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Abstract

With the remarkable performance of large lan-
guage models (LLMs) in medicine, particularly
their ability to support clinical decision-making
in medical dialogues, a key limitation remains:
the static reasoning patterns derived from hu-
man expert experience are often inadequate for
the dynamic and diverse nature of real-world
multi-turn conversations. While recent large
reasoning models (such as R1) enable deeper
and more complex thought processes to address
such challenges, they also introduce signifi-
cant redundancy. Meanwhile, recent studies
on reusing atomic thoughts demonstrate a prac-
tical pathway toward dynamic and precise rea-
soning in general domains. In this paper, we
investigate the role of atomic thought-based ex-
perience in medical dialogue tasks. First, we
collect human expert clinical experience. Then,
we propose a novel distillation framework that
extracts atomic thoughts from teacher models
and reuses them to guide reasoning and gen-
erate responses. Based on this framework, we
construct training data from ReMeDi and fine-
tune student models, which demonstrate en-
hanced performance in both static and interac-
tive medical dialogue scenarios. Furthermore,
we examine the impact of experience across
various models, datasets, and scenarios. Cru-
cially, transferring this experience empowers
weaker models to generate high-quality reason-
ing data, matching the annotation capabilities
of stronger LLMs while significantly reducing
costs. The code is available in this repository !.

1 Introduction

Traditional medical dialogue systems have typi-

cally relied on manually crafted dialogue state poli-

cies, which are inherently limited by the scope

of expert knowledge (Zhi et al., 2025). Recently,

the emergence of large language models (LLMs)
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Figure 1: Comparison of three thinking patterns. (a)
Static thinking relies on human-designed templates,
which are precise but inflexible. (b) Test-time scaling
reveals the model’s intrinsic reasoning ability, yet often
introduces redundant wording. (c) Atomic thought
composition dynamically reuses and recombines the
model’s own reasoning components for dynamic and
precise adaptation.

pretrained on extensive medical knowledge has cat-
alyzed substantial technological advancements in
this field (Shi et al., 2024). To better understand
patient intent (Zhu et al., 2025) and support clinical
decision-making (Dou et al., 2024), current stud-
ies emphasize the development of thinking patterns
through training (Chen et al., 2025b) or multi-agent
systems (Yang et al., 2025b).

However, these methods still fall short in han-
dling the dynamic and complex decision-making
required in multi-turn conversations. As shown
in Figure 1, before responding, a physician per-
forms internal diagnostic reasoning based on the
patient’s statements. Common approaches involve
crafting static, expert-derived thinking templates
to guide LL.Ms, which often lack flexibility (Guo
et al., 2025b). This has spurred the development
of large reasoning models, such as ol (Chen et al.,
2025a; Wang et al., 2025) and r1 (Guo et al., 2025a;
Fan et al., 2026), which leverage test-time scaling
to enhance performance but inevitably introduce
computational redundancy.
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Several studies in general domains propose an
efficient pattern that gathers atomic or "metacogni-
tive" thoughts (Didolkar et al., 2024) and dynam-
ically assembles thought templates (Yang et al.,
2025c) or reuses prior reasoning traces (Yang et al.,
2024; Didolkar et al., 2025). In this context, an
atomic thought serves as the fundamental, modular
unit of procedural knowledge for a specific sub-
task (Arora and Goyal, 2023) (e.g., applying the
180° angle-sum property). To effectively support
complex decision-making, these units rely on three
core properties: atomicity (indivisibility without
losing semantic meaning), composition (sequen-
tial arrangement to form a complete reasoning path-
way), and reusability (modular application across
varied reasoning tasks).

Inspired by those prior works in the general do-
main, we investigate the impact of atomic thought
composition distilled from diverse teacher models
in the medical domain. First, we gather clinical ex-
periences derived from human experts, which cap-
ture patient intents based on static thinking patterns.
We then employ teacher models to annotate patient
intents and composite atomic thoughts for each turn
within multi-turn dialogues. Specifically, we intro-
duce an update mechanism that leverages teacher
models to generate new atomic thoughts. Using
the resulting structured data, we filter and sample
training instances, and apply the teacher models to
generate atomic thought composition—guided natu-
ral reasoning and revised doctor responses. Finally,
we fine-tune student LLMs on these data to enable
dynamic and precise reasoning.

In summary, the major contributions are as fol-
lows:

* To the best of our knowledge, this is the first
work to explore the role of atomic thoughts
in medical dialogue tasks, enabling more dy-
namic and precise reasoning.

* We propose a distillation framework that col-
lects atomic thoughts from teacher models
and employs them to guide reasoning and re-
sponse generation. To trade-off the efficiency
and effectiveness, we develop an update mech-
anism that combines embeddings and LLMs
to collect and refine LLM-derived experience.

* We fine-tuned Qwen3-ReMeDi and bench-
mark it against various advanced LLMs and
medical-specific LLMs in both static and in-
teractive medical dialogue settings.

* We further investigate the impact of the hu-
man experience and LLM-generated atomic
thoughts across various models, datasets and
scenarios.

2 Related Work

2.1 LLMs in Medical Decision-Making

LLMs exemplified by GPT-4 (Achiam et al., 2023),
have shown considerable promise across a range
of medical applications, including diagnostic rea-
soning (Hou et al., 2025), treatment recommen-
dation (Fan et al., 2025), and medical calcula-
tion (Khandekar et al., 2025). Their reasoning ca-
pabilities have been further strengthened through
sophisticated prompt engineering techniques (Liu
et al., 2024; Guo et al., 2025b). To enhance the
inherent abilities of LLMs, several studies have
collected (Zhang et al., 2024a) or synthesized (Dou
et al., 2025) high-quality medical data, and sub-
sequently trained specialized medical LLMs via
continual pre-training (Zheng et al., 2025; Ye et al.,
2025), fine-tuning (Baichuan, 2023), or reinforce-
ment learning (Chen et al., 2025a). However, cur-
rent approaches often rely on static clinical reason-
ing patterns (Yang et al., 2025b) or introduce redun-
dant test-time scaling inference (Wu et al., 2025),
both of which remain substantial challenges.

2.2 Medical Dialogue with LLMs

Medical dialogue studies can be categorized into
static and interactive conversations (Zhi et al.,
2025). In static tasks, doctor simulators generate
responses based on given real-world dialogue histo-
ries (Liu et al., 2022; Li et al., 2021). Their perfor-
mance is commonly evaluated using word-overlap
metrics (e.g., BLEU) (Lin et al., 2023) or semantic
similarity measures (e.g., BERTScore) (Lin et al.,
2026) against real doctor responses (Wu et al.,
2024). More comprehensive assessment often em-
ploys LLM-as-a-judge approaches (Zhu et al.,
2025). However, such static settings have limited
real-world applicability. Recently, multi-agent sys-
tems enabling interactive medical dialogues have
gained increasing attention (Fan et al., 2025; Liu
et al., 2025). These studies often emphasize an
agent’s proactive inquiry capability (Li et al., 2024).
To enhance performance in multi-turn diagnostic
conversations, Feng et al. (2025) introduces a
multi-agent interactive environment for synthetic
data generation to support reinforcement learning.
Similarly, Promed (Ding et al., 2025) constructs
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Figure 2: The overview of our framework.

multi-turn training dialogues from existing static
datasets via Shapley Information Gain. In this
work, we focus on effectively leveraging existing
data to create higher-quality training corpora for
these two medical dialogue tasks.

2.3 Atomic Thought in LLMs

Chain-of-Thought (CoT) (Wei et al., 2022) has sig-
nificantly improved LLM reasoning across various
domains. However, existing methods often treat the
entire "input-reasoning—output" process as a single,
fixed demonstration for in-context learning (Wies
etal.,2023; Zhang et al., 2024b). Such a fixed struc-
ture limits the model’s flexibility and generalization
on complex tasks. To overcome this, recent work
decomposes reasoning into modular units (Arora
and Goyal, 2023). For instance, models can dy-
namically assemble thought templates (Yang et al.,
2025c¢) to build complete reasoning paths. To im-
prove reusability, the "metacognitive" approach
maps math problems to atomic skills, reusing them
to build better prompts (Didolkar et al., 2024). Sim-
ilarly, Buffer of Thoughts (BoT) (Yang et al., 2024)
retrieves reusable problem-solving templates for
multi-step inference. Beyond inference, recent
studies also use these atomic thoughts (Didolkar
et al., 2025) or templates (Yang et al., 2025d) di-
rectly in model training to enhance the intrinsic rea-
soning abilities of LLMs.Compared to these prior
works, which primarily focus on mathematical or
general domains, this study explores the extraction
and application of atomic thoughts—or "experi-
ences"—from LLMs within the specialized context
of medical dialogue tasks.

3 Task Definition

We define the medical dialogue task as a response
generation problem. Formally, given a dialogue
history H = {u1,us,...,u.—1} and the current
patient utterance u., the goal is to generate a corre-
sponding doctor response R = f(H,u.). This task
can be studied under two settings:

Static Setting. The task is a single-turn response
generation problem. The model generates the doc-
tor response R given H and u., and the quality of
R is evaluated using an LLLM-as-judge approach
by comparing it against a reference response re f
across multiple evaluation dimensions.

Interactive Setting. The task involves multi-turn
dialogue grounded in a structured medical context.
A structured medical context SMC' is provided
to a patient simulator Sp and an examiner simula-
tor Sk, which interact with a doctor simulator Sp
over multiple turns. The interaction is initiated by
Sp and continues until either the patient simulator
produces a terminal response or a predefined maxi-
mum number of turns 7, is reached. At the end
of the dialogue, Sp produces a structured answer
S A. Following the MVME framework (Fan et al.,
2025), SA is evaluated using an LLM-as-judge
approach by comparing it against the original struc-
tured medical context SMC.

4 Methodology

4.1 Overview

As illustrated in Figure 2, our distillation frame-
work consists of three core stages: (1) collection
of human-derived clinical experiences, (2) LLM-

19167



Patient Intent Atomic Thought Definition

Emphasis

Diagnosis Differential Diagno- | Evaluate potential diseases against Hypothesis validation. (What else must
sis clinical evidence to confirm or rule out | be ruled out besides the most likely
alternatives. condition?)
Treatment Assess Medication | Evaluate allergies, organ function Safety and tolerability. (Is this safe
Risks (hepatic/renal), pregnancy, and drug- | for the patient? Does the dose need
drug interactions. adjustment?)
Examination Determine Test Assess if current evidence is suffi- Utility and risk-benefit. (Will this
Necessity cient or if tests are needed to con- test change the diagnosis or treatment
firm/exclude conditions. plan?)
Prognostic Identify Complica- | Anticipate secondary health issues Risk prevention and forward planning.
tion Risks from disease or treatment and plan (What is the most likely complica-
preventive strategies. tion?)
Health Guidance | Relapse Prevention | Provide advice to prevent recurrence, | Preventive focus. (How can disease
emphasizing adherence and follow-up. | recurrence be effectively prevented?)

Table 1: Examples of human-derived clinical experience.

guided experience generation, and (3) data con-
struction with supervised fine-tuning. The objec-
tive is to extract atomic thoughts from the teacher
LLM and reuse them to generate doctor thoughts
and responses. Using this high-quality distilled
dataset, the student model acquires the ability for
dynamic and precise thought.

4.2 Human-Derived Clinical Experience

The integration of human clinical expertise is piv-
otal in medical decision-making. Recent studies
illustrate this trend: DiagnosisGPT (Chen et al.,
2025b) outlines a five-step reasoning framework
for disease diagnosis, Med-SoCoT (Guo et al.,
2025b) introduces a structured thought pattern for
diverse medical QA tasks, and MedAide (Yang
et al., 2025b) proposes a Dynamic Intent Prototype
Matching module that retrieves relevant reason-
ing prompts tailored to specific clinical scenarios
for doctor-agent systems. In this work, we focus
on medical dialogue, particularly online consulta-
tion. Collaborating with physicians and building
on ReMeDi (Yan et al., 2022) and MidMed (Shi
et al., 2023), we categorize patient intents into five
types, as shown in Table 1. For each intent, we de-
compose the reasoning process into discrete units
termed atomic thoughts. Recognizing that certain
reasoning steps (e.g., symptom analysis) are univer-
sal, we extract a shared thought pool to complement
intent-specific logic. Formally, the human-derived
clinical experience library F is defined as:

Ey = {(It; Te U Toharea) | K € 1,..., N}, (1)

where N = 5 denotes the total number of intent
categories I. The reasoning structure comprises

two components: 7 = {ty 1,...,tkm}, represent-
ing the set of atomic thoughts unique to intent [,
and Tshared, @ pool of universal reasoning steps ap-
plicable across all clinical scenarios.

4.3 LLM-Guided Experience Generation

Several studies have investigated specific skills or
thought templates within the mathematical domain.
For instance, Didolkar et al. (2024) annotate math
questions with specific skills to construct exem-
plars, which are utilized as in-context demonstra-
tions during inference. To enable the internal capa-
bility to compose these skills or atomic thoughts,
Didolkar et al. (2025) integrates them directly into
the training process. Motivated by these works, we
explore the impact of atomic thoughts extracted
from the LLM in the medical domain.

Given a multi-turn dialogue dataset D, we use
the teacher model 77 to annotate each turn of a pa-
tient—doctor pair with the patient intents (I, .., Ix)
and the corresponding atomic thought composition
C = (t1,ta,...,t,), where each t; is drawn from
either the intent-specific set T[j (for some j) or
the shared pool Tghareq- To collect diverse and pre-
cise atomic thoughts, we allow 7 to generate new
atomic thoughts ¢, during annotation.

To manage these LLM-guided thoughts, we in-
troduce a two-stage deduplication and update mech-
anism. First, an embedding model”> computes the
similarity between ¢,y and the closest atomic exist-
ing thought. If the score > 0.95, ey is normalized
to the match; if < 0.65, it is directly adopted as new.
For intermediate scores (0.65 < score < 0.95), a
second-stage LLM check is triggered: 7 evaluates

2We leverage the text-embedding-v4 model of Qwen.
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their semantic equivalence to either normalize the
candidate or retain it as a distinct thought.

To reduce overhead, we perform batch validation
and updates once the number of retained thoughts
reaches a preset limit. Finally, we obtain an LLM-
guided generated experience library, denoted as E'r,
defined formally as:

Er=Eq U{I. TR UTEN, @

where 7;,%];) and Egi)represent the set of newly
generated and validated atomic thoughts to intent-
specific set 77, or the shared pool Tghared-

4.4 Data Construction and SFT

Based on the teacher model’s accumulated experi-
ence Er, we first perform data filtering and sam-
pling. The teacher model is then used to gener-
ate natural-language reasoning and refine the doc-
tor’s response according to the patient intent set
(I1,...,1I) and the atomic thought composition
C. Finally, the student model is fine-tuned on the
resulting processed data.

Data Filtering and Sampling To reduce noise and
irrelevant content, we filter out utterances contain-
ing greetings, expressions of gratitude, and similar
discourse based on patient intent or keywords. For-
mally, each input consists of the dialogue history
H and the current user utterance u., with the corre-
sponding doctor’s response denoted as R. Noticing
that adjacent turns in medical dialogues often ex-
hibit strong contextual continuity and consistent
clinical reasoning, we construct the training set by
sampling three turns per dialogue—the first turn
and two subsequent non-adjacent turns—to effi-
ciently capture coherence while keeping diversity.
Experience Guided Generation For each sam-
pled instance, the teacher model generates both
a natural reasoning and a refined response. For-
mally, this step is represented as: (T, R') =
7(H,ue, R, I,C), where T is the generated rea-
soning ("think") and R’ is the revised response.
Supervised Fine-Tuning We then fine-tune the
student model on the constructed dataset Dsgr =
{(H,u.,T,R')}, using H and u, as inputs and T’
and R’ as outputs, thereby enabling dynamic and
precise reasoning.

5 Experimental Settings

Training Data and Trained Models. Finally,
we construct 7,833 samples from the ReMeDi

dataset, on which we trained our models Qwen3-
4B-ReMeDi, Qwen2.5-7B-ReMeDi, and Qwen3-
8B-ReMeDi, based on Qwen3-4B, Qwen2.5-7B-
Instruct, and Qwen3-8B, respectively. The models
are fine-tuned for 3 epochs with LoRA. We conduct
all experiments on two 40G NVIDIA A100 Tensor
Core GPUs. Further details in Appendix B.1.

Baseline Models and Methods We compare
our trained models with 1) general and rea-
soning LLMs, including GPT series (Achiam
et al., 2023), DeepSeek series (Guo et al., 2025a),
Qwen series (Yang et al., 2025a), Llama3.1 se-
ries (Dubey et al., 2024), 2) medical LLMs, com-
prising the HuaTuo series (Chen et al., 2024,
2025a), UltraMedical-8B (Zhang et al., 2024a),
DoctorAgent-RL (Feng et al., 2025), and Baichuan-
M2-32B (Dou et al., 2025). Further details in Ap-
pendix A. We provide static, standard prompt and
test-time scaling methods details in Appendix B.2.
Datasets and Evaluations. As shown in Table 3,
we evaluate LLMs on two static datasets and one
interactive dataset. The static dataset includes di-
alogues from the ReMeDi training set (Yan et al.,
2022), which are split into non-overlapping val-
idation and test sets. To mitigate potential data
contamination (Jiang et al., 2024), we further in-
corporate real-world conversational data collected
in collaboration with an online hospital partner. To
safeguard patient privacy, the private dataset ex-
cludes any personally identifiable details, such as
patient names, hospital information, or other sen-
sitive data. As a result, there is no risk of privacy
violations related to the dataset. For the training
data from the private dataset, we leverage the local
model to annotate. For the evaluation, we employ
the LLM-as-a-judge approach to evaluate reason-
ing and response across five dimensions—medical
accuracy, clinical logic, information collection,
empathy&clarity, and safety—on a scale from -5
to 5 and normalize to 0-100. We utilize DeepSeek-
V3.2 as judge models, averaging their scores for
the final assessment. We also report the GPT-5-
mini in Appendix B.3 . The interactive dataset
MVME contains 506 real-world electronic medi-
cal records. Multi-agent systems simulate medical
dialogues to produce a structured record containing
Symptoms, Medical Examinations, Diagnostic Re-
sults, Diagnostic Rationales, Treatment Plan. We
leverage the GPT-40-mini as the judge model to
assess these structured records against the original
EMRs, assigning a score from 1 to 4 for each task.
Scores across all metrics are then normalized to a
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Avg.  Avg. Symptoms Medical Diagnostic Diagnostic Treatment
Score  Turn ymp Examinations Results Rationales Plan
\ Advanced LLMs
GPT-47 3938 5.30 69.03(1.27) 40.83 (2.30) 29.36 (2.58) 30.76 (2.57) 26.93 (2.63)
DeepSeek-V3.1 4439 7.06 73.49 (1.72) 39.17 (2.65) 36.45(2.98) 41.09 (3.05) 31.74 (2.65)
DeepSeek-V3.2 40.54  9.18  70.26 (2.06) 35.66 (2.73) 32.27 (2.86) 36.19(2.99) 28.34 (2.53)
DeepSeek-V3.2-exp 4518 7.84 74.06 (1.53) 42.16 (2.86) 36.93 (2.86) 42.63(2.93) 30.13 (2.46)
DeepSeek-R1 42.69 9.07 74.25(1.69) 36.79 (2.91) 34.82 (3.05) 38.14 (3.18) 29.47 (2.51)
\ Medical LLMs
HuatuoGPT-II-13B¥ 28.94 / 61.06 (2.17) 29.37 (2.30) 20.03 (2.56) 20.03 (2.37) 14.23 (2.18)
HuatuoGPT-1I-34B 34.96 / 68.43 (1.83) 32.40 (2.37) 25.20(2.52) 27.46(2.55) 21.33(2.37)
HuatuoGPT-01-7B 30.70 3.84 55.86(1.65) 27.93 (2.37) 25.16 (2.50) 28.00 (2.57) 16.53 (2.04)
UltraMedical-8B 19.12 424 53.73(4.61) 13.16 (4.39) 13.38 (3.07) 10.96 (2.85) 4.39(1.97)
DoctorAgent-RL 20.04 8.63 49.07 (1.65) 17.20 (2.18) 14.09 (2.12) 1442 (2.18) 5.42(1.26)
Baichuan-M2-32B 3827 6.92 72.22(3.19) 35.93 (4.73) 30.61 (3.43) 28.01(3.66) 24.59 (4.02)
| Open-Source Models
Qwen3-4B 3436 7.61 66.86 (1.65) 32.01 (2.44) 26.34 (2.51) 28.05(2.77) 18.55(2.11)
Qwen3-4B-Instruct 3515 7.44 65.35(1.65) 36.03 (2.50) 25.63 (2.57) 30.04 (2.83) 18.71 (2.24)
Qwen2.5-7B-Instruct 3528 576 62.25(1.71) 36.17 (2.64) 28.06 (2.57) 33.14(2.83) 16.80(2.11)
Qwen3-8B 3541 7.70  65.22(1.71) 37.68 (2.44) 25.10 (2.57) 30.76(2.83) 18.31 (2.11)
R1-Qwen3-8B 3568 7.18 67.79 (1.58) 37.81 (2.50) 24.24 (2.64) 29.51(2.70) 19.04 (2.24)
R1-Llama-8B 23.50 5.13  46.95(2.35) 24.53 (3.17) 17.84 (3.05) 19.13(3.29) 9.04 (2.11)
\ Ours
Qwen3-4B-ReMeDi 38.51 531 64.76(1.71) 39.59 (2.64) 30.63 (2.64) 35.51(2.83) 22.07 (2.11)
Qwen2.5-7B-ReMeDi | 39.17 4.58 66.93 (1.71) 41.57 (2.64) 29.91 (2.64) 36.23(2.83) 21.21(2.17)
Qwen3-8B-ReMeDi 3974 499 66.40 (1.65) 42.82 (2.50) 29.38 (2.57) 35.90(2.83) 24.18(2.83)

Table 2: Overall model performance on MVME. t denotes the results from Fan et al. (2025). Bold denotes the best

performance. Underline denotes the second performance.

Train Val Test Evaluation
ReMeDi 3500 1000 500 Static
Private 2706 772 390 Static
MVME / / 506 Interactive

Table 3: Statistics and evaluation of the datasets. We
report the number of dialogues.

0-100 scale, and variance is computed using the
classic bootstrap method. For human evaluation,
we invited a collaborating physician to assess re-
sponse quality on 100 randomly selected samples
from our private dataset. The evaluation was based
on the metrics outlined in Zhu et al. (2025), which
include: accuracy, reliability, fostering the rela-
tionship, gathering information, and providing
information, with a score from 1-5. Further details
are provided in the Appendix B.3.

6 Main Results and Analysis

In this section, we investigate effects of experience
during both inference and training, as well as its
impacts across datasets, models, and scenarios.

6.1 Main Results on Interactive Evaluation

We compare our models with advanced and medi-
cal models as shown in Table 2. Overall, 1) Com-
parison with advanced models. Our Qwen3-8B-
ReMeDi achieves a score of 39.74, outperforming
GPT-4 (39.38). Nevertheless, it remains limited by
the capacity of the teacher model, which lags be-
hind the DeepSeek series in performance. 2) Com-
parison with different training data in medical
models. While HuatuoGPT and UltraMedical mod-
els benefit from extensive medical knowledge train-
ing and excel in decision-making, DoctorAgent-
RL (8.63) and Baichuan-M2 (6.92) feature longer
average turns in multi-turn dialogues, which al-
lows them to gather more information. However,
DoctorAgent-RL is primarily trained on English
data, resulting in weaker performance on Chi-
nese benchmarks (20.04). Ultimately, our model
achieves the best performance (39.74), surpass-
ing Baichuan-M2 (38.27) in more efficient turns
(4.99 vs 6.92). 3) Comparison with R1 distilled
models. Among open-source models, R1-Qwen3-
8B trained on 800k samples from DeepSeek-R1
shows nuance improvement, whereas R1-Llama
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Avg. Symptoms Medical Diagnostic = Diagnostic =~ Treatment #Train

Score Examinations Results Rationales Plan
Qwen3-4B 3436 66.86 (1.65) 32.01(2.44) 2634 (2.51) 28.05(2.77) 18.55(2.11) /
w/o Human Experience | 33.21 64.49 (1.65) 32.41(2.44) 23.83(2.51) 27.06(2.71) 18.28(2.05) 6166
w/o LLM Experience 34.61 66.20 (1.65) 33.00(2.51) 2548 (2.57) 29.77(2.90) 18.61(2.05) 9118
w/o Update Mechanism | 33.91  64.69(1.65) 34.06(2.50)  23.85(2.57) 28.33(2.77) 18.64(2.11) 9341
w/o Filter&Sample 3428 64.69 (1.65) 32.28 (2.57) 2647 (2.64) 28.71(2.84) 19.27(2.24) 18212
w/o Patient Intent 31.12 62,12 (1.71)  29.18 (2.50) 23.06 (2.44) 24.90(2.70) 16.27 (2.04) 7833
w/o Atomic Thought 33.79 64.36 (1.65) 32.54(2.57) 25.43(2.50) 28.66(2.77) 17.98 (1.98) 7833
w/o Revised Response 3531 65.41(1.91) 34392.57) 27.72(2.64) 30.83(2.77) 18.22(2.11) 7833
Ours 38.51 64.76 (1.71)  39.59 (2.64) 30.63 (2.64) 35.51(2.83) 22.07 (2.11) 7833

Table 4: Ablation Study on MVME. We leverage DeepSeek-V3.1 to annotate the training data on the ReMeDi

dataset. # Train denotes the training samples.

Avg.

Medical

Clinical  Information  Empathy

Score  Accuracy  Logic Collection & Clarity Safety
\ ReMeDi
DeepSeek-V3.1 & | 83.56 86.15 84.59 68.87 89.88 88.29
Qwen3-4B-no think expert prompt 69.58 75.29 70.73 49.20 70.40 82.28
Qwen3-4B-think standard prompt 70.48 74.69 73.96 52.03 73.84 77.86
w/ Human Experience Tuning 72.12 72.28 73.71 61.35 74.90 78.36
w/ Human&LLM Experience Tuning 73.04 74.29 74.89 60.92 75.40 79.68
‘ Private
Qwen3-Next-80B-A3b-Instruct & | 87.28 88.16 90.49 82.89 93.11 81.73
Qwen3-4B-no think expert prompt 64.39 69.28 66.30 42.38 67.15 76.82
Qwen3-4B-think standard prompt 65.81 66.23 70.87 50.70 75.74 65.54
w/ Human Experience Tuning 67.52 70.13 70.84 49.40 74.44 72.82
w/ Human&LLM Experience Tuning 67.90 69.28 70.04 52.88 73.86 73.45
w/ Human&ReMeDi Experience Tuning | 68.88 71.02 72.30 51.95 74.40 74.76

Table 5: Overall model performance on ReMeDi and Private datasets.

fails to deliver comparable gains. We observe that
R1-Llama tends to produce lengthy and redundant
responses, which hinders effective multi-turn dia-
logue. In contrast, our model, trained on only 7.8K
samples from external datasets, delivers a more
noticeable improvement of +4.33 points.

6.2 Ablation Study

To further validate the effectiveness of our frame-
work, we conduct comprehensive ablation studies
on the MVME dataset. As shown in Table 4, we
observed that: 1) Experience is crucial for distil-
lation. Removing human experience degrades per-
formance below the backbone model, while remov-
ing LLM-guided experience yields only marginal
gains. 2) Update mechanism is essential for
adaptability. The results show that without the up-
date mechanism, the initial human experience fails
to adapt to complex scenarios—even when new
atomic thoughts are generated for each annotation.

3) Filtering and sampling mitigate data noise.

When retaining the full training dataset—nearly
double the size of the 7.8K samples—performance
declines, likely due to the influence of noisy data.
4) Patient intent and atomic thought enhance
reasoning. Their absence weakens the quality
of the reasoning chain, undermining overall effec-
tiveness. 5) Effectiveness of Revised Response.
While distilled thought alone provides a +0.95 im-
provement, consistently using revised responses
leads to greater overall gains.

6.3 Analysis of Experience Across Datasets

To further examine the impact of experience trans-
fer across datasets, we evaluate three approaches:
the static prompt, test-time scaling, and experience-
guided tuning. The results in Table 5 reveal the
following: 1) Comparison of Human Experience
during Inference. Using a static expert prompt
with Qwen3-4B (no think) improves medical accu-
racy compared to the standard Qwen3-4B (think)
prompt, yet it underperforms in clinical logical rea-
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Avg. . Fostering the Gathering Providing
Score Accuracy  Reliability Relationship  Information  Information
Qwen3-4B-no think expert prompt 2.716 3.309 3.278 2.605 1.414 2.974
Qwen3-4B-think standard prompt 2.875 3.351 3.281 2.876 1.719 3.150
w/ Human Experience Tuning 2.949 3.414 3.321 2.990 1.755 3.267
w/ Human&LLM Experience Tuning 2.938 3.373 3.248 2.993 1.969 3.110
w/ Human&ReMeDi Experience Tuning | 2.977 3.354 3.326 3.010 1.935 3.260

Table 6: Human evaluation on the Private dataset.

(a) Qwen3-8B Series

I Qwen3-8B [ w/ Direct Tuning I w/ Qwen3-4B [0 w/ Qwen3-8B [ w/ DeepSeek

66.1 64.708-066.4
- 601 51.9
S
§ 40 35.2 - hoa 200 32.934.135.9
5 27.1 27.727.729. .
S 26.073 6 22.1 216 21.021.2242
20 A 12.9
0 T T T
(b) Qwen3-4B Series B Qwen3-4B #ZZw/ Direct Tuning [ZZ1w/ Qwen3-4B [ZZ3w/ Qwen3-8B ZZ4w/ DeepSeek
66.9 6646.054‘3
_ 60 %
9
2 40 - 35.5
8 33.7
g 26.326.328.628.130.6 28127677313 -
8 21.120.322.
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Symptoms Med. Exam

Diag. Res.

Diag. Rat. Treat. Plan

Figure 3: Impact of different teachers on Qwen3-4B and Qwen3-8B backbones. Experiments are conducted on
MVME using training data collected from ReMeDi. "Med. Exam." denotes Medical Examinations. "Diag. Res"
denotes Diagnostic Results. "Diag. Rat." denotes Diagnostic Rationales. "Treat. Plan" denotes Treatment Plan.

soning. This suggests that a fixed reasoning pattern
lacks the adaptability required for varied scenarios,
a limitation addressed more effectively by test-time
scaling methods. 2) Comparison of Experience
During Training. Experience-guided distillation
enables the trained model to outperform the prompt-
based method, leading to stronger reasoning ability,
though gains in nuanced medical accuracy remain
modest. 3) The Generalization of Experience
Cross Datasets. By transferring DeepSeek expe-
rience from ReMeDi and employing Qwen3-Next-
80B-A3b-Instruct for annotation, without updating
its own experience, the performance exceeds both
self-updated experience and human-only configu-
rations. This demonstrates effective cross-dataset
transfer of LLM-acquired experience.

Additionally, we conduct human evaluation on
Private dataset. As shown in Table 6. Our method
achieves the best performance compared to the oth-
ers in this human evaluation.

6.4 Analysis of Experience Across Models

To examine the impact of teacher models at differ-
ent parameter scales, we use the Qwen3-4B and
Qwen3-8B models as students and evaluate them

on the MVME datasets. As shown in Figure 3,
the following observations can be made: 1) Ef-
fectiveness of Distillation. Direct tuning, which
refers to training without teacher annotations, re-
sults in performance worse than that of the back-
bone model. In contrast, knowledge distillation
from a teacher model significantly improves the
student model’s performance when trained on the
same data. 2) Impact of Teacher Model Strength.
While stronger teacher models generally produce
higher-quality distilled data, we find that student
models can still benefit from weaker teachers. For
example, Qwen3-4B achieves greater improvement
when distilling from itself than from Qwen3-8B.
This suggests that our approach can effectively gen-
eralize the distilled experience across models of
varying capacities.

6.5 Statistics of Reasoning Capabilities Across
Different Scenarios

To further examine the effectiveness of the atomic
thought driven thinking, we compare the average
reasoning score, number of reasoning steps, and
token counts across different scenarios, as sum-
marized in Table 7. Overall, the test-time scaling
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Diag. Treat. Exam. Progn. Health.
RS Step Token| | RS Step Token| | RS Step  Token| | RS Step Token| | RS  Step Token|
‘ ReMeDi
DeepSeek-V3.1 8470 554 9379 | 84.69 564 9375 | 8462 565 919.6 | 8482 554 9280 | 8472 567 9298
Qwen3 EP 71.04 7.58 10332 | 7031 7.78 1033.1 | 71.29 7.75 10129 | 70.10 7.32 1062.0 | 71.52 7.56 1041.0
Qwen3 SP 74.09 9.15 1049.0 | 73.40 9.08 1061.3 | 73.50 890 1046.0 | 7449 9.14 10722 | 7322 9.09 1064.6
w/ Human Tun. 7370 723 591.1 | 7353 721 5959 | 70.86 6.99 5942 | 7349 7.03 586.1 | 7429 698 5863
w/ Human LLM Tun. 7542 582 4513 | 7542 595 4551 | 75.15 585 4557 | 7798 591 4672 | 7415 588 4522
Private
Qwen3-Next-80B 88.37 895 13550 | 89.69 8.65 13543 |89.17 822 13605 | 92.69 9.81 1381.3 | 89.93 821 1366.7
Qwen3 EP 6543 8.62 11974 | 66.73 8.60 1133.1 | 67.00 873 1119.0 | 6577 835 1227.4 | 6579 8.46 1162.3
Qwen3 SP 66.85 10.56 12753 | 69.73 10.90 1282.1 | 68.94 10.32 1296.8 | 70.00 11.46 1246.5 | 70.00 11.0 1285.6
w/ Human Tun. 7148 722 59777 | 70.70 7.10 5989 | 70.68 7.21 5935 | 6731 731 608.2 | 70.41 7.11 593.0
w/ Human LLM Tun. 68.52 691 539.1 | 6890 698 537.1 | 71.67 7.12 5444 | 7346 692 5299 | 70.11 691 539.7
w/ Human ReMeDi Tun. | 73.23 7.84 6203 | 7228 7.60 626.6 | 73.18 741 6385 | 6885 727 597.0 | 71.58 7.50 627.1

Table 7: Analysis of reasoning capabilities across scenarios. "EP" = expert prompt (Qwen3-4B no think); "SP" =
standard prompt (Qwen3-4B think); "w/ Human Tun." = fine-tuning on human experience-guided data; "w/ Human
LLM Tun." = fine-tuning on human-and LLM-experience guided data; "w/ Human ReMeDi Tun." = fine-tuning on
human-and ReMeDi experience-guided data. We report the average reasoning score(RS), steps and tokens.

method requires more reasoning steps and tokens
than the expert prompt approach to achieve better
performance. However, experience-guided tuning
allows the trained model to reduce both the av-
erage reasoning steps and token usage while im-
proving performance across all scenarios. Specif-
ically, when augmented with experience from
LLMs or ReMeDi—rather than human experience
alone—the model learns to compose more atomic
thoughts. This contributes to a slight increase in
reasoning steps and tokens, allowing for improved
reasoning performance.

7 Conclusion

In this study, we investigate the role of clinical ex-
perience (atomic thoughts) in medical dialogues by
proposing a novel distillation framework. Our ap-
proach extracts and composites these thoughts from
LLMs to distill dynamic reasoning. Extensive ex-
periments across static and interactive settings con-
firm its effectiveness. Crucially, while more com-
plex than standard case-by-case CoT distillation,
our pipeline uniquely transfers the teacher’s expe-
rience. This empowers weaker models to achieve
comparable reasoning, significantly reducing repet-
itive annotation efforts and overall costs.

Limitations

In contrast to baseline models that focus on
instance-level reasoning, our approach operates at
the meta-level by examining the effectiveness of
the trained model across diverse data sources and
scenarios. However, our method faces several chal-
lenges: 1) the constructed dataset lacks the latest

and accurate medical knowledge, as it is limited by
the parametric knowledge of the teacher model; 2)
due to computational constraints, the effects of full-
parameter supervised fine-tuning or reinforcement
learning will be explored in future work.

Ethical Consideration

This work focuses on the medical dialogue task
and conducts experiments on two open-sourced
datasets (ReMeDi and MVME), which have been
published and provided for scientific research. To
further validate the effectiveness, we introduce the
Private dataset, which collects the medical dia-
logue from a real-world online hospital. To safe-
guard patient privacy, the Private dataset excludes
any personally identifiable details, such as patient
names, hospital information, or other sensitive data.
As a result, there is no risk of privacy violations
related to the dataset. Furthermore, all data usage
adheres to ethical guidelines and regulations gov-
erning medical information and research. For the
training data from the Private dataset, we leverage
the local model to annotate.
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A Baseline Details

As shown in Table 8, we present the backbone
model, training dataset, and methodology of each
baseline. These models can be categorized into
three groups: 1) Medical knowledge enhanced
models, trained on large-scale, high-quality medi-
cal instruction-tuning data (e.g., HuatuoGPT-II and
UltraMedical). 2) General reasoning enhanced
models, trained on distilled thinking datasets from
strong teacher models across multiple domains. 3)
Medical reasoning enhanced models, fine-tuned
on medical reasoning datasets through distillation
or leveraging multi-agent reinforcement learning
systems.

B Experimental Details

B.1 Training Details

For model training, we utilize LLaMA-Factory 3.
For training on the ReMeDi dataset, we adopt the
LoRA method with the following hyperparameters:
number of epochs = 3, learning rate = 1e-4, batch
size = 8, cutoff length = 4096, and warmup ratio

3https://github.com/hiyouga/LLaMA-Factory

= 0.1. For the Private dataset, we specifically in-
crease the number of epochs to 5 while keeping all
other hyperparameters unchanged.

B.2 Inference Details

For local model inference, we accelerate LLM serv-
ing using vVLLM®*. For API-based inference, we uti-
lize the APIs from > for the Qwen series, © for the
DeepSeek series, and ’ for the GPT series. In all ex-
periments, we set the temperature to 0.0001 and the
maximum token limit to 4096. The expert prompt
and standard prompt are shown in Figure 12 and
Figure 13, respectively.

B.3 Evaluation Details

For interactive evaluation on MVME , we adhere
to the designated evaluation prompts but replace
the patient, examiner, and evaluation agent LL.Ms
(substituting GPT-3.5 with GPT-40-mini) to en-
hance instruction-following capability and medical
knowledge.

For static evaluation on ReMeDi and Pri-
vate, we leverage the DeepSeek-V3.2 to evalu-
ate the reasoning and response across five dimen-
sions—medical accuracy, clinical logic, informa-
tion collection, empathy&clarity, and safety. We
also report the gpt-5-mini as the judge in Table 9
Here is the evaluation prompt in Figure 14.

For human evaluation, we use the metric
from Zhu et al. (2025), each definition is followed:

* Accuracy(1-5): Correctness of diagnosis,
treatment, or test recommendations.

* Reliability(1-5): Whether the model’s pre-
dicted disease/treatment/test aligns with estab-
lished medical knowledge.

* Fostering the Relationship(1-5): How well
the model supports rapport-building with the
patient.

* Gathering Information(1-5): The model’s
effectiveness in collecting relevant informa-
tion from the patient.

* Providing Information(1-5): The model’s
ability to offer clear, accurate, and understand-
able information to the patient.

*https://github.com/vllm-project/vlim
Bailian

®DeepSeek

"OpenAl
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Models Backbone Training Sample Data Construction Method Training Method
HuatuoGPT-II-13B | Baichuan2-13B-Base | Med Pre-train Instruction (5252K)
HuatuoGPT-I-34B Yi-34B Med SFT Instruction (142K) Annotated by LLM SFT
HuatuoGPT-01-7B | Qwen2.5-7B-Instruct 20K for SFT & 20K for RL Annotated by LLM SFT & RL
UltraMedical-8B | Llama3.1-8B-Instruct 410K for SFT & 100K for RL Annotated by LLM SFT & RL
DoctorAgent-RL | Qwen2.5-7B-Instruct 1k for SFT & 8K for RL Annotated and Synthesis by LLM SFT & RL
Baichuan-M2 Qwen2.5-32B-Base / Annotated and Synthesis by LLM | CL& SFT & RL
R1-Qwen3-8B Qwen3-8B ..
Ri-llama-8B Llama3.1-8B-Instruct 800k for SFT Distilled from DeepSeek-R1 SFT
Table 8: The details of the baseline models.
Avg. Medical  Clinical Information  Empathy Safe
Score  Accuracy Logic Collection & Clarity y
\ ReMeDi
DeepSeek-V3.1 & \ 87.32 89.48 89.15 73.25 92.37 92.35
Qwen3-4B-no think expert prompt 71.86 76.38 70.73 52.59 75.23 84.38
Qwen3-4B-think standard prompt 72.29 69.69 74.22 60.13 77.86 79.54
w/ Human Experience Tuning 76.95 74.95 77.21 67.67 81.76 83.17
w/ Human&LLM Experience Tuning 76.51 75.28 77.00 64.68 82.21 83.38
\ Private
Qwen3-Next-80B-A3b-Instruct é \ 86.31 83.71 87.80 79.28 92.67 88.07
Qwen3-4B-no think expert prompt 63.37 66.40 61.88 42.32 70.66 75.62
Qwen3-4B-think standard prompt 63.59 56.27 65.17 53.95 74.52 68.04
w/ Human Experience Tuning 69.60 69.65 70.99 50.84 78.75 77.75
w/ Human&LLM Experience Tuning 69.71 69.73 70.67 53.25 77.63 77.25
w/ Human&ReMeDi Experience Tuning | 71.78 71.46 72.65 56.45 78.84 79.51

Table 9: Overall model performance on ReMeDi and Private datasets. GPT-5-mini as judge model.

C Annotation Details

C.1 Patient sub-intents

The detailed patient scenarios and sub-intents are
provided in Table 10.

C.2 Annotation Evaluation

We conducted an expert review assessing the qual-
ity of generated Atomic Thoughts and Chain of
Thought (CoT) across different teacher models
(Qwen3-4B, Qwen3-8B, DeepSeek-V3.1), reveal-
ing that while performance is highly stable in initial
interactions, complex multi-turn scenarios high-
light the critical importance of intent and thought
completeness. In a successful first-turn interac-
tion regarding abnormal Gastrin-17 and PGI levels,
all models demonstrated high alignment, correctly
identifying the primary intents of examination con-
sultation and treatment suggestion using coherent
atomic reasoning units. However, a failure analysis
of a more complex second turn—where the patient
inquired about gastric cancer precursors and the
necessity of a repeat gastroscopy—exposed sig-
nificant differences in model robustness. While
DeepSeek-V3.1 successfully captured all target in-
tents (including symptom explanation, examination

necessity, and prognostic risk assessment) with
precise, connected reasoning that linked patient
concerns to medical guidance, Qwen3-8B missed
the prognostic intent to produce disconnected ad-
vice that ignored underlying fears, and Qwen3-4B
generated only generic reassurance lacking logical
specificity due to its use of overly broad reasoning
steps. The prompts for annotating patient intents
and atomic thoughts are provided in Figure 15 and
Figure 16, respectively. To reduce redundant input,
we first use the LLM to annotate patient intents
at two levels. Subsequently, intent-specific atomic
thoughts are incorporated into the input for atomic
thought annotation.

C.3 Update Details

To balance effectiveness and efficiency, we propose
a batch update mechanism. Once the number of
newly generated atomic thoughts reaches a prede-
fined batch size, we employ an embedding model to
compute their similarity against the existing atomic
thoughts in the experience library. Candidates with
similarity scores falling below a specified threshold
are subsequently reviewed by the LLM before be-
ing incorporated into the library. For this process,
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Patient Intent Sub-Intents

Diagnosis Diagnosis Inquiry / Symptom Interpretation Inquiry / Severity Assessment

Treatment Treatment Plan Selection / Medication Guidance Inquiry / Treatment Efficacy
Assessment / Prescription Request / Sick Leave Note Request

Examination Test Result Interpretation / Test Necessity Inquiry / Test Procedure Inquiry / Test
Plan Selection / Test Requisition Request

Prognostic Disease Outcome Prediction / Complication Risk Assessment / Functional Recovery
Expectation

Health Guidance | Lifestyle Guidance / Recurrence Prevention Guidance / Self-Management Skills

Table 10: Detail of the Patient sub-intents.

we utilize the following hyperparameters: a batch
size of 10, an embedding similarity threshold of
0.65, and an embedding dimensionality of 256.

To validate the effectiveness of this update mech-
anism, we used DeepSeek-V3.1 as a teacher model
to annotate atomic thoughts within the ReMeDi
training dataset. We evaluated three distinct config-
urations: (1) Embedding-only, where a candidate
atomic thought is filtered out if its best match score
exceeds 0.95; otherwise, it is added to the library;
(2) LLM-only, where the LLM directly verifies the
candidate against the best-matching thought; and
(3) Embedding + LLM, which corresponds to our
proposed method described in R2.

As illustrated in Figures 4, 5, and 7, the results
indicate the following: (1) All settings reach satu-
ration as the data volume increases—embedding-
only at 3,000 samples, LLM-only at 2,000, and em-
bedding+LLM at 2,500. (2) The embedding-only
approach constructs 2,866 atomic thoughts, which
introduces redundancy and increases the number of
context tokens. (3) The embedding+LL.M method
incorporates more atomic thoughts (1,858) com-
pared to the LLM-only baseline (1,278), as it trig-
gers updates whenever similarity scores fall below
0.65. The corresponding prompts are shown in
Figure 17 and Figure 18.

D Case Study

As shown in Figure 6, we present a comparative
case study involving a patient on H. pylori quadru-
ple therapy inquiring about the reversibility of
numbness and dizziness. When evaluating the base-
lines, Static Thinking employs a rigid, templated
cognitive process that, while medically safe, yields
an overly generic response lacking dynamic adap-
tation to the patient’s specific, narrow query. Con-
versely, Test-Time Scaling (Long-form CoT) suf-
fers from high logical noise and over-intervention
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Figure 4: Comparison in the merge dimension.
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Figure 5: Comparison in the update dimension.

due to unbounded exploration; its extended rea-
soning leads to severe over-investigation, introduc-
ing unnecessary diagnostic burdens (e.g., blood
and liver function tests) and premature medical
interventions (e.g., suggesting an immediate antibi-
otic switch) that grossly misalign with the patient’s
mild symptoms. In contrast, our proposed Atomic
Thought Composition dynamically constructs an
adaptive, concise reasoning sequence—correlating
symptoms to drugs, determining reversibility, and
establishing criteria for further evaluation. By com-
posing only the necessary, pre-verified cognitive
units, our method ensures high clinical accuracy
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<Dialogue History> Patient: (...Medication: Vonoprazan Fumarate, Bismuth Potassium Citrate, Amoxicillin, Metronidazole) Recently I've
been feeling slightly dizzy... I don't have symptoms like rashes, itching, or severe vomiting.... Doctor: Common adverse reactions... Usually,
there is no need to stop the medication... If severe reactions occur... you should stop taking the medication immediately. Patient: So, if I
start experiencing limb numbness later on, do I absolutely have to stop the medication? Doctor: If the numbness is severe and intolerable, you

can stop the medication... </Dialogue History>

<Current Patient Turn> Okay, understood. I just want to confirm again, are the symptoms I'm experiencing now, such as the numbness and
dizziness, all reversible after stopping the medication? </Current Patient Turn>

Static Thinking:

<think> Scene identification: Prognosis scenario. 1.Patient clinical status analysis... 2.Disease progression judgment... 3.Prognostic factor
evaluation... 4.Clinical communication suggestions... 5.Decision summary..</think> <answer> ...these drug-related reactions are reversible after
stopping the medication... It should be noted that if the numbness significantly worsens, expands in range, or persists... follow up promptly so a
doctor can evaluate whether there is drug-related nerve damage or other causes... </answer>

Test-Time Scaling:

<think> .. First, I need to determine if these symptoms are related to the current medications. ... may need to rule out other causes like anemia,
hypoglycemia, or dehydration, but these may be unrelated to the medication. ... whether to recommend stopping the medication or continuing
observation.. </think> <answer>..there is no need to stop the medication immediately. However, it is recommended to: 1. Closely observe...
2.Adjust medication: ...replace Metronidazole with cephalosporin antibiotics; 3.Supplementary tests: It is recommended to check blood routine,

electrolytes, and liver function...</answer>

Atomic Thoughts:

<think> ... consider whether these symptoms are related to the current quadruple therapy drugs ... -

...</think> <answer> The dizziness and numbness symptom:

you mentioned may be related to the currently taken medications such as Vonoprazan or Bismuth agents; these adverse reactions

other potential causes. </answer>

to rule out

Figure 6: Case study.
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Figure 7: Analysis of the update mechanism.

and directly addresses the patient’s core concern,
successfully circumventing both the inflexible tem-
plating of Static Thinking and the unconstrained
logical hallucinations inherent in Test-Time Scal-
ing.

E Visualization and Statistics of the
Experience

We present the distribution of patient intents, sub-
intents, and atomic thoughts in the ReMeDi dataset
(Figure 8 for train and Figure 9 for test) and the
Private dataset (Figure 10 for train and Figure 11
for test). In the ReMeDi dataset, the intent dis-
tributions are highly consistent across splits: the
top three patient intents in the training set are treat-
ment (29.4%), health guidance (26.7%), and di-

agnosis (21.0%), which is closely mirrored in the
test set with treatment at 28.9%, health guidance
at 25.5%, and diagnosis at 21.1%.In the Private
dataset, however, the distribution exhibits a notable
shift. Treatment overwhelmingly dominates both
the train (43.3%) and test (47.9%) sets. In the train-
ing set, examination (22.3%) and health guidance
(20.2%) are followed, whereas in the test set, health
guidance (26.8%) surpasses examination (13.9%).
Across both splits of the Private dataset, patients
seeking diagnosis are significantly fewer (8.9%
in train and 6.9% in test ) compared to ReMeDi.
Consequently, the primary atomic thoughts inher-
ently correlate with these distinct intent distribu-
tions. It is important to note that datasets from
different sources often exhibit such distribution
biases. For instance, the diagnostic intent is promi-
nent in ReMeDi but marginal in the Private dataset.
However, as shown in Table 5, we thoroughly in-
vestigate the impact of LLM experience on these
two distinct datasets. Furthermore, we transfer
the experience gained from ReMeDi and apply it
to annotate the Private dataset. Despite the con-
siderable differences in data distribution—such as
the heavy skew towards treatment in the Private
dataset —tuning with Human&ReMeDi Experi-
ence still outperforms tuning with Human&LLM
Experience. These results strongly demonstrate the
robustness of our method against significant dataset
shifts.
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Figure 8: Visualization on the train set of ReMeDi dataset.

Treatment (28.9%)
Health Guidance (25.5%)
Diagnosis (21.1%)
Examination (16.1%)
Prognostic (8.4%)

(a) Patient Intent Scenarios

Lifestyle Guidance (16.4%)
Medication Guidance Needs (15.6%)
Symptom Explanation Needs (13.8%)
Treatment Plan Selection (10.5%)
Necessity of Examination Items (7.3%)
Disease Prognosis Prediction (6.9%)
Self-Management Skills (5.9%)
Disease Diagnosis Needs (5.2%)
Interpretation of Test Results (4.9%)

Consultation on Examination Process (3.7%)
Treatment Efficacy Evaluation (3.2%)
Recurrence Prevention Guidance (3.2%)
Other Categories.

(b) Patient Sub-Intents

19.0%

I\

Recommend Treatment Plan (18.1%)
Recommend Medication Plan (10.5%)
Symptom Analysis (8.3%)

Differential Diagnosis of Diseases (7.7%)
Medical History Collection (7.3%)

Dietary Advice (5.3%)

Explanation of Etiology (4.6%)

Explanation of Examination Process (4.6%)
Examination Plan Recommendations (4.5%)
Evaluate Treatment Efficacy (4.3%)

Risk Assessment (4.1%)

[ Advice on Rest and Schedule (3.1%)

[ Other Categories.

I Recommend Treatment Plan (19.0%)

M Recommend Medication Plan (12.7%)

W Symptom Analysis (9.3%)

M Differential Diagnosis of Diseases (8.5%)

M Medical History Collection (7.9%)

M Explanation of Examination Process (5.9%)

M Dietary Advice (5.8%)

M Explanation of Etiology (5.5%)

I Risk Assessment (4.9%)

I Recommend examination plan (4.8%)
Advice on Rest and Schedule (3.9%)
Evaluate Treatment Efficacy (3.9%)
Other Categories.

(c) Atomic Thoughts

Figure 9: Visualization on the test set of ReMeDi dataset.
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Figure 10: Visualization on the train set of Private dataset.
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Figure 11: Visualization on the test set of Private dataset.
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Instrution:

You are a physician who communicates with patients in a clear and concise manner.Please first perform reasoning and then
produce a response.Place your reasoning inside <think></think> and your final response inside <answer></answer>.

Task:

In the dialogue, the patient and the physician take turns speaking.Each patient utterance is assigned to one predefined clinical
scenario.A single scenario may span multiple dialogue turns and will only switch when the current scenario is completed.

Each scenario corresponds to a specific physician reasoning process, and each physician response should reflect the reasoning
logic of the corresponding scenario.The predefined scenarios include:["Diagnosis", "Treatment", "Examination", "Prognostic",
"Health Guidance"].

# Task Requirements

1.Scenario Identification:Based on the dialogue history, analyze which predefined scenario the current patient utterance belongs
to.

2.Reasoning:Each scenario corresponds to a specific physician reasoning process. Perform your analysis according to the
reasoning logic of the identified scenario.

3.Response:Respond to the patient in a clear and concise manner.Do not include scenario identification in the response; scenario
classification should only appear in the reasoning.

# Scenarios and Reasoning Logic

1. Diagnosis: The doctor selects appropriate treatment options by considering the diagnosis, disease severity, patient
characteristics (e.g., pregnancy status), and potential risks and benefits of the intervention.

2. Treatment: When recommending medications or diagnostic tests, specify the exact names.

3. Examination: The doctor determines what examinations are necessary, explains their purpose, and uses test results to reduce
diagnostic uncertainty or evaluate treatment effectiveness.

4. Prognostic: The doctor estimates prognosis by integrating clinical indicators, disease progression patterns, and relevant
medical knowledge, and communicates potential risks or outcomes to the patient.

5. Health Guidance: The doctor offers guidance on lifestyle, self-management, follow-up care, or preventive measures based on
the patient’s condition and daily health needs.

Template 1 (If the dialogue fits the scenario of Diagnosis):
1.Patient Symptom Analysis

2.Analysis of Differential Diagnosis Direction
3.Investigation Logic for Related Differential Diseases
4.Decision Summary

Template 2 (If the dialogue fits the scenario of Treatment):
1.Analysis of Patient Symptoms and Diagnostic Status
2.Preliminary Clinical Judgment

3.Treatment/Medication Assessment

4.Clinical Measure Suggestion

5.Decision Summary

Template 3 (If the dialogue fits the scenario of Examination):
1.Analysis of Patient Symptoms and Diagnostic Needs
2.Clinical Initial Judgment

3.Assessment of Examination Methods

4.Clinical Measure Suggestion

5.Decision Summary

Template 4 (If the dialogue fits the scenario of Prognostic):
1.Patient Clinical Status Analysis

2.Judgment of Disease Progression

3.Prognostic Factor Assessment

4.Clinical Communication Suggestions

5.Decision Summary

Template 5 (If the dialogue fits the scenario of Health Guidance):
1.Analysis of Patient Lifestyle Status

2.Judgment of Health Management Needs

3.Assessment of Guidance Strategies

4.Clinical Guidance Suggestions

5.Decision Summary

Input: {Dialogue History} + {Patient Utterance}
Output: {Model Response}

Figure 12: Expert Prompt.
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Instrution:

You are a doctor capable of engaging with patients in a clear and concise manner.

You should first perform reasoning, then provide your response. Place your reasoning inside <think></think> and your
response inside <answer></answer>.

Task:

# Task Requirements

1.Reasoning: Based on the <Dialogue History>, quickly determine the scenario corresponding to the current <Patient
Utterance>.

2.For each identified scenario, perform an independent analysis following the doctor’s reasoning steps specific to that
scenario.

3.Response: Your reply should clearly explain to the patient the rationale behind your recommendations. You may
appropriately reference symptoms, examination purposes, treatment logic, and causal relationships, so that the patient can
understand your advice.

# Task Notes

1. Your response should directly address the content of the current <Patient Utterance>.

2. When recommending medications or diagnostic tests, specify the exact names.

3. If you cannot make a definitive diagnosis, treatment, or recommendation, you should ask follow-up questions.

4. You must not evade the patient’s questions.

Input: {Dialogue History } + {Patient Utterance }
Output: { Model Response }

Figure 13: Standard Prompt.

Prompt for Static Evaluation

You are a professional expert in medical dialogue evaluation. Please conduct the evaluation strictly adhering to the following
format and requirements:

Please score each metric and provide a brief justification:

1. **[Safety]** * **Scoring Criteria:** -5 (Dangerous/Harmful) to +5 (Safe & Risk-Averse)

2. **[Clinical Logic]** * **Scoring Criteria:** -5 (Logically Flawed/Hallucinated) to +5 (Expert-level Reasoning)

3. **[Medical Accuracy]** * **Scoring Criteria:** -5 (Severely Inaccurate) to +5 (Completely Accurate)

4. **[Information Collection]*** **Scoring Criteria:** -5 (Misleading/Irrelevant) to +5 (Highly Strategic & Targeted)
5. **[Empathy & Clarity]*** **Scoring Criteria:** -5 (Apathetic & Obscure) to +5 (Exceptional Communication Style)
## Evaluation Data

[Ground Truth Doctor Response] (For Reference):

{reference}

[AI Medical Assistant Full Response (including think)] (To be Evaluated):

{generated}

## Output Format Requirements

**You must strictly follow the format below for your output:**

1. Safety: [Score] * [Brief justification, 1-2 sentences]

2. Clinical Logic: [Score] * [Brief justification, 1-2 sentences]

3. Medical Accuracy: [Score] * [Brief justification, 1-2 sentences]

4. Information Collection: [Score] * [Brief justification, 1-2 sentences]

5. Empathy & Clarity: [Score] * [Brief justification, 1-2 sentences]

**Qverall Evaluation:**

[Overall evaluation, 3-5 sentences, summarizing pros and cons]

**Important Reminders:**

1. Scores must be integers or have one decimal place (e.g., 4, 3.5, -2).

2. Scores must be between -5 and 5.

3. Each metric must be on a separate line, strictly following the format above.
4. Justifications must start with "-".

QDO not add any additional explanations or introductory text. /

Figure 14: The prompt for static evaluation.
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Instruction for Patient Intent Annotation

You are a labeling assistant for a medical question-answering system. Based on the current patient utterance and the
dialogue context, determine the core intent category of the patient. You are required to output both Level-1 patient-centered
intent scenarios and Level-2 patient-centered sub-intents.

Requirements:

1. Level-1 intents must be selected strictly from the following five options (at most 2)

2. Level-2 sub-intents must be selected from the corresponding sub-intent sets (at most 2), without exceeding the
defined boundaries.

=== Reference Patient Intents ===

{label intent}

=== Level-1 Patient-centered Intent Scenario Definitions ===

{levell_definitions}

=== Level-2 Patient-centered Sub-Intents List ===

{level2 list}

=== Dialogue History ===

{dialogue history}

=== Current Patient Utterance ===

{patient_input}

=== Current Dortor Response ===

{doctor_reply}

Output Format Example:

H

"intents": [
{{"levell": "Intent1", "level2": ["Sub-Intent1"]}},
{{"levell": "Intent2", "level2": ["Sub-Intent2"]} } ]

1}

Figure 15: The prompt of patient intent annotation.

Instruction for Atomic Thought Annotation

Please annotate the doctor’s atomic thought chain based on the following information:
===Dialogue History ===
{dialogue history}
=== Current Patient Utterance =——
{patient_input}
=== Doctor Response ==
{doctor_reply}
Please complete the following task
Atomic Thought Composition: Ensure that all identified Level-1 intent scenarios and Level-2 patient sub-intents are
fully traversed. Within each corresponding scenario, decompose the doctor’s response into atomic-level medical
thoughts. Atomic medical thoughts may be selected from an existing atomic thought inventory or newly generated when
necessary to fit the specific scenario.
=== Identified Level-1 Patient-centered Intent Scenarios ===
{patient_intent_ scenario}
=== [dentified Level-2 Patient-centered Sub-Intents ===
{patient sub_intent}
=== Atomic thought Definitions (for selection) ===
{atomic_thought_definition}
Important Constraints:
- Each atomic thought must be a concise verb phrase.
- Generating full sentences or explanatory descriptions is strictly prohibited;

Output Format Example:
{{
"thought chain": [
{{"levell": "patient_intent scenario",
"level2": "patient sub_intent",
"level3": ["atomic_thought 1", "atomic_thought 2", "atomic_thought 3"]}}]

1

Figure 16: The prompt of atomic thought annotation.
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Semantic Judgment for New Atomic Thought

Your task is to perform a semantic comparison between atomic medical thoughts. Specifically, for the provided text, determine
whether the two atomic thoughts convey the same core meaning, i.e., whether they can be merged into a single thought.

thought A lists: {new atomic thoughts}
thought B lists: {intent-specific and share thoughts}

Output Requirement:Respond only with "Yes" or "No".No additional explanation or text should be provided.

Figure 17: The prompt of atomic thought semantic judgment.

Generating Definition of Atomic Thought

You are a medical dialogue annotation system. Your task is to generate a descriptive definition for the given atomic
medical thought.

Patient Intent Scenario(Level-1): {patient intent scenario}
Atomic Thought (Level-3): {atomic_thought name}

Output Requirement:
1.Provide the description in the following JSON format only:

{ "definition": "Definition of the given atomic thought" }

2.The definition should be concise, clearly capturing the meaning of the atomic thought.

Figure 18: The prompt of atomic thought definition generation.
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