Prefix-Enhanced Large Language Models with Reused Training Data in
Multi-Turn Medical Dialogue
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Abstract

Large Language Models have made impressive
progress in the medical field. In medical dia-
logue scenarios, unlike traditional single-turn
question-answering tasks, multi-turn doctor-
patient dialogue tasks require Al doctors to
interact with patients in multiple rounds, where
the quality of each response impacts the over-
all model performance. In this paper, we pro-
pose PERT to re-explore values of multi-turn
dialogue training data after the supervised fine-
tuning phase by integrating a prefix learning
strategy, further enhancing the response qual-
ity. Our preliminary results show that PERT
achieves notable improvements on gynecolog-
ical data, with an increase of up to 0.22 on a
S-point rating scale.

1 Introduction

With the development of large language models
(LLMs), there has been increasing attention on their
applications in the medical sector. While recent
general-purpose models such as GPT series (Hurst
et al., 2024), Claude series (Anthropic, 2025), and
Qwen series (Yang et al., 2024b) have shown de-
cent capabilities in medical question-answering
(QA) tasks (Xie et al., 2024), researchers have lever-
aged diverse medical datasets to build specialized
models tailored to various medical scenarios, such
as dedicated SMILE for mental health (Qiu et al.,
2023), and comprehensive Med-PalLM series (Sing-
hal et al., 2025), Zhongjing (Yang et al., 2024c),
and Baichuan-M1 (Baichuan, 2025). These mod-
els offer exciting possibilities for the real-world
application of LLMs in the medical domain.

Our scenario is multi-turn doctor-patient dia-
logues in multiple clinical departments on an on-
line healthcare consultation platform. We aim at
deploying LLLMs as Al doctors to assist human

*This work was done during Suxue Ma’s internship at Ping

An Technology, Shenzhen, China.
Corresponding author.

2PAII Inc., USA

“Ping An Technology, China
SPing An Healthcare and Technology Company Limited, China
msx@tju.edu.cn; zcyangpingan@gmail.com

26

doctors in collecting adequate prediagnostic in-
formation from patients via multi-turn conversa-
tions between patients and Al doctors. To train
an acceptable LLM for every clinical department,
a straightforward idea is to adopt a multi-stage
training strategy: pretraining on general medical
data (Yang et al., 2024c; Baichuan, 2025), followed
by supervised fine-tuning (SFT) using real doctor-
patient dialogue history in each clinical depart-
ment (Yang et al., 2024c). However, the model
trained using this simple strategy still falls short of
meeting deployment-oriented performance require-
ments. For instance, we observed that the model
occasionally repeats its previous responses. Unfor-
tunately, a repetitive utterance might make patients
aware that they are interacting with an Al doctor,
destroying their consultation experience.

Since authors in (Zhang et al., 2025) highlighted
the effectiveness of appropriate instruction prompts
to alleviate this issue, we conduct two pilot experi-
ments: (1) When we apply the instruction prompt
“Do not repeat what has already been said” only at
the beginning of a multi-turn dialogue, the model
tends to forget this constraint after several rounds;
(2) When we insert this instruction prompt before
every response, the model significantly reduces rep-
etition, but it increases the frequency of irrelevant
or off-topic responses, still degrading the overall re-
sponse quality. We infer that two factors cause this
issue: (1) The dataset for each medical department
is relatively small, limiting the model’s learning
capacity; (2) While the prompt-based constraint is
effective, the model either forgets it over time or
applies it too rigidly.

To mitigate these issues, we propose a novel
training strategy PERT (Prefix-Enhanced LLMs
with Reused Training data) for our multi-turn med-
ical dialogue scenario. Unlike the original single-
department SFT paradigm, PERT has two training
phases. First, we aggregate data from all depart-
ments to train an all-around LLM that benefits from
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Figure 1: Framework of the proposed PERT. Compared with the original LLM training strategy, PERT first trains
an all-around LLM using the data of all clinical departments. The prefix learning process is then conducted to
leverage the departmental data individually and train their own prefix-enhanced LLMs, respectively.

the data scaling law (Kaplan et al., 2020). Second,
since such a generalized LLM needs to retain spe-
cialization for individual departments, we design a
prefix learning phase by reusing the data from each
department. Unlike the previous pilot experiments
where the prompt was mechanically inserted either
at the beginning of the entire dialogue or before
each response, prefix learning can provide “soft
guidance” for each round of Al doctor responses,
improving the overall LLM performance without
introducing excessive constraints on response gen-
eration. PERT further exploits the values of training
data that was used once only in the conventional
single-department SFT (original vs. proposed in
Fig. 1, described in Sec. 3.1).

Our key contributions are listed as follows:
(1) proposing the PERT training strategy combin-
ing all-around LLM training with prefix learning
by reusing training data from single-department
for multi-turn medical dialogues, (2) introducing
a strategy for reusing training data from single-
department to enhance model performance, and (3)
conducting preliminary experiments to validate the
effectiveness of our approach in real-world doctor-
patient consultations.

2 Related Work

Medical LLLMs. Medical LLMs have emerged
as a transformative technology in healthcare, with
significant advancements in a wide range of appli-
cations, including medical summarization (Tang
et al., 2023; Van Veen et al., 2024), clinical de-
cision support (Hager et al., 2024), and medical
dialogue systems (Li et al., 2023). In dialogue sys-
tems, single-turn models provide rapid responses
to medical queries, while multi-turn models are al-
ways diagnostic-oriented through context-aware in-
teraction. These models can be broadly categorized
into fine-tuned general LLMs (Li et al., 2023; Sing-
hal et al., 2025; Yang et al., 2024c) and dedicated
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LLMs (Luo et al., 2022; Gu et al., 2021). Most of
those models are validated on public datasets or in
lab-stage settings, but have not been fully studied
in deployment-oriented scenarios.

Prefix Learning. The representative prefix-
tuning method is a parameter-efficient fine-tuning
(PEFT) approach that optimizes a small set of task-
specific parameters, called prefixes, while keeping
the pretrained model frozen. These prefixes effec-
tively guide the model’s behavior during inference
without requiring updates to the full model (Li and
Liang, 2021). Recent studies have demonstrated
the effectiveness of prefix-tuning in medical ap-
plications (Van Sonsbeek et al., 2023; Chen et al.,
2024; Zhou et al., 2024). For the multi-turn inter-
active dialogue scenario, the authors in (Li et al.,
2024a) introduce an external planner to learn prefix
token embeddings. Nevertheless, the efficacy of
this method has not been studied in the medical
field.

3 Methods

3.1 Framework Overview

Fig. 1 illustrates the framework of our proposed
PERT. Compared with the original SFT strategy, we
first leverage the data from all clinical departments
to achieve an all-around LLM, which plays an in-
termediate role. We then conduct prefix learning
by reusing data from every individual department
on the trained all-around LLM. Consequently, each
department has its own prefix-enhanced LLM.

3.2 All-Around LLM Training Phase

We aggregate data from all departments and train
the all-around LLM using the same SFT strategy as
the original one. We find that this all-around LLM
overall outperforms the single-department LLM
(shown in Table 2).



3.3 Prefix Learning Phase

Inspired by prefix learning designed for the multi-
turn dialogue scenario (Li et al., 2024a), which
adopted an extra planner to update the prefix to-
ken features, we design two stages in our prefix
learning phase. The first stage involves cloning the
behavior of the pretrained all-around LLM to en-
sure that the LLM steered by the prefixes behaves
similarly to the LLM itself. The prefixes are gener-
ated by a planner. In the second stage, we fine-tune
the planner by using responses from real doctors,
collected through our online consultation platform.
This allows the LLM’s behavior to become more
aligned with the communication style and expertise
of real medical professionals.

3.3.1 Self-Cloning Stage

Behavior cloning (Bratko et al., 1995) is a tech-
nique in imitation learning where an agent learns to
replicate the actions of an expert. Inspired by this
approach, we aim to make an LLLM with prefix to-
kens behave consistently with the all-around LLM.
To achieve this, we train the planner from scratch
using the responses generated by the all-around
LLM as training data. This stage ensures the prefix-
equipped LLM retains the capacities of the all-
around LLM, offering a robust starting point.

To prepare the corpus for self-cloning, we pro-
vide the fine-tuned all-around LLM with real
doctor-patient dialogue history which ends with the
patient’s utterance, and ask the LLM to generate
the response as a doctor. Formally, the corpus is de-
noted as {p}, qi,ph, g5, - Py, d, } 1L, where
M is the number of collected dialogues, NN; is the
number of rounds of the ¢-th dialogue, and p; and
¢; (G = {1,2,...,N;}) are the patient’s and the
doctor’s utterance at the j-th round, respectively.
Note that a dialogue with n rounds can be split
into n individual datapoints with {p1, q1,--- ,p;}
being the dialogue history and g; being the ground
truth for j = {1,2,--- ,n}.

Now we describe the process of prefix genera-
tion. Initially, the embedding of the dialogue his-
tory at the j-th round of the ¢-th dialogue is ob-
tained by the LLM, which produces an embedding:

05)).

Next, the planner extracts the last-token embedding
from the output of the LLM’s last layer, and then
transforms this token embedding into the prefix
space by an MLP. Formally, the planner is defined
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as:

¢(e) = MLP(gy(e)), 2)

where 6 is learnable parameters of the transformer
and gy denotes the extraction operation. We train
the planner by minimizing conditional language
modeling objective as follows:

M N;

Loo==3"3 log fo(@ | dleD)lle), (3)

i=1 j=1

where || denotes concatenation of the dialogue ac-
tion tokens with token embeddings e, and fy de-
notes the autoregressive distribution of generated
strings. Here, the ground truth ¢; is generated by
the all-around LLM.

3.3.2 Supervised Fine-Tuning Stage

In the supervised fine-tuning stage, we refine the
prefix embeddings to better align the LLM’s be-
havior with real doctors’ communication styles and
expertise. Unlike the self-cloning stage, which uses
responses generated by the all-around LLM, this
stage reuses the real doctors’ responses from clin-
ical department data as ground truth to fine-tune
the planner in a supervised manner. Note that the
dialogue history remains the same as that in the self-
cloning stage, but the ground truth for fine-tuning
is now the real doctors’ responses rather than those
generated by the LLM. That is, the ground truth
for the real doctor’s response at the j-th round is g;
instead of ¢;. The loss function in this stage is

M N;

Lope==—> > log fo(q | s(e})]€}). ()

i=1 j=1
4 Experiments

4.1 Dataset

Our dataset is sourced from a real-world online
doctor-patient consultation platform in China, in-
cluding more than 10 clinical departments, such as
pediatrics, ophthalmology, etc. This data source
consists of authentic doctor-patient multi-turn dia-
logues, covering a range of medical inquiries and
responses. In this paper, we present preliminary
results using the data from the gynecology depart-
ment because of its large number of consultations
(300k+ dialogues), while the available data across
all departments (800k+ dialogues) are for training
the all-around LLM. Table 1 lists the statistics of



Dataset #Dialog. #Rounds Method Avg. s >2(%) s>3(%) s>4(%)

Original Original

gynecology 310k 1.77m gynecology LLM 3.5824 97.21 57.93 7.15

For prefix learning Proposed

self-cloning 10,000 58,105 all-around LLM 3.6353 97.74 58.65 7.48

supervised fine-tuning 10,000 54,133 random prefix w/o learning 3.6437 9832 5844 7.91

test set 1,000 5,463 prefix w/ self-cloning only 3.7584  98.86  68.38 8.34
PERT (prefix w/ self-cloning & SFT) 3.8013 98.41 71.66 10.36

Table 1: Statistics of dialogues from
the gynecology department and those
used for prefix learning during self-
cloning, supervised fine-tuning, and in-

ference, respectively. respectively.

our used dialogue data, including the number of di-
alogues (#Dialog.) and the total number of rounds
(#Rounds). Specifically, we use 10,000 dialogues
for both self-cloning and supervised fine-tuning,
with average rounds per dialogue of 5.8 and 5.4, re-
spectively. For evaluation, we use 1,000 dialogues
as the test set.

4.2 TImplementation Details

The fine-tuned all-around LLM in PERT is obtained
by fine-tuning Qwen2-14B-Instruct (Yang et al.,
2024a) with aggregated data from all clinical de-
partments. For training, We used a learning rate
of 0.001 and Adam optimizer to minimize the loss.
We used a prefix token length of 2, with prefix em-
bedding size of 128. The dimension of the hidden
state of the LLM is 5120. The planner for generat-
ing prefix tokens was trained for 10 epochs for self-
cloning and 5 epochs for supervised fine-tuning,
while the all-around LLM was frozen. All experi-
ments were conducted on servers with 8 NVIDIA
V100 GPUs, each with 16 GB VRAM.

4.3 Preliminary Results

We compared several methods for doctor-patient
dialogue generation to validate the effectiveness
of our method in Table 2. The methods tested
for comparison include (i) the original gynecology
LLM; (i1) the all-around LLM that generates re-
sponses without any prefix learning stages; (iii) a
random prefix without learning, where the plan-
ner is randomly initialized to generate prefix to-
kens; and (iv) update the prefix embeddings using
self-cloning only, referring to no fine-tuning with
real doctor responses. Finally, our proposed PERT,
which combines the self-cloning stage of the plan-
ner to generate prefix embeddings with the super-
vised fine-tuning stage using real doctor responses,
was also evaluated. We utilized a general-purpose
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Table 2: Performance comparison among different methods by the aver-
age score s and the percentage of dialogues with scores exceeding 2, 3,
and 4. Bold and underlined text represent the best and the second best,

LLM (Qwen2-7B-Instruct) to assess dialogue re-
sponses. Each response was rated on a scale from
1 to 5, with higher scores indicating better quality.
The evaluation considered factors including safety,
professionalism, and friendliness. The complete
prompt template is provided in Appendix A. For
each dialogue, the highest turn score was taken as
the dialogue’s overall score. We then calculated
the average score and the proportions of dialogues
with scores exceeding 2, 3, and 4 in Table 2.

As we can see, PERT achieves the highest aver-
age score of 3.8013, significantly surpassing the
baselines (gynecology LLM and all-around LLM)),
which have an average score of 3.5824 and 3.6353,
respectively. The random prefix method also shows
a comparable result (3.6437), but it remains lower
than the prefix learning approaches. Meanwhile,
our method generally accomplishes the best results
in the percentage of responses with scores above
various thresholds (s > 2~4), except the compara-
ble percentage with the self-cloning stage only for
s> 2. These results indicate that the inclusion of
prefix learning by reusing real doctors’ replies from
the training data is significant for generating more
coherent and contextually appropriate responses.

5 Conclusions and Discussion

In this paper, we propose PERT, which leverages
a prefix learning strategy to re-explore multi-turn
dialogue training data after the SFT training phase,
leading to further LLM performance improvement.
Our preliminary results show that PERT achieves
noticeable improvements on gynecological data.
Since our model is designed for deployment,
the performance of the medical LLM needs to be
continuously improved through iterative updates.
Once the existing data has been effectively utilized,
a key question is whether we can further explore
its potential for specific medical scenarios. This



paper presents a novel model-based approach to
achieving this objective. In fact, prefix learning is
often compared side by side with low-rank adap-
tation (LoRA) SFT (Van Sonsbeek et al., 2023) in
terms of model performance. However, we cascade
these two stages and adapt them to our multi-turn
interactive dialogue scenario to achieve further im-
provements.

In medical scenarios, the tolerance for hallu-
cinations is much stricter than in general con-
texts. During interactions with patients, responses
from a medical LLM must not contain blatantly
commonsense-violating errors. For example, if a
male patient is asked about menstruation, such an
error represents a critical red line that cannot be
crossed. A response like that could lead the patient
to entirely abandon the use of the online medical
consultation platform. However, such issues are
difficult to directly measure through standard per-
formance evaluation metrics (e.g. the rating scale
used in this paper). Since these issues are crucial
considerations in determining whether a medical
LLM is suitable for real-world deployment, we
plan to leverage reinforcement learning to address
these red-line issues.

There has recently been considerable research
on retrieval-augmented generation (RAG) to miti-
gate hallucination issues, such as GraphRAG (Edge
et al., 2024). However, building a precise and pro-
fessional knowledge graph in the medical field re-
quires a significant investment of time and effort
from medical professionals. This research direction
is currently also underway in our project.

Limitations

A limitation of our work is that we did not involve
medical specialists in rating the responses at this
point, since the scope of this preliminary study is
within our internal research team. We will con-
tinue to test PERT in other departments. Once its
effectiveness is demonstrated thoroughly, medical
professionals from the online consultation platform
will perform further evaluation.

Many medical LLMs used ChatGPT/GPT-4 se-
ries for scoring or included them for performance
comparison (Moor et al., 2023; Yang et al., 2024c;
Chen et al., 2023; Singhal et al., 2023). Unfor-
tunately, in compliance with our platform’s safe-
guarding medical data privacy policies, we are re-
stricted from accessing external API interfaces, in-
cluding ChatGPT/GPT-4 series.
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In this work, we focus only on the pure tex-
tual content rather than multi-modal dialogue data,
even though the appearance of images sent by pa-
tients to better illustrate their symptoms is common
in practice (Li et al., 2024b). Meanwhile, incor-
porating the paradigm of the conventional medi-
cal imaging diagnosis or screening tasks such as
our previous studies (Yang et al., 2021; Cao et al.,
2024, 2025; Tang et al., 2021; Yi et al., 2022) into
the LLM/VLM-powered multi-turn interactive dia-
logue setting still remains a challenging and ongo-
ing area of research.

Ethical Considerations

All personal data were anonymized to ensure par-
ticipant privacy. This study was reviewed and ap-
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A Appendix
A.1 Prompt Template

In this section, the complete prompt template for
the 5-point rating scale is provided. Since our data
source is in Chinese, the original language of this
prompt template is Chinese. We have translated it
into English.

You will act as an evaluator and rate the doctor’s next
response based on the dialogue history between the
patient and the doctor. Please provide a score from 1
to 5 according to the following scoring criteria.
VRAFPEDDIEAE B, ARYE M8 MR A 2 IR B0 3
s, WELER N —RESHEITITS . ERE
LUF PRorpriEss 1255 IS o
Scoring Criteria
PEo PRI
e 1 Point - Very Dissatisfied:

5 - EFHAHE:

- The response is completely irrelevant to the pa-
tient’s question or contains obvious errors;
[15 5 B KR E5E 2 70 R B BAR

- Lacks basic medical knowledge and common
sense, potentially misleading the patlent
R EARKETTFIRFE IR, ATRIRS R

- The response could negatively impact the pa-
tient’s health.

(5] 5 AT RES R 1 o A £ TR

e 2 Points - Dissatisfied:
253 - N

- The response is partially correct but contains
significant errors or omits key information;
EISERIIER, (S EAENREE TR
RIEE

- Fails to adequately address the patient’s concerns
and lacks depth;

REEFTHBREEFRE, RZIFE;

- Lacks professionalism and does not provide ef-

fective diagnosis or recommendations.

EISERZ T, RERMAFHEISHEGE

o
e 3 Points - Average:
o - —

- The response is generally correct but lacks de-
tailed explanations or supporting information;
EISEARIER, (BN RRE s

- The question is addressed, but the expression is
not entirely clear and could be improved;
%%H%Tl‘ﬂ%ﬂi HRIXNETEW, FEOAN=
Al

- The response is neutral, without major errors, but
also does not exceed expectations.
ESXEAY, BEARER, MixAEY
WERRIL -

e 4 Points - Satisfied:
- B

- The response is accurate and provides sufficient
information and explanations;

EIS e, RALT EHEAE SRR

- Considers the patient’s condition and offers per-
sonalized advice;

ZRTREORI, RA T MEILEELG

- Demonstrates professionalism and provides ef-
fective diagnosis or recommendations.

EIS I 7 'Av ik, SEmErx Bk iR R
CSER G EANE
e 5 Points - Very Satisfied:
5 - AEHHR

- The response is not only accurate but also ex-
ceeds patient expectations, offering in-depth
analysis and recommendations;

FIEACOER, mEBH T BEOHE, &
BETHRARI AR

- Demonstrates a high level of professional knowl-

edge and a deep understanding of the patient’s

condition;
JEIL T AP ML AR AT BB 1B LR
ZIFRAR

- The response is encouraging and instills confi-
dence and reassurance in the patient.

EESERNR, RS TEEFEOMZE -
Steps
G2
e Read the dialogue history between the patient and
the doctor;

158152 B AR 2 A 2 [R] B 7 58

Read the doctor’s next response;
PREAER T —RES;

Evaluate the response based on the scoring criteria;
ARIE PRI, X E S AT I

Assign a score.

s — 1D

Examples

ZN|
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e 1-Point Example: SR R . 7

1537451 - Online Doctor’s Response: “Persistent fatigue
- Patient: “My menstrual blood has been dark could be a sign of anemia or hypothyroidism.
brown for the past few months, and my period Have you noticed pale skin or changes in heart
lasts longer than usual.” rate? I recommend a complete blood count and
B WL LA A WA ZEE RS thyroid function tests.”
TR, THEER R T . FERBELERIS .  “RPEERIK 55 ] AE A ILE

- Online Doctor’s Response: “It might be due to FUR BRI REROE FIB 5L - IRE B FEERI &
fatigue. Just get some rest.” RS BB BRI AT FR
HELEERE. XARERKT5IEN, £ FRDREMI -

EBEF - > - Score: 4

- Score: 1 5 4
P4 1 - Reasoning: The response is accurate, offers ad-

- Reasoning: The response is overly simplistic vice, and asks relevant follow-up questions. The
and does not consider possible gynecological tone is proactive, though it does not provide spe-
conditions such as endometriosis or fibroids. It cific over-the-counter treatment options or fur-
also fails to ask about other symptoms or medical ther diagnostic guidance.
history. B FSER, REET —EE, iR
B ESETRE, EEEDFGERE THRRAEIR, BN, HiXEREEER
BHER, T ERRRESTEIVE, W FEALTT G 2R — B HIS T L -

&R 1 — ) o R EABAEIR B 5 e 5-Point Example:
e 2-Point Example: 554

253 7~ - Patient: “I recently noticed blood in my stool,

- Patient: “I’ve been feeling dizzy lately, espe- and I’m really worried.”
cially when I stand up.” B R, R
BE: R EARELE, JTHRE e 7
FEE SR RS fiE o - Online Doctor’s Response: “Blood in stool could

- Online Doctor’s Response: “It might be low be due to hemorrhoids, but it might also indicate
blood pressure. Drink more water and eat more more serious conditions such as colon polyps
salt.” or cancer. Do you have abdominal pain, weight
EEEERE:. “XARERKAE, £M5 loss, or changes in bowel habits? I strongly rec-
K, ZzEh. ommend scheduling a colonoscopy as soon as

- Score: 2 possible. In the meantime, I can provide guid-
P4 2 ance on how to prepare for the procedure.”

- Reasoning: The response does not inquire about FLREERE. “KEFIILAREESRE, 1
additional symptoms, such as fainting or blurred A RESE B E A, WsERS B N B IE -
vision, and lacks a recommendation for further REDEIER - AT N A E ) R Zs?
medical evaluation. It also does not provide per- KRR IETMAE G ERE, HESRF
sonalized advice. BHRIEB S KRR - [N, e
. ESERERREEOEMER, R MR B — LR TR SRR ERE
THERSA NN, MiFREETE— S
BRE, B PR - Score: 5

e 3-Point Example: W5 5

357~ - Reasoning: The response is thorough, profes-

- Patient: “I’ve been experiencing chest tightness, sional, and considers multiple potential causes.
especially at night.” It asks relevant follow-up questions, provides a
B, RS e, THEHELER clear action plan, and reassures the patient with
eo® expert guidance.

- Online Doctor’s Response: “Chest tightness }Eﬁﬂ E/Ejkﬁiiéﬁ ; ?%%T?ﬂﬂ@i%ﬁ(i
could be a heart issue or caused by anxiety. You T[] T*Eﬂéﬁiﬁiz I T EKE E/‘J"?ﬂfﬂlﬂ
should go to the hospital for further evaluation.” AR BE R ULRIRZIEAR, SR, B
FEREERSE. MR iR DR, 4 BT BEFOMEZRE -
FIRERBIBGIREM . BUUREERME—D
. Output Format

- Score: 3 A%

PFar: 3

Please print the evaluation score following the
format below, where x = {1, 2, 3,4, 5}:
TEHRIR DL EESRITEN T, IREOE RS0

- Reasoning: The response is correct but lacks
detailed explanations and does not ask about rel-
evant symptoms or medical history. However, it

at least suggests further medical evaluation. T, Hix={1,2,3,4,5}:
il [ESERERT R, JH R iR
BEREE OB s A AR, B2 Wi x

DEWTH—PRE .
e 4-Point Example:
457 745
- Patient: “I’ve been feeling constantly fatigued,
even after getting enough sleep.”

B WEAL SRR, BEHERTE
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