including GPT-3.5-turbo (OpenAl
2022), GPT-40-mini (Achiam et al. 2023), QWQ-preview-
32B (Qwen 2024) and R1-Distill-Qwen32B (Guo et al. 2025);
(2) Small Language models (<10B), including Llama 3 8B,
Llama 3.1 8B (Dubey et al. 2024) and Qwen2.5 7B (Yang
et al. 2024), R1-Distill-Llama8B (Guo et al. 2025) (3)
Medical LLMs, including MedLlama 3 8B (Yonsei 2024),
Med42 (Christophe et al. 2024), OpenBioLLM (Ankit Pal
2024), UltraMedical3-8B and UltraMedical3.1-8B (Zhang
et al. 2024b), m1-7B-32K (Huang et al. 2025a) and
HuatuoGPT-01-8B (Chen et al. 2025). All the baselines are
evaluated using CoT while MedS® w/ PRM scores each re-
sponse with the minimum step value and uses Best-of-N
(N=32) to select the final response.



Models MedQA MedMCQA PQA. BioASQ MMLU | BioMRC PubH. HFact. DDX+' DrugD." SEER'| Avg.
Large language models (>10B)
GPT-40-mini 75.81 67.58 47.80 83.01 83.79 66.85 59.14 65.24 54.00 73.91 54.54 ]66.52
GPT-3.5-turbo 59.31 58.12 37.40 74.11 71.11 5622 5784 67.85 39.05 8696 73.61 |61.96
QwQ-32B-preview 68.89 61.03 48.60  73.62 74.18 79.76 63.36  66.08 45.40 39.13 37.26 |59.76
R1-Distill-Qwen32B  76.83 66.27 3820 78.32  85.07 78.66  59.95 63.80 53.90 82.61 2622 |64.53
Small language models (<10B)
Qwen2.5-7B 55.54 54.12 5340 73.62  74.38 56.48  57.11 52.69 3125 60.87 33.07 |54.78
Llama3-8B 57.50 55.92 56.40 75.73 68.55 56.50 64.09 70.88 35.30 73.91 47.07 |60.17
Llama3.1-8B 61.51 57.42 59.00 7136 7252 55.60 61.82 6397 19.00 7391 52.62 |58.98
R1-Distill-Llama8B  50.12 48.89 46.60  70.55 68.42 53.49 55.73  62.04 36.10 69.57 31.71 |53.93
Small Medical language models (<10B)
MedLlama3 55.85 59.36 66.40 84.63  70.08 4797 6239 68.10 2250 @ 69.57  50.69 |59.78
Med42 50.20 49.70 5540 7476 6143 5726  59.14 81.57 3135 6522 37.14 |56.65
OpenBioLLM 50.20 50.56 4140 4773  61.69 27.46 1877 5328 16,55 3478  46.48 |40.81
UltraMedical3-8B 68.89 61.82 51.60 80.58  75.08 45.18  66.13 7273 36770  60.87  24.55 |58.56
UltraMedical3.1-8B  70.93 62.78 56.40 77.18 76.43 54.26 59.14  70.20 31.55 56.52 45.86 |60.11
ml-7B-32K 70.70 61.85 48.60 77.83  78.35 5293 5670 61.62 29.15 69.57 56.70 |60.36
HuatuoGPT-01 62.53 59.31 5820 87.70 70.53 50.98 24.61 66.08 40.20 56.52 46.85 |56.68
MedS? (ours)
Iter 1 65.91 60.55 56.80 78.48  75.66 5584 57.03 6473 51.65 7391 4897 |62.68
Iter 2 67.09 61.56 60.40 80.93  75.21 70.11  68.97 69.87 53.55 9130 53.44 |68.40
Iter 2 w/ PRM 72.97 67.32 64.20 81.39  79.63 74.54 7441 76.18 62.40 9130 59.80 |73.10

Table 2: Experiment results in 11 in-domain datasets. We highlight the best results with bold and underlines the second-
best results among models with a similar size. ‘PQA.” denotes ‘PubMedQA’, ‘PubH.” denotes ‘PubHealth’, ‘HFact.” denotes
‘HealthFact’, and ‘DrugD.” denotes ‘DrugDose’. T denotes that the ground truth is not a simple choice index.

Model MedCalc MedXpert RDC
GPT-40-mini 29.80 1543 37.80
HuatuoGPT-o01 21.97 16.04 16.20
UltraMedical-3.1-8B 15.19 16.12  21.80
R1-Distilled-Llama-8B  11.94 12.65 13.60
Meds? 23.69 1620  33.20
MedS® w/ PRM 30.66 1644  41.20

Table 3: Out-of-domain comparison between MedS? and
previous state-of-the-art models. MedS?® achieves great gen-
eralization ability on both policy and process reward models.

4.2 Main Results

We present the experiment results in Table 2, splitting into
examination QA and clinical application tasks. The results
unveil that most prior medical LLMs show superior results in
traditional multiple-choice problems; while such superiority
falls short on out-of-distribution real-world clinical bench-
marks (DDXPlus or SEER), resulting in a sub-optimal overall
performance compared to the general LLM-Llama3-8B. In
contrast, our MedS? is tailored for universal medical applica-
tions and hence achieves the best overall performance among
all open-sourced competitions. As an 8B system, MedS?
achieves +14.12 average performance gains with respect to
the base model in the overall assessment, outperforming both
medical-oriented models and general reasoning models. Af-
ter two iterations, the policy model individually achieved
the state-of-the-art (SoTA) performance, based on which the
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soft dual-side PRM further brings an additional 4.7 points
improvement. Notably, unlike previous methods that rely on
large volumes of multiple-choice queries and consequently
suffer from over-fitting, MedS?® achieves robust reasoning im-
provements, demonstrating that as few as 1,000 high-quality
seed examples per task are sufficient for clinical reasoning.

4.3 Generalization to Out-of-domain Tasks

To validate the efficacy of MedS? on real-world tasks with
little labeled data, we select the most frontier models, includ-
ing GPT-40-mini, R1-Distill-Llama8B, HuatuoGPT-01 and
UltraMedical3.1-8B as the competitors and further compare
MedS? on MedCalc (Khandekar et al. 2024), MedXpert (Zuo
et al. 2025) and the rare disease confirmation (RDC) part
sourced from PMCPatients (Zhao et al. 2023). Experiment re-
sults in Table 3 illustrate that both the policy and the PRM are
applicable to unseen problems and the reasoning manner in-
centivized by self-evolution is sufficient for both clinical rare
disease reasoning and more challenging reasoning scenarios.

5 Analysis
5.1 Ablation Study

In this section, we validate the effectiveness of each sub-
module of MedS3. Starting from the SFT-tuned policy model,
we compare the final performance with (1) w/ DPO: use DPO
to fine-tune the policy; (2) w/ H-S label: conduct best-of-N
evaluation using a PRM trained with hard single-sided la-
bel (Zhang et al. 2025); (3) w/ H-D label: same as (2) but use
hard dual-sided label (Wang et al. 2025) to train a PRM and



MedQA MedMCQA PQA. BioASQ MMLU BioMRC PubH. HFact. DDX+ DrugD. SEER Avg.

Setting

SFT Policy 64.69 61.46 57.80 80.26
w/ DPO 67.09 61.56 60.40 80.93
w/ H-S label 68.97 65.67 61.80 79.45
w/ H-D label 66.77 63.78 61.40 80.74
w/ S-D label 72.97 67.32 64.20 81.39

w/ SFT init. PRM  70.70 64.40 61.80 81.23

75.98 63.28 6344 6423 5265 78.26 48.85 64.63
75.21 70.11  68.97 69.87 53.55 91.30 53.44 68.40
76.75 7048  69.13 74.24 5935 86.96 56.94 69.98
75.14 7813  69.54 7534 61.60 91.30 56.46 70.93
79.63 74.54 7441 76.18 6240 9130 59.80 73.10
77.39 70.22 7530 7458 60.15 82.61 54.99 70.31

Table 4: Ablation study on each component of MedS? after the second iteration. “H-S” means hard single-sided label, “H-D”
means hard dual-sided label, and “S-D” is soft dual-sided label used in MedS3.

—e— R1-Distill-Llama8B
—e— UltraMedical3.1-8B
MedQA

et MedS3
—e— HuatuoGPT-01

SEER MedMCQA

DDX-Plus PubMedQA
HealthFact BioASQ
PubHealth MMLU-Med

BioMRC

Figure 3: Interpretability evaluation for models using syn-
thetic data, where MedS? produces the least hallucinatory
contents among other pioneering models.

(4) w/ S-D label (ours): same as (2) but use soft dual-sided
label proposed in MedS? to train a PRM. We also compare
with (5) w/ SFT init. PRM, which is the same as (4) but ini-
tializes PRM from the SFT-tuned policy, to further show the
significance of a PRM exposed to both positive and negative
responses. Table 4 shows that DPO helps to greatly improve
the policy model, especially in clinical tasks. Furthermore,
innovatively determining the dual side label based on the
MC estimation, our method is more robust than rule-based
labels, and hence outperforms previous training objectives,
confirming the necessity of holistic PRM modeling.

5.2 Reliability of MedS?

The non-eliminable hallucinations prevent most medical
LLMs from being practical. Albeit inevitability, MedS? lever-
ages a fine-grained soft dual-sided PRM to improve inter-
pretability and mitigate hallucinatory contents. We lever-
age GPT-40 to evaluate baselines that rely on fine-tuning
on synthetic datasets, including HuotuoGPT-o1, R1-Distilled-
Llama-8B and UltraMedical3.1-8B, where each model’s out-
put is scored based on its medical reasonableness, logical
coherence, and explainability. DrugDose is excluded from
evaluation due to its small size and consequently unreliable
statistical significance. Results in Fig. 3 indicates that MedS?
achieves the highest evaluation score. We attribute such su-
periority to the dual awareness of the PRM, which is trained

31324

72 ;
—=—=- Scale Line P-VS

g 72 71 —*— SC
< g
© (=]
£70 / K70
,g [0}
@68 ¥ SC / 269
‘“ £
U == c
366 Prior SOTA e 68
g &e67
Z 64

CoT 66

1 2 21 22 23 24 25 26
Iteration N
(a) (b)

Figure 4: Scaling in (a) self-evolution iterations and (b) sam-
pling numbers during test-time. Both the policy and PRM har-
vest consistent enhancement with self-evolution, and hence
their cooperative system MedS? achieves a log-linear scaling
rate with little saturation.

to penalize wrong intermediate steps, and therefore could
induce a relatively lower score to trajectories containing hal-
lucinations and a correct final answer. The Best-of-N strategy
avoids picking up such trajectories and enhances the inter-
pretability of the final output.

5.3 Scaling of MedS?

In this section, we present the improvements brought by
the self-evolutionary framework in Fig. 4a, and those at-
tributable to test-time scaling in Fig. 4b. Specifically, we sam-
ple n = 2,4,8,16, 32, 64 candidates for a prompt with a 1.0
temperature and compare the performance obtained through
Best-of-N (BoN) (Lightman et al. 2023), PRM-guided Vote-
Sum (P-VS; Wang et al. (2024)), as well as an SC baseline.
We observe a great improvement in both the policy model
and the PRM after a second evolution iteration, highlighting
the efficacy of self-evolution. This suggests that the itera-
tive MCTS process, where the model learns from its own
refined outputs, leads to steadily increased improvements.
Additionally, we find that test-time scaling further enhances
MedS?’s reasoning performance as illustrated in Fig. 4b in an
effective log-linear rate with little saturation. Together, these
results highlight the benefits of both self-exploration during
synthesis and self-supervision during inference, contributing
to MedS?’s strong performance across diverse tasks. Note
that the P-VS performance is inferior to BoN, as most plau-
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Figure 5: Reflective response ratio of MedS? across 7 repre-
sentative datasets. Both the policy and PRM are reflection-
aware to perform sequential test-time scaling.

sible reasoning chains arriving at correct answers but with
incorrect reasoning steps are labeled with low values by our
soft dual-sided PRM. Although these hallucinatory chains
deteriorate the grouping of correct answers, our PRM still
could assign the highest score for trajectories with both cor-
rect reasoning steps and final answers, therefore contributing
to a log-linear scaling on BoN performance.

5.4 Introspective Behavior

Reflection has been proved to be an effective scaling
paradigm for enhancing LLM’s test-time scaling capac-
ity (Guo et al. 2025). Our MedS? introduced a Reflect
node during synthesis and a soft dual-sided PRM to en-
courage correctly reflected responses, aiming to impart self-
reflection behavior to the whole system. We manually de-
fine reflective tokens (Wait, reevaluate, recheck,
however, but) and count the ratio of correct responses
with these tokens on seven representative benchmarks in
Fig. 5. We observe a steady increase in the occurring ratio
from directly chain-of-thought prompting to leveraging PRM
to conduct BoN evaluation, which indicates both the policy
and PRM in MedS?® has been imparted with self-reflection
behavior. This further demonstrates that the PRM trained
with the soft dual-sided label can correctly favor valuable
responses with self-reflection.

5.5 Comparison of Reasoning Styles

In this section, we compare three reasoning enhancement
strategies, including MCTS plus PRM which is what MedS?
leverages, with distillation from strong reasoning mod-
els, which is what O1-journey-part3 (Huang et al. 2025b)
does and pure reinforcement learning (RL), which is what
DeepSeek-R1 (Guo et al. 2025) adopts. We use the first iter-
ation dataset in §3 to implement RL, and use the officially
released distillation dataset provided by Huang et al. (2025b)
to SFT the base model, and compare them with MedS? after
the first evolution iteration. The results presented in Fig. 6
demonstrate that in exam-level medical QA datasets where
the base model already excels at, distillation from large pro-
prietary reasoning models is much more data-efficient than
the other two methods, albeit sacrificing generalization in
clinical tasks. In contrast, with both a considerable perfor-
mance leap and generalization, RL is second to MCTS+PRM.
We hypothesize that the soundness of medical diagnosis step
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Figure 6: Three widely adopted methods to empower models
with medical reasoning abilities. MCTS+PRM is the best
among the three, making it the core of MedS?3.

is clear to determine, reducing reward hacking and resulting
in a more reliable PRM and credible preference estimation.

6 Related Works

Slow-Thinking Medical LLMs With the significant
achievements of the ol (Jaech et al. 2024) in complex rea-
soning tasks, previous works show the potential advantage
of the ol-like models in medical tasks (Xie et al. 2024; Nori
et al. 2024). Based on these, previous works develop the
slow-thinking medical LLMs with distillation: Huang et al.
(2025b) directly learn the reasoning trajectory generated by
ol and Chen et al. (2025) improve the model’s reasoning abil-
ity through ol synthesis of reflective data and reinforcement
learning. Besides, Yu et al. (2025) create a Chinese version
slow-thinking medical LLMs by constructing the preference
data with QwQ (Qwen 2024).

Self-Evolving Reasoning and Process Supervision Re-
cent work in self-improving reasoning systems has explored
Monte Carlo Tree Search (MCTS) (Zhang et al. 2024a) and
reinforcement learning to enable models to refine their own
outputs (Guo et al. 2025). Methods like Tree of Thoughts
(ToT) (Yao et al. 2023) demonstrate the potential of search-
based exploration for generating high-quality reasoning tra-
jectories. Concurrently, process reward models (PRMs) have
been proposed to provide step-wise feedback (Lightman et al.
2023), yet most assume binary correctness based on potential
correctness and fail to penalize reasoning degradation.

7 Conclusion

In this paper, we present MedS?, a self-evolved slow-thinking
system built for universal clinical usage. We extend the clini-
cal reasoning to diverse tasks to enhance generalization, and
use MCTS to construct policy data and PRM data. We pro-
pose a new PRM learning objective — the soft dual-sided
label, which enables the PRM to reward a step based on both
future and past aspects, to produce credible long-chain reflec-
tive responses. Experiment results demonstrate that MedS?
achieves superior performance on diverse medical bench-
marks, especially in realistic clinical ones, surpassing open-
sourced models by a large margin with fewer parameters.
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