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Abstract

Effective clinical history taking is a foundational yet under-
explored component of clinical reasoning. While large lan-
guage models (LLMs) have shown promise on static bench-
marks, they often fall short in dynamic, multi-turn diagnos-
tic settings that require iterative questioning and hypothesis
refinement. To address this gap, we propose Note2Chat,
a note-driven framework that trains LLMs to conduct struc-
tured history taking and diagnosis by learning from widely
available medical notes. Instead of relying on scarce and
sensitive dialogue data, we convert real-world medical notes
into high-quality doctor-patient dialogues using a decision
tree-guided generation and refinement pipeline. We then pro-
pose a three-stage fine-tuning strategy combining supervised
learning, simulated data augmentation, and preference learn-
ing. Furthermore, we propose a novel single-turn reasoning
paradigm that reframes history taking as a sequence of single-
turn reasoning problems. This design enhances interpretabil-
ity and enables local supervision, dynamic adaptation, and
greater sample efficiency. Experimental results show that our
method substantially improves clinical reasoning, achieving
gains of +16.9 F1 and +21.0 Top-1 diagnostic accuracy over
GPT-4o.

Code — https://github.com/zhentingsheng/Note2Chat

Introduction

History taking and differential diagnosis are fundamental
to clinical reasoning, forming the basis for understanding a
patient’s condition and directing subsequent diagnostic and
therapeutic decisions. A thorough history typically encom-
passes the chief complaint, history of present illness, review
of systems, and general medical and social background, all
of which collectively inform the generation and refinement
of a differential diagnosis, a ranked list of plausible condi-
tions grounded in the patient’s symptoms and risk factors.
Central to this process is multi-turn clinical history taking, a
dynamic, interactive dialogue in which clinicians iteratively
ask targeted questions, interpret responses in context, and
update diagnostic hypotheses step by step (Henderson, Tier-
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Medical Note Multi-Turn Clinical History Taking

TSl I've been having chest pain
(Gl that comes and goes over the
last two days. 0
& " Can you describe the pain?... Igb

[ It's a sharp, stabbing pain... |
Assoc. Any associated symptoms, ]
LU (ke shortness of breath...

Any headaches or dizziness... |
(No... ]

Chief Complaint:
Chest Pain

History of Present lliness:
Adult male with intermittent,
sharp central chest pain
starting two days ago at
rest. He reports ..., but
denies ... palpitations,
syncope, or dizziness.

Enough
Info?

Figure 1: Multi-turn clinical history taking is the dynamic
process of gathering information from a patient; structured
medical notes are the organized product, synthesizing that
narrative into a concise, standardized record.

ney, and Smetana 2012; Guyatt et al. 2015). This sequential
reasoning demands broad medical knowledge, adaptability,
and time—resources often constrained in high-volume care
environments. Despite these challenges, history taking alone
can lead to accurate diagnoses in a majority of cases (Kuri-
akose 2020; Nierenberg 2020), underscoring its diagnostic
value. In this context, automated history-taking systems hold
significant promise: by conducting structured, multi-turn in-
terviews prior to clinical encounters, they can streamline
information gathering, reduce cognitive load on clinicians,
and enhance the completeness and consistency of diagnostic
conversations, particularly in settings with limited medical
personnel.

Large language models (LLMs) have demonstrated impres-
sive performance across a range of medical tasks, includ-
ing medical question answering, clinical note summariza-
tion, and care plan generation (Cabral et al. 2024; Goh et al.
2024; McDuff et al. 2025; Nori et al. 2023a,b, 2024). How-
ever, these achievements are largely based on static, single-
turn benchmarks, where models are provided with com-
plete clinical vignettes and tasked with producing an an-
swer without needing to interact or inquire further. Such set-
tings fail to capture the sequential and exploratory nature
of real-world diagnostic reasoning, which requires actively
gathering missing information through dialogue. Recent
benchmark studies have underscored this limitation, show-



ing that when LLMs are evaluated in full diagnostic con-
versations, where they must initiate questions, adapt based
on responses, and iteratively refine hypotheses, their diag-
nostic accuracy can drop significantly compared to single-
turn tasks (Johri et al. 2025; Liu et al. 2024; Li et al. 2024,
Hager et al. 2024; Schmidgall et al. 2024). This performance
gap indicates that, despite their medical knowledge, current
LLMs lack the conversational competencies needed for ef-
fective multi-turn diagnostic reasoning. In particular, they
often fail to generate focused follow-up questions or to prior-
itize clinically relevant details, constraining their usefulness
in structured interviews (Goh et al. 2024; Nori et al. 2024).
These findings point to the need for dynamic, interaction-
oriented evaluations that better reflect the challenges of his-
tory taking and conversational diagnosis.

Recent efforts to enhance LLMs for clinical dialogue have
explored self-play simulation, agent-based workflows, and
reinforcement learning (RL) strategies. For example, AMIE
(Tu et al. 2025) introduced a simulated diagnostic envi-
ronment to improve history-taking dialogue, but relies on
private datasets and models. DoctorAgent-RL (Feng et al.
2025) has introduced RL fine-tuning to encourage LLMs to
progressively refine diagnoses through proactive question-
ing. Agent-based methods (Nori et al. 2025; Gatto et al.
2025; Liu et al. 2025; Rose et al. 2025) assign different
roles to separate LLMs, yet typically use general-purpose
models not tailored for clinical reasoning. RL-based ap-
proaches (Fansi Tchango et al. 2022; Sun et al. 2025) aim
to improve diagnostic performance through fine-tuning, but
often depend on rigid supervision or task-specific annota-
tions, limiting adaptability. Despite their differences, most
of these works prioritize final diagnosis accuracy and under-
emphasize the quality and completeness of history taking.
They often overlook clinically important but non-diagnostic
details, such as negative findings or symptom context, and
are limited by the lack of large-scale, high-quality dialogue
data. Given the unique challenges of history taking, includ-
ing its exploratory nature and variation across clinical styles,
there is a clear need for scalable and generalizable training
paradigms.

In this work, we address the challenges of clinical history
taking by focusing on efficient information gathering rather
than optimizing solely for diagnostic accuracy. Our objec-
tive is to enable the model to extract as many relevant find-
ings as possible with minimal questioning, supporting con-
cise and complete interviews grounded in clinical reasoning.
To this end, we propose Note2Chat, a novel framework
that leverages real-world medical notes, specifically the pri-
mary diagnosis and history of present illness (HPI), as a su-
pervision signal. These notes capture clinician-curated sum-
maries of symptom relevance, temporal progression, and di-
agnostic thinking, offering a rich and widely accessible re-
source for training. Compared to medical dialogues, clinical
notes are significantly more available, as they are routinely
documented for care delivery and are less restricted by pri-
vacy concerns. Moreover, they require no additional manual
annotation and can be easily adapted to local protocols and
institutional practices.
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Our framework consists of three core components designed
to enhance LLMs for clinical history taking. First, we intro-
duce a note-to-dialogue generation pipeline that converts
discharge notes into clinically meaningful doctor-patient
conversations using decision tree-guided prompts, followed
by refinement to ensure realism and comprehensive cov-
erage of key findings. Using this pipeline, we construct a
dataset comprising 8,944 synthetic dialogues, 67,077 suc-
cessful rollouts, and 11,403 preference pairs across 4,972
patients. Second, we propose a three-stage fine-tuning
strategy that combines supervised training on note-guided
dialogues, data augmentation through simulated interac-
tions, and direct preference optimization (DPO) (Rafailov
et al. 2023) to encourage concise and clinically effective
conversations. Third, we introduce a single-turn reasoning
paradigm that treats each dialogue turn as an independent
decision step, enabling the model to make context-aware, in-
terpretable actions guided by conversation history and rea-
soning plans. This design improves follow-up questioning,
streamlines information gathering, and allows for explicit re-
ward shaping based on information gain and diagnostic rel-
evance. Our contributions include:

* We propose a note-driven dialogue generation and re-
finement pipeline to curate clinically grounded patient-
doctor interactions, resulting in a history-taking dataset
across 4,972 patients.

* We propose a three-stage fine-tuning strategy and a
single-turn reasoning paradigm that enhance LL.Ms for
concise, interpretable, and effective history taking.

Using Note2Chat, our fine-tuned LLM achieves state-
of-the-art performance in both information gathering and
diagnosis, with relative gains of +57.53% and +42.86%
over GPT-4o0, respectively.

Related Work

LLMs for medical applications: LLMs have demonstrated
impressive capabilities across a broad range of medical ap-
plications, including question answering, clinical summa-
rization, and care planning (Cabral et al. 2024; Goh et al.
2024; McDuff et al. 2025; Nori et al. 2023a,b, 2024; Achiam
et al. 2023; Saab et al. 2024). Advanced reasoning mod-
els such as DeepSeek-R1 (Guo et al. 2025) and Gemini
2.5 (Comanici et al. 2025) continue to raise the bar with
stronger generalization and reasoning performance on med-
ical benchmarks. Meanwhile, domain-specialized variants
like BioMistral (Labrak et al. 2024), HuatuoGPT-o1 (Chen
et al. 2025a), Med-R1 (Lai et al. 2025), and MedGemma
(Sellergren et al. 2025) further tailor LLMs to clinical con-
texts by incorporating structured medical knowledge and
fine-tuning on healthcare-specific data. Despite these ad-
vances, most evaluations remain confined to static, single-
turn settings in which models are presented with complete
case information and asked to produce a response. Such
paradigms overlook the inherently dynamic and sequential
nature of real-world clinical reasoning—particularly in tasks
like history taking and differential diagnosis, where suc-
cess hinges on actively collecting missing information, ask-



ing follow-up questions, and reasoning under uncertainty.
Recent studies have shown that even state-of-the-art mod-
els struggle in these interactive, multi-turn environments,
with diagnostic performance dropping significantly when
required to reason step-by-step without full context (Johri
et al. 2025; Liu et al. 2024; Li et al. 2024; Hager et al.
2024; Schmidgall et al. 2024). These limitations underscore
the need for new training and evaluation frameworks that
support proactive, reasoning-driven dialogue and reflect the
complexities of real clinical workflows.

LLMs for multi-turn clinical conversation: Recent re-
search has increasingly focused on enabling LLMs to par-
ticipate in multi-turn clinical conversations, particularly
for tasks such as history taking and differential diagno-
sis. Several benchmarks (Johri et al. 2025; Li et al. 2024,
Schmidgall et al. 2024; Wang et al. 2025; Chandra et al.
2025; Fan et al. 2024) have been introduced to evaluate
LLMs in interactive medical settings, offering useful tools
for assessing question-asking and reasoning abilities. Multi-
agent frameworks that assign roles like history taker or di-
agnostician to separate LLMs aims to improve the work-
flow rather than LLMs’ clinical reasoning ability. RL-based
methods (Fansi Tchango et al. 2022; Sun et al. 2025) pro-
mote proactive questioning and diagnostic refinement, but
depend on rigid, pre-defined state-action spaces that limit
flexibility and generalizability. AMIE (Tu et al. 2025) marks
a notable advancement by training models in a self-play
diagnostic environment and extending to multimodal data
(Saab et al. 2025), yet it relies on proprietary datasets and
closed-source models, limiting reproducibility and broader
adoption. To address data scarcity, prior curation efforts
(Tu et al. 2025; Fansi Tchango et al. 2022; Saley et al.
2024; Chen et al. 2025b) generate training data from an-
notated dialogues, synthetic vignettes, or QA-style conver-
sions, and typically use supervised fine-tuning (SFT) for
training. DoctorAgent-RL (Feng et al. 2025) further applies
RL fine-tuning to enhance question generation but remains
constrained by synthetic, limited training resources.

Note2Chat

We introduce Note2Chat, a generalizable LLM training
framework for clinically grounded, proactive history taking.
By leveraging medical notes as a natural and scalable super-
vision source, our approach shifts the focus from diagnosis
to high-quality information gathering, better aligning with
the exploratory nature of real-world clinical reasoning.

Problem Setup. We formulate medical history taking as
a partially observable sequential decision-making process,
where a doctor agent interacts with a simulated patient
grounded in clinical notes. The objective of the doctor agent
is to elicit clinically relevant findings through follow-up
questions and ultimately produce a differential diagnosis.

Let P denote the distribution over patient cases. Each case
x ~ P is defined as z {dx, F,cc}, where dx is
the ground-truth diagnosis extracted from the note, 7 =
{f1,..-, fn} is the set of clinical findings extracted from
the History of Present Illness (HPI), and cc is the chief
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complaint, serving as the initial observation. At each turn
t, the doctor agent observes a state s; = {cc, h;}, where
hi = [(q1,71), (q2,72),s - - -, (gt—1,7¢—1)] is the accumulated
dialogue history, where ¢; and r; are the doctor question and
patient response, respectively. The agent selects an action
a; € A = A®K U Adiagnose either asking a follow-up ques-
tion g, or issuing a diagnostic prediction.

If the agent selects a question-asking action a; € Ak,
a simulated patient grounded in x responds with 7
p(r | g+, ), and the dialogue history is then updated to in-
clude the new exchange, resulting in the next state s,y =
{cc, ht41}, where hipr = he U {(qt,ar)}. Alternatively,
if a; € Adagnose the interaction terminates and the doc-
tor agent will predicta ranked list of K potential diagnoses

Vi = [gjt(l),gjt@),...,gng)] C )Y, where ) is the space
of diagnostic labels. Each interaction forms a trajectory
7 = (80,00, 81,01, ..,ST,ar), ending when a diagnosis
is made. The doctor agent learns a policy mg(a¢ | s¢), pa-
rameterized by 6, governs decision-making. The learning
objective is to train the policy 7y to maximize the expected
reward R(hr), which evaluates the informativeness and ef-
ficiency of the dialogue: maxg E,p r, [R(7)]. This can be
optimized via supervised fine-tuning (SFT), reinforcement
fine-tuning, or preference-based fine-tuning guided by note-
derived supervision.

~

Data Curation Pipeline. We develop a data curation
pipeline to generate clinically grounded doctor-patient di-
alogues from medical notes, consisting of three key com-
ponents. Finding extraction: We extract relevant medical
findings from the HPI section of discharge notes to construct
patient vignettes, excluding downstream information such
as lab results, treatments, and follow-up plans that would
not be known during history taking. These vignettes serve
as the basis for generating patient responses and for evalu-
ating whether a model’s question can recover the findings
documented in the original note. Decision tree-guided di-
alogue generation: To ensure clinical relevance and align-
ment with diagnostic reasoning, we construct a decision tree
that maps findings to candidate diagnoses. This tree provides
a structured outline for guiding the LLM to generate task-
oriented dialogues that reflect realistic differential diagnosis
workflows. Critic and revision: While LLM-generated di-
alogues are generally plausible, they may omit key findings
or exhibit context leakage, where the doctor infers symp-
toms not yet revealed by the patient. To improve quality, we
introduce an LLM-based critic that identifies and corrects
these issues by adding missing questions and revising pre-
mature inferences, significantly improving dialogue quality
and increasing average symptom coverage.

To prepare the data for training and evaluation, we use
ICD-10 codes to select discharge notes from the MIMIC-IV
dataset (Johnson et al. 2023), focusing on two major con-
dition groups: heart failure, cellulitis, and their associated
diseases. This results in a diverse set of 10 clinically rele-
vant conditions: Asthma, COPD, Cellulitis, Chronic venous
insufficiency, Deep vein thrombosis, Erysipelas, Heart Fail-
ure, Necrotising Fasciitis, Pneumonia, Trauma/hematoma.



These conditions were selected based on clinical guidance
to balance diagnostic challenge and feasibility, as they of-
ten present with overlapping symptoms that demand careful
history taking to differentiate. To ensure data quality, we in-
clude only notes with a clearly defined HPI section, a pri-
mary diagnosis, and at least 100 words to guarantee suffi-
cient clinical detail. Using GPT-40 for data processing, our
curation pipeline produces multi-turn dialogues averaging
17.8 turns for 4,972 patients across 10 diseases, which are
randomly split into 4,472 for training and 500 for testing.

Three-Stage Fine-Tuning Strategy. We propose a three-
stage fine-tuning strategy to train LLMs for high-quality
multi-turn history taking and differential diagnosis. Cold
start with SFT: We initialize training using Qwen2.5-7B
(Team 2024) as the base model. Using our note-guided di-
alogues, we apply supervised fine-tuning to teach the LLM
foundational clinical reasoning and dialogue structure. The
fine-tuned model plays the doctor role and interacts with a
simulated patient agent (Qwen2.5-32B), learning to follow
an appropriate question-asking flow and identify relevant
findings. This stage establishes a basic starting policy for
structured clinical interactions.

Self-augmentation with trajectory sampling: Note-
guided dialogues are often overly idealized, with each doc-
tor question reliably eliciting a relevant response, which is
unrealistic in practice. As a result, models trained solely on
these dialogues may overfit and struggle to generalize dur-
ing inference. To improve robustness, we simulate more di-
verse and imperfect interactions by allowing the SFT-trained
doctor model to engage in self-play with the patient agent.
For each case, we roll out multiple dialogue trajectories and
select those that achieve correct differential diagnoses with
the highest recall (i.e., capturing the most documented find-
ings). These selected dialogues are added to the training cor-
pus, exposing the model to more natural conversation dy-
namics. This process yields 4,472 self-augmented dialogues
from 67,077 successful rollouts.

Direct preference optimization: While supervised fine-
tuning offers a solid starting point, it does not explicitly
teach the model to prefer concise, effective, and clinically
sound conversations. To address this, we apply DPO to guide
the model toward preferred history-taking behaviors. For
each case, we generate 15 dialogue candidates per case via
self-play and assign a reward score to each, based on infor-
mation recall, diagnostic accuracy, and dialogue efficiency.
Preference pairs are then constructed by contrasting top-
and bottom-ranked dialogues, and the model is optimized
to favor high-quality interactions. This step strengthens the
model’s ability to ask relevant questions, avoid unnecessary
turns, and make timely, well-justified diagnoses.

Dialogue-level outcome reward: Designing an effective re-
ward function is critical to the success of DPO. We introduce
a dialogue-level reward function that leverages the medi-
cal note as a silver-standard reference, explicitly capturing
three desirable criteria: (1) thorough information gathering,
(2) concise and efficient dialogue, and (3) accurate differen-
tial diagnosis. Formally, the reward for a dialogue trajectory
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7 is defined as:

Recall rank(dx, yr) a-T
=Recall + —— (1 — — .
R(r) = Recall+ ¢ i ( K 2
ey
| F-NF|

Here, Recall = (7[> Measures the fraction of clinically

relevant findings F (from the HPI) that are successfully
elicited during the dialogue 7, directly rewarding thorough
information gathering. Recall,,x denotes the highest recall
achieved across all generated dialogues. The second term as-
sesses diagnostic accuracy by checking whether the ground-
truth diagnosis dx appears within the top-K predicted diag-
noses yr; higher rankings yield higher scores. In this work,
we set ' = 5 and assign R(7) = 0 when the correct diagno-
sis falls outside the top- K. Importantly, this term is weighted
by the ratio lefa“l‘l‘i}ax, ensuring that high diagnostic accuracy
only contributes meaningfully to the reward if sufficient rel-
evant information has been collected, preventing reward in-
flation from lucky guesses. The final term % penalizes un-
necessarily long dialogues to encourage efficiency in history
taking, where T represents the total number of turns, and «
is a scaling coefficient that balances the penalty relative to
the other reward components.

To generate preference pairs for DPO, we roll out 15 di-
alogue candidates per patient through self-play and com-
pute the mean (u) and standard deviation (o) of their re-
ward scores. Dialogues with scores above 1 + o are labeled
as high-quality, while those below p — o are considered
low-quality. For each high-quality trajectory, we sample up
to two low-quality ones to form training pairs. This results
in 11,403 dialogue-level preference pairs used to fine-tune
the model toward more informative, accurate, and efficient
multi-turn clinical conversations.

Multi-Turn History Taking via Single-Turn Reasoning.
While multi-turn DPO aims to improve conversational mod-
els, it presents inherent limitations. A primary challenge
is the difficulty of controlling long conversational rollouts,
where early errors can compound and lead the dialogue off-
track. The preference signal in conventional multi-turn ap-
proaches is applied to the entire trajectory, offering only
coarse supervision that makes it difficult to identify and cor-
rect specific suboptimal turns. Furthermore, without a clear
reward signal for a process like reaching a diagnosis, multi-
turn models may struggle with poorly defined stopping cri-
teria, leading to inefficient and unnecessarily long dialogues.

Task reformulation: To address these challenges, we pro-
pose a novel paradigm that reframes multi-turn history tak-
ing as a sequence of single-turn reasoning problems. Our
core insight is that a multi-turn conversation can be modeled
as a Markov Decision Process. By enriching the state rep-
resentation at each turn to include the accumulated memory
of prior turns and collected findings, we enable the model to
make optimal, context-aware decisions from any intermedi-
ate step. This approach allows for stronger local supervision
and improved sample efficiency, as the model’s questioning
strategy can dynamically adapt throughout the dialogue. At
each step, the model should perform structured reasoning



through a thought process that includes memory summa-
rization, clinical planning, and action generation. This
ensures that each decision is based on the current state alone,
decoupling the model’s performance from the unpredictable
nature of long-term conversational trajectories.

Single-turn reasoning: To achieve this, we insert a struc-
tured reasoning block between each round of patient—doctor
dialogue, generated by the doctor agent during inference
but hidden from the patient agent. This block, delimited by
<think> and </think> tokens, comprises two key com-
ponents: Summary: A concise, structured summary of the
conversation history, which is updated with each new pa-
tient response. This serves as the model’s working memory
of the patient’s condition and collected symptoms. Planning:
A clear clinical rationale for the next action. If the action is
a follow-up question, the plan explains how it helps to con-
firm or rule out specific diagnoses. If the action is a diagnos-
tic decision, the plan justifies the ranking of candidate dis-
eases based on the symptoms gathered. This structured ap-
proach enables more granular and flexible preference learn-
ing, where individual turns can be rewarded even if the full
trajectory is suboptimal. The explicit reasoning process also
enhances both interpretability and reasoning quality, as each
decision is grounded in a transparent clinical rationale. A
concrete example for the proposed single-turn reasoning is
shown below:

Single-Turn Reasoning Example

Doctor

<think>

Summary: Turn O: The patient reported having a
fever and shortness of breath.

Plan: I need to understand when the symptoms
started and how they’ve progressed to decide what
might be causing them.

</think>

Can you tell me when your symptoms started and
how they’ve changed?

Patient (Turn 1)

The symptoms started a few days ago and have been
getting worse.

Doctor

<think>

Summary: Turn 0: The patient reported fever and
shortness of breath.

Turn 1: The patient said the symptoms started a few
days ago and have worsened.

Plan: I need to ask more about the shortness of
breath to understand its nature and possible causes.
</think>

Can you tell me more about the shortness of breath?
Has anything helped or made it worse?

J

Turn-level process reward: The single-turn reasoning
paradigm allows for a simple, interpretable reward function
at each step of interaction:

I[f: € s¢ \ s¢-1],
rank;
Recallt . (1 — T)

if a; € A
if a; € Adiagnose

@

Rsr(si—1,5t) = {

3
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Here, I[[f; € s:\ s;—1] indicates whether a new relevant find-

ing was acquired at turn t; Recall; = ‘F‘tglf-l

proportion of ground-truth findings F recovered so far; and
rank; = rank(dx, y;) gives the rank of the correct diagnosis
in the top- K predictions. We assign Rsr(s;_1,5;) = 0 when
the correct diagnosis falls outside the top- K. The agent is re-
warded for acquiring new information and ranking the cor-
rect diagnosis higher, with rewards scaled by the amount of
useful information gathered. Unlike multi-turn approaches,
this setup makes question-asking and diagnosis actions di-
rectly comparable, enabling the model to learn when to stop
asking and make a prediction. The single-turn reasoning
paradigm decomposes complex dialogues into independent,
context-aware decisions, allowing for precise supervision,
interpretable reasoning, and verifiable rewards. This struc-
ture supports flexible preference learning and more accurate
diagnoses, even when full dialogues are noisy or imperfect.

measures the

Single-turn data preparation: Starting from our self-
augmented dialogue dataset, we decompose full dialogues
into individual turns and use Qwen2.5-32B to generate a
structured reasoning block for each of them. Following the
multi-turn DPO setup, we adopt a multi-stage training strat-
egy: first fine-tuning an LLLM on the single-turn augmented
data, then using the model to roll out 10 candidate responses
per turn by interacting with a simulated patient agent. After
filtering out low-quality samples, we retain 80,537 context-
aware single-turn interactions. To construct preference data
for single-turn DPO, we contrast the highest- and lowest-
reward responses (as defined in Eq. 2), yielding 95,811 turn-
level preference pairs.

Experiments

We conduct a series of experiments to evaluate the perfor-
mance of LLMs in medical history taking and differential di-
agnosis. Our evaluation begins by comparing Note2Chat,
trained with either multi-turn (Note2Chat—MT) or single-
turn (Note2Chat-ST) DPO strategies, against a diverse
set of baseline LLMs. These include: Proprietary models:
GPT-40 (Achiam et al. 2023), o4-mini, Gemini-2.5 (Co-
manici et al. 2025); Public open-source models: DeepSeek-
R1 (Guo et al. 2025), Qwen2.5 (Team 2024), Qwen3
(Team 2025); and Domain-specific models: HuatuoGPT-
0o1(Chen et al. 2025a), MedGemma (Sellergren et al. 2025),
DoctorAgent-RL (Feng et al. 2025). We then analyze the
key factors that contribute to effective history taking across
clinically meaningful symptom categories. Finally, we vali-
date our models by comparing with practicing clinicians on
a held-out test set. Our experiments are designed to answer
the following research questions: (1) How well do existing
LLMs perform in medical history taking? (2) Can we im-
prove LLMs to proactively ask follow-up questions and au-
tonomously decide when to diagnose? (3) To what extent can
fine-tuning and preference learning narrow the performance
gap? (4) How does the performance of Note2Chat com-
pare to that of human clinicians?

Experiments Setup. Following CRAFT-MD (Johri et al.
2025) and its prompting strategy, we simulate a patient



Model F1  Recall Precision Top-1 Top-2 Top-3 | #Turn
GPT-40 29.2 332 30.5 49.0 61.4 67.6 229
04-mini 23.0 287 21.9 47.6 60.0 67.0 27.0
Gemini-2.5-flash 26.6 35.5 26.7 514 66.2 73.0 31.9
Qwen2.5-7B-Instruct 19.6 15.7 33.0 38.8 54.8 63.2 10.3
Qwen3-8B 17.9 13.8 34.1 334 46.6 55.2 8.9
DeepSeek-R1-0528-Qwen3-8B | 29.6 34.0 32.7 37.2 51.6 61.2 234
HuatuoGPT-01-8B 0.2 0.1 1.1 19.4 33.0 42.8 2.02
MedGemma-4B-it 27.2 31.6 28.0 40.6 552 62.2 234
MedGemma-27B-text-it 27.9 314 30.1 52.8 66.2 71.4 214
DoctorAgent-RL 28.4 35.1 27.5 35.6 - - 26.4
Note2Chat-MT 438 554 41.8 62.0 78.2 82.6 27.5
Note2Chat-ST 46.1 46.2 54.5 70.0 81.2 84.4 17.3

Table 1: History taking and diagnosis performance (%) across different models (Best, Second Best)

Mode Model F1  Recall Precision Top-1 Top-2 Top-3 Avg. A #Turn
Qwen?2.5-7B-Instruct 19.6 15.7 33.0 38.8 54.8 632 375 - 10.3

MT +SFT 326 30.1 449 53.0 66.0 73.0 499 +124 14.1
+SFT+Self-Aug 40.6  39.2 50.1 62.8 75.0 81.6 582 +20.7 15.8
+SFT+Self-Aug+DPO | 43.8 554 41.8 62.0 78.2 82.6 60.6 +23.1 27.5
+SFT 354 375 40.7 54.8 65.0 704  50.6  +13.1 19.8

ST +SFT+Self-Aug 414 448 45.8 60.8 724 754 568 +193 | 205
+SFT+Self-Aug+DPO | 46.1  46.2 54.5 70.0 81.2 844 637 +262 | 173

Table 2: Ablation study showing the impact of each component in our Note2Chat framework (Best, Second Best).

agent using Qwen2.5-32B, which interacts with the eval-
uated LLMs acting as doctor agents. The doctor agent is
tasked with asking relevant follow-up questions to elicit key
clinical findings and terminating the conversation once suf-
ficient information has been gathered. After the interview,
the doctor outputs a ranked list of potential diagnoses for
differential diagnosis. To evaluate performance, we use a
Qwen2.5-32B model to assess the dialogue. It checks how
many ground-truth findings from the note are successfully
elicited in the conversation and computes the rank of the true
diagnosis within the predicted list. We report the precision,
recall, F1 scores, and Top-K accuracy as our primary eval-
uation metrics. Detailed metric definitions, training setups,
including hyperparameters are provided in the Appendix.
All evaluations are conducted on our processed subset of the
MIMIC-1V dataset (Johnson et al. 2023), with scope con-
strained by computational and cost considerations.

Main Results. As shown in Table 1, existing LLMs strug-
gle with effective medical history taking, which is con-
sistent with prior studies (Johri et al. 2025; Li et al. 2024).
Among them, proprietary LLMs like GPT-40 and Gemini-
2.5-flash perform best, achieving top-1 diagnostic accura-
cies of 49.0% and 51.4%, respectively. In contrast, public
models such as Qwen2.5-7B-Instruct and Qwen3-8B show
much weaker performance, with F1 scores below 20% and
Top-1 accuracies under 40%. DeepSeek-R1-0528-Qwen3-
8B is the strongest open-source general model, reaching an
F1 of 29.6% and Top-1 accuracy of 37.2%. Interestingly,
models like Gemini-2.5-flash and 04-mini engage in long
conversations (over 27 turns on average) but still achieve
low recall, indicating a lack of ability to ask clinically rel-
evant questions. This highlights the gap between conversa-

tional fluency and clinically meaningful reasoning.

Several domain-specific medical LLMs were also evalu-
ated. MedGemma-4B-it and MedGemma-27B-text-it per-
form relatively well in diagnosis (Top-1: 40.6% and 52.8%),
likely benefiting from medical pretraining. In contrast,
HuatuoGPT-01-8B performs poorly across all metrics, es-
pecially in history taking (F1: 0.2%), as it fails to ask
follow-up questions and relies solely on the chief complaint.
DoctorAgent-RL, despite being trained on history taking di-
alogues, is limited by its design to predict only a single diag-
nosis. It performs reasonably in information elicitation (F1:
28.4%) but fails to generalize to our setting. This is likely
due to a domain mismatch, as it was trained on informal on-
line consultations, which lack the structured, standardized
symptom descriptions (e.g., onset, location, timing) found
in clinical notes.

Fine-tuning significantly improves both history taking
and diagnosis. Our proposed models, Note2Chat-MT
and Note2Chat-ST, consistently outperform all base-
lines. Compared to the base model Qwen2.5-7B-Instruct,
Note2Chat-ST achieves a 26.5-point absolute gain in
F1 (from 19.6% to 46.1%), an 135.2% relative improve-
ment, and a 31.2-point gain in Top-1 accuracy (from 38.8%
to 70.0%). Note2Chat-MT achieves the highest recall
(55.4%) but at the cost of longer dialogues (avg. 27.5 turns).
In contrast, Note2Chat~-ST delivers the best overall per-
formance across F1, precision, and Top-K accuracy, while
using fewer turns (17.3 on average). This demonstrates
the effectiveness of the proposed Note2Chat framework
in gathering clinically relevant information efficiently and
making accurate differential diagnosis.
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Figure 2: Recall across symptom categories.

Ablation Study. We assess the contribution of each com-
ponent in our Note2Chat framework for medical his-
tory taking. As shown in Table 2, both multi-turn (MT)
and single-turn (ST) models benefit substantially from
fine-tuning. Applying SFT alone yields notable gains over
the base Qwen2.5-7B-Instruct model, improving average
scores by 12—13 points. However, SFT alone only makes
the model competitive with top-performing LLMs, suggest-
ing that simply memorizing dialogue patterns is insufficient
for effective history taking. Introducing self-augmented, im-
perfect trajectories significantly enhances recall and top-
K accuracy, highlighting the value of diverse training sig-
nals. Further applying DPO consistently improves perfor-
mance across both paradigms. With the full pipeline (SFT
+ Self-Aug + DPO), Note2Chat-MT achieves the high-
est recall (55.4%) but requires longer dialogues (27.5 turns).
In contrast, Note2Chat -ST outperforms in all other met-
rics while using fewer turns (17.3), demonstrating the effi-
ciency and effectiveness of the proposed single-turn reason-
ing framework for proactive and accurate history taking.

Analysis. To better understand the factors underlying ef-
fective medical history taking and how our Note2Chat
framework improves performance, we break down recall
scores by clinically meaningful symptom categories based
on the SOCRATES mnemonic (Mahbubani 2023) (Site, On-
set, Character, Radiation, Associated symptoms, Timing,
Exacerbating/relieving factors, Severity) along with an ad-
ditional History category. These categories capture essential
dimensions of structured symptom characterization in clin-
ical history taking. As shown in Figure 2, even powerful
proprietary models like GPT-40 underperform on essential
aspects such as Site (13.6%) and Severity (10.1%), high-
lighting a gap in alignment with structured clinical inquiry.
SFT yields moderate gains over the base Qwen2.5-7B model
across all categories. In contrast, both Note2Chat-MT
and Note2Chat-ST achieve consistently higher recall
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Figure 3: Comparison of history taking performance be-
tween model and clinician.

across all categories, particularly excelling in Onset, Ra-
diation, and History. Notably, Note2Chat-MT reaches
the highest overall recall by leveraging longer interactions
(27.5 turns on average), demonstrating its effectiveness in
information gathering.

Comparison with Clinicians. Finally, we compare our
method with a practicing clinician on a small held-out
test set of 20 patient cases across 10 diseases, constrained
by available resources. As shown in Figure 3, our model
achieves comparable performance in both diagnosis accu-
racy and information gathering. Notably, it mirrors the
clinician’s behavior in eliciting clinically meaningful
symptoms. While this limited-scale validation with simu-
lated patients is far from conclusive, it highlights the poten-
tial of LLMs for supporting real-world history taking.

Conclusion

We have presented Note2Chat, a note-driven framework
for training LLMs to perform clinically effective history tak-
ing and differential diagnosis. By leveraging medical notes
as silver-standard supervision, our approach enables models
to ask relevant follow-up questions, prioritize key findings,
and determine when to conclude the conversation. Through
a multi-stage training pipeline combining supervised fine-
tuning, self-augmented trajectory sampling, and prefer-
ence optimization, Note2Chat achieves substantial gains
in both information elicitation and diagnostic accuracy.
Our proposed single-turn reasoning paradigm enables fine-
grained, verifiable supervision at each step of the dialogue.
This design not only improves transparency and adaptabil-
ity but also outperforms multi-turn baselines with fewer
dialogue turns. Empirical results show that Note2Chat
consistently outperforms both general-purpose and medical-
domain LLMs. Additionally, clinician comparisons show
promising alignment in symptom gathering, suggesting real-
world applicability for Al-assisted history taking.
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