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Abstract

Medical consultations are intrinsically speech-
centric. However, most prior works focus on
long-text-based interactions, which are cumber-
some and patient-unfriendly. Recent advances
in speech language models (SpeechL.Ms) have
enabled more natural speech-based interaction,
yet the scarcity of medical speech data and the
inefficiency of directly fine-tuning on speech
data jointly hinder the adoption of SpeechLMs
in medical consultation. In this paper, we pro-
pose SpeechMedAssist, a SpeechL.M natively
capable of conducting speech-based multi-turn
interactions with patients. By exploiting the
architectural properties of SpeechL.Ms, we de-
couple the conventional one-stage training into
a two-stage paradigm consisting of (1) Knowl-
edge & Capability Injection via Text and (2)
Modality Re-alignment with Limited Speech
Data, thereby reducing the requirement for
medical speech data to only 10k synthesized
samples. To evaluate SpeechLMs for medical
consultation scenarios, we design a benchmark
comprising both single-turn question answer-
ing and multi-turn simulated interactions. Ex-
perimental results show that our model outper-
forms all baselines in both effectiveness and
robustness in most evaluation settings. '

1 Introduction

Large language models (LLMs) have demonstrated
remarkable capabilities in a wide range of vertical
domains due to their strong language understanding
and generation capabilities (Li et al., 2024a). In the
medical domain, benefitting from the abundance of
textual resources from online platforms and medi-
cal literature, LLMs are adapted for complex clini-
cal tasks including medical reasoning (Chen et al.,
2024a; Pan et al., 2025), patient triage (Zhang et al.,
2023b) and the generation of clinical reports (Zhou
et al., 2024) after supervised fine-tuning.
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Figure 1: An illustration highlighting the limitations of
text-based medical consultation, alongside the advan-
tages of speech-based medical consultation.

Despite their success in knowledge-intensive
tasks, LLM-based medical systems are ill-suited
for interactive medical consultation. As shown in
Figure 1, purely text-based interaction introduces
substantial accessibility barriers for elderly patients
and users with limited literacy or typing ability (Shi
et al., 2024). Some works (Huang et al., 2024) at-
tempt to extend text-based LLMs to speech-based
interaction through cascaded systems composed
of automatic speech recognition (ASR), an LLM,
and text-to-speech (TTS) modules (Huang et al.,
2024). However, such pipelines suffer from ac-
cumulated latency, ASR error propagation (Binici
et al., 2025), and loss of paralinguistic cues such
as cough, thereby undermining effective medical
consultation (Ji et al., 2024).

In contrast, end-to-end speech language models
(SpeechLLMs) provide a promising alternative by
natively supporting speech-based multi-turn inter-
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action (Adams et al., 2025; Cui et al., 2025). Nev-
ertheless, adapting SpeechLLMs to medical consul-
tation remains challenging: (1) Lack of Medical
Knowledge: existing SpeechLLMs are trained on
general-purpose data, lacking domain-specific med-
ical knowledge (Clusmann et al., 2023); (2) Lack
of Physician-level Clinical Skills: in real-world
medical consultations, professional clinical skills
are required including symptom understanding,
proactive inquiry, medical safety awareness, and
sensitivity to paralinguistic signals in multi-turn
interactions (Ng et al., 2024); (3) Scarcity of Med-
ical Speech Data: the scarcity of medical speech
data prevents direct fine-tuning of SpeechL.Ms
to acquire medical knowledge and clinical skills,
which is also inefficient (Banerjee et al., 2024).

To address the above challenges, we pro-
pose SpeechMedAssist, a SpeechLLM tailored for
speech-based multi-turn medical consultation. Mo-
tivated by the observation that SpeechLMs en-
code speech and text into a shared latent space,
enabling them to acquire knowledge and skills
from both text and speech modalities, we decou-
ple the original one-stage fine-tuning purely using
speech data into a two-stage paradigm: (1) Knowl-
edge&Capability Injection from abundant text
data and (2) Modality Re-alignment with limited
medical speech data. Specifically, in the first stage,
we freeze all speech-related modules of pretrained
SpeechLMs and focus on injecting medical knowl-
edge and consultation skills into the LLM core with
large-scale medical text data. In the second stage,
we unfreeze all modules and re-align the speech-
text modality disrupted in the first stage with a
small amount of medical speech dialogue data.

To support the proposed two-stage fine-tuning
paradigm and endow the model with both medical
knowledge and clinical consultation skills, we con-
struct two complementary datasets. For the first
stage, we construct TextMedDataset with 405k
samples following a dedicated pipeline, in which
lengthy medical text dialogues are rewritten into
structured multi-turn conversations aligned with
the clinical consultation workflow. For the second
stage, we construct SpeechMedDataset with 198k
samples by synthesizing the rewritten dialogues
into patient-tailored spoken conversations.

For evaluation, we design a comprehensive
benchmark SpeechMedBench comprising single-
turn Q&A, multi-turn consultation evaluations in
simulated clinical scenarios, and human evalua-
tion on a small-scale in-the-wild dataset. This

benchmark enables a systematic assessment of
medical knowledge and clinical consultation skills
from both objective and subjective perspectives,
on which our model shows consistently strong per-
formance. In addition, our model exhibits high
output speech quality, robustness to acoustic noise,
and strong retention of general-domain knowledge.
In particular, further analysis shows that effective
speech—text re-alignment can be achieved with a
relatively small amount of synthesized medical
speech data (10k samples in our setting). Our con-
tributions are summarized as follows:

* We develop a unified rewriting-and-synthesis
pipeline to construct TextMedDataset and
SpeechMedDataset, enabling scalable creation of
multi-turn medical speech dialogues.

* We propose SpeechMedAssist, a medical
SpeechLLM that introduces speech-based interac-
tion into the medical domain through an efficient
two-stage training strategy.

* We establish a comprehensive benchmark
SpeechMedBench, including single-turn Q&A,
multi-turn consultation in simulated scenarios,
and human evaluation in the wild.

2 Model Architecture

Most existing SpeechL.Ms (KimiTeam et al., 2025;
Fang et al., 2025a,b; Wu et al., 2025) adopt a speech
encoder—adaptor—-LLM core—decoder architecture.
They encode speech into continuous representa-
tions and map into a speech—text aligned latent
space via a speech adaptor, enabling the LLM to
process speech and text within a shared semantic
space. Intuitively, this architecture leverages the
fact that speech conveys both linguistic content and
paralinguistic cues to align speech with the exist-
ing semantic space of text (Ji et al., 2024), thereby
facilitating the transfer of text-based knowledge
and capabilities to the speech modality. Here, we
briefly introduce this architecture that we focus on.

2.1 Speech Encoder & Speech Adaptor

Unlike text input, which can be tokenized into dis-
crete tokens x;, speech input x; is a continuous
signal. SpeechLLMs first employ a speech encoder
& to encode the waveform x, € R”v into speech
features, which are then projected into the semantic
space of the LLM via a speech adaptor 4. Simi-
larly, text input x; is mapped into text embeddings
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Figure 2: An overview of our work. Data Constraction: we construct TextMedDataset by filtering and rewriting
collected medical text corpora, and build SpeechMedDataset by extracting patient information from dialogues and
synthesizing matched speech. Model Architecture: we focus on the encoder—adaptor-LLM-decoder architecture,
which supports text—speech dual-modal input and streaming output. Training Strategy: the first stage injects
knowledge&capability into LLM core using TextMedDataset, while the second stage achieves modality re-alignment
with a small amount of speech data from SpeechMedDataset.

via a tokenizer and embedding layer:

Zs = A(E(x,)) € RT=x4,

Z; = Emb(Tokenizer(x;)) € RT**4,

2.2 Large Language Model Core

To jointly process text instructions and speech in-
quiries, SpeechLLMs concatenate text embeddings
Z, and speech embeddings Z; and feed them into
a shared LLM core f to obtain the hidden states H
containing the information of response:

H = f([Z:,Z]) €

2.3 Speech Generator & Vocoder

RTh xd

Given H, the speech generator G maps them into
unit representations U, which are then converted
into waveform X by a speech vocoder fyo:

)A(s = fvoc(U)-

Since both text and speech are derived from H,
and some SpeechLMs additionally leverage syn-
chronously decoded text when generating unit to-
kens, the final outputs of speech and text exhibit
high consistency, as verified in our experiments.

U =G(H),

3 Training Strategy

In the architecture introduced above, the LLM core
acts as the “brain”, while the text tokenizer and
speech encoder correspond to “reading” and “listen-
ing” modules, respectively. Previous neuroscience
studies (Buchweitz et al., 2009) suggest that the

human brain encodes knowledge in a modality-
independent manner, which means that the knowl-
edge and capability acquired from text can also
be used in the speech modality. This observation
motivates a two-stage training strategy for adapting
SpeechLMs to medical consultation, as illustrated
in Figure 2. Specifically, instead of directly fine-
tuning on large-scale medical speech data, we first
inject medical knowledge and diagnostic capabili-
ties using large-scale text data, followed by modal-
ity re-alignment with a small amount of speech data.
Here, we present the training strategy in detail and
provide a preliminary theoretical analysis.

3.1 Inject Knowledge&Capability via Text

In the first stage, we freeze all speech-related mod-
ules of the SpeechLLM, including the speech en-
coder &, adaptor A, generator GG, and vocoder fyoc,
reducing the SpeechLM to its LLM core f and text-
related modules. Then, we train the LLM core with
a large scale of medical text data, which directly
updates the mapping f : [Z;] — H, thereby equip-
ping the LLM core with domain-specific medical
knowledge and diagnostic ability through a data-
driven manner. At this stage, the model is enhanced
purely in the text modality, while its speech-related
components remain unchanged.

3.2 Re-align Modalities with Limited Speech

The first stage is text-based training, similar to a
medical student learning a lot from books and exer-
cises, but knowing the material does not mean they
can speak it out in a real clinical setting. Therefore,
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the next challenge is to transfer these capabilities
effectively to the speech modality. We refer to the
domain adaptation theory and model this challenge
by relating the error on the speech domain (target)
to that on the text domain (source) and the diver-
gence between their embeddings.

Formally, let €,(f) and es(f) be the expected
errors of f on the text and speech domains, respec-
tively. The classical domain adaptation bound (Ben-
David et al., 2006) gives, for any f € H,

es(f) < e(f) + 3duan(De, Ds) + A,

where dy A3 measures the divergence between text
and speech modality in the aligned semantic space,
and A is the minimal combined risk. Since the
LLM core is well optimized in the text domain,
€:(f) is small, and the shared dialogue structure
between medical and general dialogue implies a
limited A\. Consequently, the bound suggests that
speech-domain performance is mainly governed
by the divergence term dyay. For pre-trained
SpeechLMs, text and speech modalities are already
well aligned, and as evidenced in Appendix C, text-
only training in Stage I induces only mild domain
shifts. As a result, only a small amount of speech
data is required to re-align the two modalities.
Concretely, Stage II consists of two parts: (a) un-
freezing the speech adaptor A and jointly training
it with the LLM core f on paired <speech input,
text response>data; (b) unfreezing only the speech
decoder G and training it on <speech input, speech
response>pairs to improve speech generation.

4 Data Construction

Existing medical corpora are dominated by text-
based single-turn question answering with fully
detailed patient inputs and lengthy physician re-
sponses, which deviates from real-world medical
consultations (Li et al., 2024b). To bridge this gap,
we construct a scalable data construction pipeline
that produces multi-turn medical dialogues aligned
with clinical workflow, presented in Figure 2.

4.1 TextMedDataset

Medical Knowledge To inject sufficient medical
knowledge into the LLM core, we collect three
single-turn question—answering datasets (Wang
et al., 2024, 2025b) detailed in Table 1 and rewrite
the responses into concise and clear answers using
Qwen2.5-32B-Instruct (Yang et al., 2024a). These
data span 49 clinical departments and cover com-
mon diseases and medication usage.

Dataset Description Used Size
Knowledge Injection

Multiple-choice questions in six categories 189k

CMB-Exam

Medical Encyclopedia  Single-turn Q&A on common diseases&medicines 41k

Medical Books Single-turn Q&A on general medical knowledge 40k
Di ic Capability

CMtMedQA Multi-turn consultations on medical knowledge 68k

MedDG Real multi-turn medical consultation dialogues 16k

HuatuoGPT2-SFT Questions from real patient, answers from GPT-4 48k

Safety Constraint
Harmful Questions with safe responses from GPT-4 450
Reference Audio Data
1,991 Mandarin speakers’ audio across accents 1000h
218 Mandarin speakers’ audio across accents 85h

MedSafety-GPT4

Aishell2
Aishell3

Table 1: Overview of datasets used to construct
TextMedDataset (405k) and SpeechMedDataset (198k).

Diagnostic Capability Beyond static knowledge,
real-world consultations workflow are character-
ized by gradual symptom disclosure, proactive
inquiry, multi-turn information refinement, and
evidence-based clinical decision-making (Roter
and Hall, 1987; Iversen et al., 2020). To model this
process, we collect both single- and multi-turn con-
sultation data (Yang et al., 2024b; Liu et al., 2022;
Wang et al., 2025b), filter incomplete or irrelevant
samples using Qwen2.5-14B-Instruct, and rewrite
the remaining data with Qwen2.5-72B-Instruct into
structured dialogues aligned with the consultation
workflow. This procedure converts lengthy single-
turn data into multi-turn consultations with an aver-
age of 6.58 turns, 36.4 characters per turn, and 3.3
follow-up questions per dialogue.

Safety Constraint Safety in medical LLMs
refers to avoiding the generation of harmful, mis-
leading, or overconfident medical advice. We en-
hance safety through both implicit and explicit su-
pervision. Specifically, the aforementioned ability
to proactively ask follow-up questions helps reduce
speculative or overconfident responses when infor-
mation is insufficient, while incorporating Med-
Safety training data (Han et al., 2024) improves the
model’s ability to appropriately refuse unsafe or
out-of-scope medical requests.

4.2 SpeechMedDataset

Most previous works (Zhao et al., 2024; Fang et al.,
2025b) randomly select a reference speech seg-
ment for synthesizing speech, ignoring speaker-
specific characteristics. In contrast, we consider
the patient’s age and gender, which are crucial in-
formation in medical consultations. Specifically,
we prompt Qwen2.5-14B-Instruct to analyze doc-
tor—patient dialogues and infer the patient’s likely
gender (male, female, or unknown) and age group
(child, young adult, adult, elderly, or unknown). To
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support robust reference selection, we construct a
1,000-hour speech—text paired pool from publicly
available ASR datasets Aishell2 and Aishell3 (Du
et al., 2018; Shi et al., 2020), covering approxi-
mately 2,000 Mandarin speakers with diverse re-
gional accents across China. During speech syn-
thesis, we select reference speech that matches
the patient attributes and generate speech using
CosyVoice2 (Du et al., 2024). When both age and
gender are unknown, we instead synthesize speech
using FishSpeech (Liao et al., 2024) with its ran-
domly sampled timbres. Following this procedure,
we obtain SpeechMedDataset, a multi-turn spoken
medical dialogue dataset containing 198k samples.

5 Experiments

Our initial research goal is to efficiently and effec-
tively fine-tune a SpeechLLM for medical consul-
tation. Therefore, in this section, we comprehen-
sively evaluate the model after the two-stage train-
ing from both objective and subjective perspectives,
by comparing it with medical domain models and
other general-purpose models, and further validate
the effectiveness of our training methodology.

5.1 Experimental Setup

Model Configuration Our training method is
applicable to all SpeechLMs that adopt the en-
coder—adaptor—LLM—decoder architecture. In our
experiments, we choose LLaMA-Omni2-7B (Fang
et al., 2025b) as the base model. To further ver-
ify the generality of the proposed training strategy,
we also employ OpenS2S (Wang et al., 2025a) as
an alternative base model, with the corresponding
evaluation results reported in the Section 5.6.

Training Details In the first stage, we fine-tune
the LLM core of LLaMA-Omni2 on TextMed-
Dataset following Section 3.1 with a batch size
of 8 and learning rate 5 x 107°. In the second
stage, we train the model on SpeechMedDataset
as in Section 3.2, using batch size 1 and learning
rate 1 x 1075, To ensure proper alignment between
speech and text modalities and dynamically correct
the medical knowledge possessed by the model dur-
ing training, we incorporate the single-turn Q&A
data from TextMedDataset, with the final training
data maintaining 1:1 between speech and text.

Baselines Our evaluation covers the following
categories of models. (1) ASR+LLMs+TTS: Vari-
ous LLMs have been fine-tuned with medical cor-

pus for text-based interaction, including DISC-
MedLLM (Bao et al., 2023), Zhongjing (Yang et al.,
2024b), Baichuan2 (Yang et al., 2023), and Hu-
atuoGPT2 (Chen et al., 2023). We enable them to
listen and speak by adopting an ASR+LLM+TTS
pipeline, using SenseVoiceSmall> for ASR and
CosyVoice2? for TTS. (2) SpeechLMs: As de-
tailed in Appendix A, SpeechLMs fall into two
architectures. We select GLM4-Voice (Zeng
et al., 2024) to represent the first, while the
second includes Kimi-Audio (KimiTeam et al.,
2025), SpeechGPT2 (Open-Moss, 2025), Qwen2-
Audio (Chu et al.,, 2024), and StepAudio2-
mini (Wu et al., 2025). (3) OmniLMs: We also
include the latest multi-modal models, including
Qwen2.5-Omni (Xu et al., 2025), BaichuanOmni-
1.5 (Li et al., 2025), and MiniCPM-o0 2.6 (Yao
et al., 2024). We also consider multi-modal medi-
cal model ShizhenGPT-Omni (Chen et al., 2025),
which takes multi-modal input and generates text.

5.2 Evaluation

To evaluate our model and compare it with base-
lines, we construct SpeechMedBench and evaluate
mainly four dimensions: medical knowledge, diag-
nostic capability, robustness, and speech quality.

Single-turn Q&A To assess models’ medical
knowledge across text and speech modalities, we
use evaluation sets of two medical multiple-choice
datasets, CMB (Wang et al., 2024) and CME (Liu
et al., 2023), along with medical encyclopedia
Q&A pairs randomly sampled from the Huatuo2-
pretrain dataset (referred to as Ency), which cover
a wide range of medical terminology without over-
lapping with the training data. We also adopt Med-
SafetyBench (referred to as Safety) (Han et al.,
2024) to evaluate the medical safety of models,
with scores ranging from 1 to 5.

Multi-turn Conversation Speech-based interac-
tion requires strong conversational ability, while
medical consultation further demands proactive pa-
tient engagement. To reflect real-world practice,
we construct a virtual medical consultation environ-
ment comprising an LLM-driven patient, a chief ex-
aminer, and an intern doctor powered by the model
under evaluation. The patient, conditioned on real
doctor—patient dialogues from MedDG (Liu et al.,
2022) or real patient cases from AIHospital (Fan

Zhttps://github.com/FunAudioLLM/Sense Voice
3https://github.com/FunAudioLLM/Cosy Voice
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Model Type  Model Single-turn Q&A Multi-turn Conversation Wild
CMBT CME1T Encyt Safety] MedDG?T AlHospital? Resp.Len. Conv.Num. Vote T
HuatuoGPT2"* 60.39 69.16 63.45 2.18 79.25 80.70 242.44 3.62 20
LLMsHASR DISC-MedLLM* 36.16 35.10 63.41 1.76 80.66 79.55 200.05 3.74 7
+TTS  Zhongjing* - - 54.63 2.16 79.56 77.90 116.65 4.68 1
Baichuan2-7B* 46.48 50.66 58.37 1.94 70.58 72.50 187.98 4.18 6
Kimi-Audio - - 63.53 1.64 82.01 80.81 132.02 3.85 0
Qwen2-Audio 44.73 48.02 49.48 1.78 78.18 79.81 162.73 4.27 6
GLM4-Voice 35.14 37.15 54.43 1.82 80.81 80.43 108.20 3.97 12
SpeechLMs
SpeechGPT2 35.57 35.57 56.65 2.48 82.36 80.28 114.28 3.54 5
StepAudio2-mini 72.42 74.30 61.26 2.04 76.90 77.53 178.12 391 2
LLaMA-Omni2 73.43 56.98 39.82 1.96 73.18 76.33 61.82 4.37 0
Qwen2.5-Omni 76.83 75.33 58.12 1.72 76.46 76.53 252.89 3.32 1
OmniLMs BaichuanOmni-1.5*  64.15 70.48 62.16 1.90 80.28 80.63 148.60 3.80 5
MiniCPM-o 2.6 21.68 16.01 46.45 2.08 76.53 78.60 153.17 3.95 0
ShizhenGPT-Omni*  74.58 71.95 53.72 2.18 76.06 76.51 1066.20 3.12 5
Ours SpeechMedAssist 77.96 75.48 61.02 1.32 83.26 83.40 51.36 4.62 26

Table 2: Evaluation results of various models on Single-turn QA, Multi-turn conversation, and Wild metrics. ‘-’

indicates that the metric is not available for that model.

Cx

means that the training data of the model includes

medical data. Bold and underline indicate the highest and second highest performance, respectively.

@) (b)
Active Symptom Active

Understanding Inquiry Understanding Inquiry

Diagnostic  Dialogue|
*| Reasoning  Quality

Treatment

Treatment
reatment Advice Validity

Orality rality
Advice Validity Appropriaieness Appropriateness

Figure 3: Comparison of our model with other models
on multi-dimensions of multi-turn conversations met-
rics (a) MedDG and (b) AIHospital. Apart from a few
dimensions that favor long-text responses, our model
exhibits strong diagnostic capabilities.

et al., 2025), engages in multi-turn consultation
with the intern doctor and terminates the dialogue
once sufficient diagnostic and treatment advice is
obtained. The intern doctor has no access to pa-
tient information and must elicit all relevant details
through interaction. Finally, a chief examiner pow-
ered by Qwen2.5-72B acting as an LLM-based
judge (Zheng et al., 2023) evaluates dialogues from
six perspectives, as detailed in Appendix I.

Wild To provide an intuitive comparison of
model performance in real-world settings, we col-
lect 20 sets of patient questions recorded in real
clinical environments. Unlike synthesized speech
in simulated setting, these real-world recordings
contain significant background noise and disorga-
nized speech. After obtaining each model’s single-
turn responses, we invite five medical professionals
to vote on each set, selecting the response that most

Patient simulator: Qwen2.5-72B, Judge: GPT-40

SMA vs. HuatuoGPT2 53.0 60 410
SMA vs. ShizhenGPT 838 162
SMA vs. GLM4-Voice 53.0 137 33

SMA vs. BaichuanOmni-1.5 564 51 385

SMA vs. StepAudio2Mini 624 68 308

) 50 100
Win Rate (%)

Patient simulator: DeepSeek-V3.1-685B, Judge: GPT-40

SMA vs. HuatuoGPT2 547 7.7 376
SMA vs. ShizhenGPT 855 128
SMA vs. GLM4-Voice 462 188 350

SMA vs. BaichuanOmni-1.5 419 137 385

SMA vs. StepAudio2Mini 624 137 239

0 ) ) 50 100
Win Rate (%)

Figure 4: Win rates of our model against strong base-
lines, using Qwen2.5-72B and DeepSeek-V3.1-685B as
patient simulators and GPT-4o as the judge. Our model
achieves higher win rates in all settings.

closely resembles what a real doctor would provide.
We have released the real patient queries together
with the responses from all models.

Speech Quality We evaluate speech response
quality from three aspects: (1) UTMOS mea-
sures speech naturalness using a MOS prediction
model (Saeki et al., 2022); (2) ASR-CER evaluates
text—speech consistency by transcribing the gener-
ated speech with an ASR model and computing the
character error rate against the target text; and (3)
Latency is the time from the start of speech input
to the generation of the first speech chunk.

5.3 Main Results

Table 2 reports the evaluation results of LLMs,
SpeechLLMs, OmnilLMs, and our model on single-
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Figure 5: (a): Comparison of the performance between the model trained in Stage II and the model trained from
scratch on speech data, for single-turn Q&A and multi-turn conversation evaluations across training steps. To ensure

the reliability of our conclusions, we compute the variance at step 5k and 97k. (b): Comparison of conv score
variations across training steps, where models are trained with different amounts of speech data. Remarkably, using

only 10k audio samples yields performance close to that of a model trained with 198k samples.

turn Q&A, multi-turn conversation, and wild tasks.
All metrics in the table are assessed through speech-
based interaction, except for CMB and CME only
in text form. Results of the text-based evaluation
are provided in the Appendix D. On most metrics,
our model achieves the best performance.

Medical Knowledge Mastery and Safety Assur-
ance Text-based evaluations on CMB and CME
show that our model outperforms both general-
purpose and medical domain models, indicating
effective medical knowledge acquisition in Stage I
and stable preservation after Stage II. For speech-
based Ency and Safety metrics, our model achieves
competitive or superior performance, demonstrat-
ing accurate recognition of domain-specific medi-
cal terminology and strong medical safety perfor-
mance. Meanwhile, our model retains its general-
domain knowledge in both text and speech modali-
ties after training, as detailed in the Appendix B.

Medical Consultation Skills Competency As
shown in Table 2, in two different background set-
tings, our model consistently achieves the best per-
formance while generating concise responses and
maintaining a moderate number of turns, which
aligns better with real-world medical consultations.
These results are robust to judge-model bias, as
shown in Section 5.7. To intuitively compare
models’ capabilities, we visualize the performance
across six dimensions in Figure 4. Overall, our
model achieves superior results on most metrics. In
particular, ShizhenGPT produces responses nearly
20 times longer than ours, which boosts its scores
in reasoning and understanding of symptoms, but
significantly reduces efficiency and interactivity.

Model Ency? Safety| MedDGT  AlHospitalt
Backbone 39.82 1.96 73.18 76.33
+ Stage | 44171435 1.56,0.40 7281 0.37 70.68 5 .65
+Stage 1I 61.02“1 20 1'32l["‘)‘ 83.261](] 08 83.40+7.07
Audio Only 5560“ 12 1.82“;,;() 7901l 1.25 30.21;’,.]«,

Table 3: Evaluation results comparing different training
stages and the audio-only setting.

In addition, we conduct pairwise comparisons
between our model and several top-performing
baselines. Specifically, we use Qwen2.5-72B and
DeepSeek-V3.1 (DeepSeek-Al, 2024) separately
as patient simulators, and compute the win rates
by employing GPT-40 (OpenAl, 2024) as judge to
assess each paired consultation with the prompt de-
tailed in Appendix J. As shown in the Figure 4, our
model consistently outperforms other baselines. To
improve the reliability of our evaluation, we further
conduct human evaluation in real-world settings.
As shown in the Wild metrics, our model receives
the most votes from medical professionals, high-
lighting its fidelity to actual clinical consultations.

5.4 Effectiveness & Efficiency

Our two-stage training strategy shifts the injection
of knowledge and skill from speech to text modal-
ity, allowing only a small amount of speech data for
modality re-alignment in Stage II. Here we further
analyze the training effectiveness & efficiency.

Effectiveness of Two-Stage Training We con-
duct an ablation study to assess each training stage
and compare our two-stage strategy with one-stage
audio-only training. As shown in Table 3, injecting
knowledge and skills via text in Stage I slightly im-
proves medical terminology recognition and safety,
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Noise Robustness

Model Cough
Noise=0 Noise=0.2  Noise=0.6
Zhongjing+ASR+TTS  54.63 5349114 5095368 0.0%
QwenZ—Audi0+TTS 49.48 46.34¢3,14 43‘85¢5,33 10.2%
ShizhenGPT+TTS 53.72 52'27U .45 49'20L4~52 16.2%
GLM4-Voice 5443  53.6010.83 48.256.18 8.5%
BaichuanOmni-1.5 62.16 59.15¢3,01 5534&6.82 5.9%
LLaMA-Omni2 39.82  3047,9.35 29.78,10.04 1.7%
SMA-Stage II-10k 58.14 55821232 51.7916.35 48.7%
SMA—Stage 11-198k 61.02 58.99¢2,03 58467¢2,35 57.2%

Table 4: Robustness under different noise levels and
coughing perception. Our model exhibits strong noise
robustness while effectively capturing cough cues.

but degrades multi-turn conversation performance,
likely due to disruption of the shared text—speech
latent space. Importantly, modality re-alignment in
Stage II effectively restores and further improves
performance, proving its necessity as analyzed in
Section 3.2. In contrast, audio-only training con-
sistently underperforms, highlighting both the diffi-
culty and inefficiency of acquiring medical knowl-
edge directly from the speech modality.

Speech Data Demand of Modality Re-alignment
Since Stage I already endows the LLM core with
medical knowledge and diagnostic skills, as proved
in Appendix D, Stage II focuses on aligning speech
and text modalities using limited speech data. As
shown in Figure 5a, speech-related performance in-
creases sharply within the first 0-5k training steps,
with growth rates 91 x and 43 x higher than those
in later steps for Ency and AIHospital score, respec-
tively. This indicates that modality re-alignment
occurs primarily in this early phase, where knowl-
edge and skills learned from text rapidly transfers
to speech modality. In contrast, directly training on
speech data leads to substantially slower improve-
ments. We further vary the amount of speech data
used in Stage II, as shown in Figure 5b. Insuffi-
cient data leads to overfitting, while gains saturate
beyond 10k samples. Overall, these results sug-
gest that approximately 10k speech samples are
sufficient for effective modality re-alignment.

5.5 Speech Input Capability &Output Quality

Noise Robustness Real-world medical consulta-
tions involve diverse acoustic challenges. To eval-
uate noise robustness, we additively superimpose
noise samples from MS-SNSD (Reddy et al., 2019)
(e.g., babble) onto the original speech in the single-
turn setting, and quantify the noise intensity using
CER. As the noise level increases from 0 to 0.2

Model Input Output UTMOS1T ASR-CER| Latency |
Zhongjing i) 3.96 6.77 3520ms
Qwen2-Audio 0, &b [ci) 3.96 11.83 4072ms
Kimi-Audio 0,0 O, b 2.55 4.94 3134ms”
GLM4-Voice g, O, 3.00 153 1562ms
SpeechGPT2 g, O, 2.49 153 8470ms”
LLaMA-Omni2 9, @@ b, &b 3.69 8.06 374ms
SpeechMedAssist 0, & @, @b 3.5 7.71 367ms

Table 5: Input/output capabilities and output speech
qualities of different models. ‘*’ indicates that stream-
ing generation is not supported in the official code.

and 0.6, the CER rises from 9.77% to 10.20% and
12.19%, respectively. As shown in Table 4, al-
though all models degrade under stronger noise,
our model consistently maintains performance and
remains competitive even at the highest noise level.

Cough Awareness To explore our model’s ca-
pacity to perceive paralinguistic cues, we design
experiments focusing on coughing, a clinically rel-
evant signal. We insert cough segments into user
speech and evaluate whether models can detect and
leverage them, detailed in Appendix E. Results in
Table 4 show that cascaded models fail to capture
coughing, whereas our model perceives it in most
cases and uses it for reasoning or proactive inquiry.

Speech Output Quality Beyond diagnostic ca-
pability, medical consultation also requires low-
latency interaction and fidelity to speech. Ta-
ble 5 compares cascaded models, general-purpose
SpeechLLMs, and our model in terms of speech
quality. Cascaded models achieve higher UTMOS
and lower ASR-CER by using state-of-the-art TTS
module, but suffer from higher latency. Overall, our
model supports both text&speech input and stream-
ing output, achieving TTS-level speech quality and
competitive latency compared to other SpeechLMs.

5.6 Further Verification on More Models

To evaluate the generality of our training strat-
egy, we further conduct experiments on the
OpenS2S (Wang et al., 2025a) model. As shown in
the Table 6, both LLaMA-Omni2 and OpenS2S ex-
hibit substantial performance gains across multiple
evaluation metrics after training, providing strong
evidence for the effectiveness and robustness of
our training strategy. OpenS2S attains performance
comparable to a model trained on 198k samples
while using only 10k samples in the second stage,
providing further evidence that roughly 10k data
are sufficient for effective modality re-alignment.
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Model Ency? Safety] MedDGT AlHospital
OpenS2S 52.69 2.20 74.25 69.85

+ Stage II-10k 55.82 1.32 82.05 78.50

+ Stage II-198k  56.56 1.38 82.48 79.51
LLaMA-Omni2 39.82 1.96 73.18 76.33

+ Stage I1-10k 58.14 1.12 81.81 81.16

+ Stage I1-198k  61.02 1.32 83.26 83.40

Table 6: Performance comparison of different models
across multiple benchmarks. 1 indicates higher is better,
while | indicates lower is better.

5.7 Using Different Models as Judges

In Table 2, we use Qwen2.5-72B-Instruct as the
judge model in the multi-turn conversation evalu-
ation. To mitigate potential bias introduced by a
fixed judge, we further conduct evaluations using
LLaMA3-70B-Instruct and DeepSeek-V3.1-685B
as alternative judges. Figure 6 presents the evalua-
tion results as a bar chart. When DeepSeek serves
as the judge, all models receive relatively lower
scores, indicating that it is stricter than the other
two evaluation models. This stricter criterion also
amplifies the performance gaps between models.
Despite this, our model consistently outperforms
all other baselines across different judges.

AlHospital Score
2
2

Judge: Qwen2.5-72B Judge: LLaMA3-70B Judge: DeepSeek-V3.1

Figure 6: Bar chart of scores obtained using three dif-
ferent models as judges in multi-turn conversation eval-
uation. Our model consistently performs the best.

6 Conclusion

In this work, we propose SpeechMedAssist, a medi-
cal SpeechLLM that supports real-time speech-based
medical consultation. To address the scarcity of
medical speech data, we propose an efficient two-
stage training approach, design a pipeline for con-
structing medical speech dialogue data, and estab-
lish a comprehensive benchmark, which further
demonstrates the effectiveness and efficiency of
our method. Overall, this work provides a refer-
ence for applying SpeechLLMs in vertical domains
that lack large-scale speech data, and paves the way
for deploying SpeechLMs in vertical applications.

Limitations

Medical consultations rely on multimodal informa-
tion to support accurate diagnosis. In this work,
we focus on text and speech as the input and out-
put modalities, leaving the integration of additional
modalities for future work.

Although our study focuses on Mandarin, the
reference audio spans diverse accent regions, and
random timbre sampling with FishSpeech is used to
enhance generalization. Extending our framework
to additional languages and dialects remains an
important direction for future research.

Ethical Considerations

Most of the original data used in this paper are
publicly available, as summarized in Table 1.
These data are used in compliance with their open-
source licenses and have undergone appropriate
anonymization, ensuring compliance with data pro-
tection principles such as those outlined in the Gen-
eral Data Protection Regulation. Similar to ex-
isting text-based medical LLMs, our model may
inevitably suffer from issues such as hallucina-
tion. Therefore, the model should only be used
under professional supervision and practical de-
ployment requires additional safeguards, including
input quality verification (e.g., ASR-based valida-
tion) and systematic review of model outputs.
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A Related Work

Medical Consultation As LLMs’ understanding
and generation capabilities have improved, many
studies have explored their applications in the med-
ical domain (Li et al., 2024a; Liu et al., 2024).
Some works leverage LLMs as tools for tasks such
as generating electronic medical records (Giorgi
etal.,2023; Zhou et al., 2024), documenting patient
progress (Singh et al., 2023), and providing intel-
ligent triage (Bao et al., 2024), while others focus
on delivering patient-oriented medical consultation
services. Early efforts (Bao et al., 2023; Zhang
et al., 2023b; Chen et al., 2023, 2025) primarily
offered simple single-turn or multi-turn Q&A func-
tionalities. More recent approaches (Yang et al.,
2024b; Li et al., 2024b) aim to equip models with
the ability to proactively ask follow-up questions,
addressing the common issue that patients’ symp-
tom descriptions are often vague or incomplete in
real-world scenarios (Ding et al., 2025). Never-
theless, existing medical LL.Ms remain text-based,
which limits their access to paralinguistic cues and
restricts their applicability across diverse patient
groups (Liu et al., 2024; Adams et al., 2025).

Speech Language Models Existing SpeechLMs
can be broadly categorized into two types. The
first discretizes speech into token sequences and
extends the LLM vocabulary to jointly model
speech and text, which typically requires large-
scale speech data and training from scratch (Zhang
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Figure 7: Average cosine similarity between the text
input embeddings of the original model and those of the
model at the first training step.

et al., 2023a, 2024; Zeng et al., 2024). The sec-
ond encodes speech into continuous features and
maps them into a speech—text aligned latent space
via a speech adaptor, allowing an LLM to pro-
cess speech and text within a shared semantic
space (KimiTeam et al., 2025; Fang et al., 2025a,b;
Wu et al., 2025). Although SpeechLMs have been
developing rapidly, to the best of our knowledge,
they have not yet been applied in medical domain.

B Knowledge Retention Ability

Since our training pipeline is based exclusively
on medical-domain data, it may risk degrading the
general-purpose knowledge of the model. To assess
this, we evaluate general-domain knowledge reten-
tion using MMLU (Hendrycks et al., 2021) for text
reasoning and VoiceBench (Chen et al., 2024b) for
speech understanding, presented in Table 4. Com-
pared with the base model LLaMA-Omni2, our
model preserves or improves performance on most
QA tasks, with only minor declines on a few. No-
tably, performance on AdcBench improves substan-
tially, suggesting enhanced safety. Overall, these
indicate minimal impact on general-domain knowl-
edge and no evidence of catastrophic forgetting.

VoiceBench

Model MMLU
BBH AdvBench CEval OpenBookQA
Zhongjing+ASR+TTS  48.83 79.80 2.01 28.35 32.81
Qwen2-Audio 54.70 96.73 3.43 49.45 51.38
ShizhenGPT 46.51 53.46 1.28 37.80 66.36
GLM4-Voice 52.80 88.08 342 53.41 45.12
BaichuanOmni-1.5 62.70 97.31 4.05 74.51 66.25
Backbone 27.13 59.80 3.12 58.13 67.48
SMA-Stage II-10k 55.81 79.80 2.03 59.80 69.49
SMA-Stage 11-198k 58.14 82.69 2.05 60.66 69.94

Table 7: General-domain knowledge retention across
speech-based benchmarks and text-based benchmark.

(b) Changes of Text Input Embeddings in Stage 2
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Figure 8: Average cosine similarity between the text
input embeddings of the original model and those of the
model at the second training step.

C Text Embedding changes in the
training process

Since medical consultation is a subset of dialog
tasks, and general-purpose speech LLMs are al-
ready trained on large-scale text and speech dialogs,
further training on medical text dialogs minimally
alters the text embedding space. To illustrate this,
we compute the cosine similarity between the text
input embeddings of the original model and those
of the model at each training step for two subsets
of input texts: medical-related (in-domain) and
medical-unrelated (out-of-domain). The results are
shown in Figure 7 and Figure 8, with the first il-
lustrating changes during Stage I and the second
illustrating Stage II. As training progresses, the co-
sine similarity gradually decreases but remains very
high, indicating that the text input domain under-
goes only minor changes while the model acquires
medical knowledge and diagnostic capabilities.

D The Results of Text-based Multi-turn
Conversation Evaluation

Table 2 reports the performance of different mod-
els in speech-based multi-turn dialogues. In ad-
dition, Table 8 and Table 9 present the results of
text-based multi-turn dialogue evaluations under
the MedDG and AlHospital patient settings, respec-
tively. As shown in the tables, our model consis-
tently achieves superior performance compared to
other models. Notably, after Stage Il training with
speech—text re-alignment, the model’s text-based
performance remains nearly unchanged, demon-
strating that the Stage II training does not compro-
mise its textual capabilities. The six fine-grained
criteria are denoted as SU, Al, DR, TAV, DQ, and
OA, corresponding to Symptom Understanding,
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Model SU Al DR TV DQ OA Avg

Model SU Al DR TV DQ OA Avg

Medical LLMs

Medical LLMs

HuatuoGPT2 794 757 797 773 848 739 781
DISC-MedLLM 801 8.03 7.33 7.69 846 798 792

HuatuoGPT2 857 7.07 815 793 883 792 8.08
DISC-MedLLM 844 720 785 7.65 879 825 7.86

Zhongjing 756 680 722 793 776 861 7.65 Zhongjing 809 625 756 799 827 874 7.65
ShizhenGPT 862 696 832 740 817 649 7.66 ShizhenGPT 879 730 850 750 826 6.62 7.83
SpeechL.Ms SpeechLLMs

Qwen2-Audio 7.67 715 720 795 801 794 7.66
GLM4-Voice 775 777 7.2 814 558 884 720
SpeechGPT2 797 872 7.05 807 887 9.07 829
LLaMA-Omni2  7.53 6.85 7.28 854 817 895 7.89

Qwen2-Audio 828 650 7.83 808 859 838 7.78
GLM4-Voice 812 675 7.80 828 880 886 793
SpeechGPT2 815 691 7.67 823 892 921 818
LLaMA-Omni2 8.08 6.28 795 864 880 9.15 7.99

Ours

Ours

SMA-Stage 1 795 801 745 847 858 9.08 826
SMA-Stage II 8.03 8.02 751 853 867 915 832

SMA-Stage I 849 755 829 854 9.01 941 855
SMA-Stage 1T 844 757 821 858 896 952 855

Table 8: Evaluation results of various models on text-
based multi-turn conversation using real-world patient-
doctor conversations as background from MedDG
dataset.

Active Inquiry, Diagnostic Reasoning, Treatment
Advice Validity, Dialogue Quality, and Orality Ap-
propriateness, respectively, which are detailed in
Appendix I. The overall performance is reported as
average score (Avg.) across all metrics.

E Training and Evaluation Details of
Cough Awareness Ability

To examine whether our model can perceive par-
alinguistic information, we focus on cough, a com-
mon clinical symptom. We first construct a cough-
aware training set as follows. Doctor—patient di-
alogues related to cough are extracted from a
dataset (Chen et al., 2020) and filtered according to
the procedure in Section 4.1. For each patient utter-
ance, a <cough> placeholder is randomly inserted
at a selected position, and the dialogue is rewritten
to better reflect spoken interaction. Importantly,
we ensure that no explicit cough-related symptom
descriptions appear before the placeholder, so that
cough information is conveyed only through the
paralinguistic signal. The rewritten dialogues are
then synthesized into spoken doctor—patient con-
versations following the pipeline described in Sec-
tion 4.2. For each placeholder, a cough sound ran-
domly sampled from SoundDr (Hoang et al., 2022)
is inserted. This process results in approximately
2k dialogue samples, which are used for second-
stage training.

To evaluate the model’s ability to capture cough
information during interaction, we conduct multi-
turn dialogue tests in which a cough audio clip
randomly selected from CoughVid (Orlandic et al.,

Table 9: Evaluation results of various models on text-
based multi-turn conversation using patient info as back-
ground from AIHospital dataset.

2021) is inserted into the conversation. The model
responses are manually reviewed and categorized
to determine whether the model correctly perceives
the patient’s cough and produces appropriate anal-
ysis or follow-up questions. Based on this anno-
tation, we compute the proportion of test cases
in which the model successfully identifies the pa-
tient’s cough.

Category Accuracy Correct / Total
Sighs 94.15 563 /598
Coughs 93.14 5571598
Sneezes 93.31 558/598
Sniffs 93.16 558 /599
Throat clearing 90.15 540/599

Table 10: Recognition accuracy of different paralinguis-
tic vocal signals on the evaluation set.

F Supporting More Vocal Signals

Coughing is one of the most common and diagnos-
tically informative cues in real-world clinical sce-
narios. Therefore, we construct a dedicated cough
dataset and explicitly train the model to perceive
and utilize cough-related information in Stage II.
Furthermore, to demonstrate the scalability of our
data construction pipeline and training strategy,
we extend our approach to a broader set of par-
alinguistic signals, including sighs, throat clearing,
sneezes, and sniffs, using the VocalSound dataset
(21,024 crowd-sourced recordings from 3,365 sub-
jects) (Gong et al., 2022). The experimental results
show that our model achieves consistently high
recognition accuracy across these categories, vali-
dating the generalizability of our method to diverse
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Model Ency T MedSafety | AIHospital 1
FunASR-Nano + CosyVoice3
Zhongjing 53.49 2.08 77.96
DISC-MedLLM  64.60 1.76 79.10
HuatuoGPT?2 65.39 2.32 79.85
Baichuan2 61.01 1.86 72.38
MultiMedWhisper + Cosy Voice3
Zhongjing 40.68 2.18 66.41
DISC-MedLLM  47.56 1.74 75.93
HuatuoGPT2 46.29 2.12 77.25
Baichuan2 42.59 1.84 68.01
Ours
SMA 61.02 1.32 83.40

Table 11: Comparison of different ASR and TTS con-
figurations on speech-based medical dialogue tasks.

nonverbal vocal cues. Through further training,
the model can use the recognized paralinguistic
information to assist in diagnosis.

G Robustness to ASR & TTS Variations

To investigate whether stronger ASR and TTS
models can narrow the performance gap, we
augment our experiments with more recent sys-
tems, including FunASR-Nano (An et al., 2025)
and CosyVoice3 (Du et al., 2025), as well as
the medical-domain ASR model MultiMedWhis-
per (Le-Duc et al., 2025). As shown in Table 11,
improved ASR quality generally leads to better
downstream performance, especially on the Ency
benchmark that emphasizes medical terminology.
However, despite these gains, cascaded systems
still lag behind in safety and diagnostic capability.
In contrast, our method achieves competitive re-
sults on Ency while consistently outperforming all
baselines on MedSafety and AIHospital, demon-
strating its robustness beyond reliance on upstream
ASR/TTS improvements.

H Case Study

To intuitively understand the differences in re-
sponses from different models, we present several
speech-based interaction cases between different
models and the same patient in the Appendix H.1.
And we also present cases in which our model re-
ceives relatively lower scores on MedSafetyBench
in Appendix H.2 as a reference for safety analysis.

H.1 Conversation cases of different models

We present example interactions in which different
models act as doctors and engage with the same
virtual patient, whose profile is drawn from the
AlHospital dataset. All interactions are conducted
in Chinese speech. We further apply ASR and
translation to provide bilingual text transcripts.

It can be observed that ShizhenGPT and Hu-
atuoGPT?2 often produce verbose responses with
fewer turns, containing many non-pronounceable
characters that hinder speech-based interaction
with TTS module. SpeechGPT interacts more natu-
rally in a speech scenario but lacks medical knowl-
edge, resulting in uninformative responses. In con-
trast, our model assesses the patient’s condition,
asks for more details, and provides professional
diagnostic and treatment recommendations.

§-% SpeechMedAssist @%
@
B4, RERBRFISRT, REEAALdh, RAA. PRAKFTLHANASG, SAAZREZDF?
Doctor, it's been 15 days since I gave birth, and I'm still having some bleeding, but no pain. The ultrasound said there’s
something in my uterus. Can you tell me what this means? B
In this case, it might be some tissue left in the uterus, like placenta or fetal tissue. Can you tell me if the bleeding is heavy?
Do you have any other discomfort? &5 Symptom Analysis |\ Guided Questioning

REARATRATTLAAGY, RoBAREBILOAR. RESHRELTSRID? ARAXRTE?

Doctor, the bleeding isn’t much, kind of like a period, just a bit dark in color. I don’t have other discomfort, I'm just a

Ed, haR$, tEAALTH, REH L. BAXRTFRGRT, HAH 2
little worried.

THRT, IRBARGLERME—FE, AAXRRTFEAAAGY. D RAKE, TRELATAR. &
TSk EAa#, kK L — T @ Treatment Advice
Tunderstand. I’s better to go to the hospital for further check-up to see if there’s any retained tissue in the uterus. If there is, a
uterine cleaning may be needed. You should go to gynecology and let the doctor evaluate your condition.

J

FIoil ARAEAEZARE

Okay, doctor. I'll go to gynecology tomorrow. If I need a cleaning, I'll follow the doctor’s advice. And, I've been feeling a

6y, B, RAVRKZLAAA. P REZKET, REFELGEN. EH, RAREAHRLEEA LR,
bit tired lately, I wonder if it’s because of this.

RETRARASREERLY, LTRERR, EEKE, SLELRORY, bbbl RE, TAGAH
EECHAR, WHMKBA. o RAFHSE, LASFEL @ Detailed Advice
‘The tiredness might be because your body is still recovering, o it could be anemia. Make sure to rest and cat more iron-rich
foods, like red meat and spinach, and also fruits with vitamin C to help absorb iron. If the firedness continues, remember to
tell your doctor.

J

Okay, doctor. I'll take care to rest and cat more iron-rich food. If the tiredness continues, I'll let the doctor know. Thank

6, B4, REBEHRE, SLEMKORY. o RRFHE, RESFEL, Ml
you for your advice.

A6, HREFARL o RAEMTIRF, EHKARL
Alright. T hope you recover soon. If you have any questions, contact your doctor anytime.

Figure 9: Dialogue between SpeechMedAssist as a con-
sultation assistant and a virtual patient.

H.2 Poor cases in MedSafetyBench

In MedSafetyBench, an LLM-as-a-judge approach
is used to score the model’s responses on a scale
from 1 to 5, with 1 representing the highest safety.
Among the test results, we identified five cases that
received a score of 2, and we selected two exam-
ples to illustrate in the Figure 13. In both cases,
the model made no fundamental errors; rather, the
slightly lower scores were due to the absence of ex-
plicit refusals or direct responses, which prevented
the model from achieving the top score. These ex-
amples indicate that our model is safe and reliable,
capable of handling most potentially dangerous
inquiries effectively.
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ShizhenGPT 8

Ex, RERHTFE
&,

BISRT, 2 RREERA Lhide, AT A ERUT AL, LTFTLEAANR
AT RN B THET A2

Doctor, it's been 15 days since I gave birth, but I'm still having some bleeding. There’s no stomach pain. I had an
ultrasound yesterday, and it showed something inside my uterus. Could it be that the placenta hasn’t come out
completely?

-
ARBES MR, FBISRUA B BHRRTTENAFF

W, HE&SETAFRYREHERE. ATE
\o\n—\o\n### . THEEHRE\nl. =RA/MERAB™ \n - RFALF SR
HRAZ—, HRRI ‘FERREL TRAKBOBEARISRAR. XBHETRT TS, F84
Hdih. \n - MR e B SetS (TR « SEEA (RERRA) o \n\n2 = FTLERE
* \n - FEAREFUBELAPIRS, Yohbadhfe. \n - ThERa, SEXHEKFREA L.
\n\n3. *ERER \n - BAFEE, TREAKA HPRk. THRERFER, FHooEi.

TR 6 A AT Rk

&

HuatuoGPT2 ‘g]

K4, l’.iiﬂi?iﬂlakr 2 REEAN S, AAAM. FRMTAHR, LFTLRANRS, &
ES ¢ 9 4

Doctor, it's been 15 days since I gave birth, but I'm still having some bleeding, without pain. Yesterday I had an
ultrasound, and it showed something inside my uterus. Could it be placenta that hasn’t come out completely? Is this
serious?

,-.'ﬁ*‘}. FABEEMALS . fElaXEFGLENS,

— MR B — M ks, A2 RAR LA ) EA i s,
WHEIE S, ETRADTFEABREILR L HA A G EARFRE A, \o\ndo R B 1o & 2 7F
FRA R, TRAKNSEGEERR XA RRYR. SRR KRR LR, THREIKER, RETRS
HFTUBAR, Yoh g R9E Lo \n\nd FEAWR, EFFRBATHETFA, LALFBRFTAGRH. &
A=W FR, —RELRIK B IETRAT, FREEZMN—LREXAAG SR \n\nf2k, Sk
ﬂ?,:??ﬁtiﬁt*ﬂ%!&ﬂ&“ik%#&:tﬂ’]lld&‘ll&. Jo REAAEMTRIE, vedodh. BAFRER, Ly
WE. Pt RERIFOMAZLE, BRERES), SLERFTORY, AYTHKHEL \n\ Wt

\n\nd. HRLAEEF* \o - FREEEY, LAAERNGLE. BAKFHLAEFH. \o\o—\n\n### = 4 z

A A A a3 I LR LB \n A S A A, EAATEE: \n D rad ABLARATHILLR, BREKUES, —RRAAIRRRALE KV, BLLEE Gzt

(EATRLIEE) \n M=oz GERafd) \n [ *HCGEM™ (RS FmER) X 5 c

\n 4 <BiEsmmEA (S R) \,,\“Z CRPRMEE A \n - I A B A THE A AL E First of all, congratulations on your delivery. Postpartum bleeding is normal and usually lasts about a week, but if it
TR

BEFFRET TS, BAES
\n

, BRR \n - P BAGYRXIE LTS, TREZTF
- oeep e TR A ,ém{t%%‘?ﬁ (o Afeimd) , 2 FAELEFFRMA: \n\n—
\n\n### *© B ESFRAA\L AR BLFA> \n - kba¥ REPRALE) « HE (%4/
Bi/BE) « AFShk. \n - FHRAKE, S, 2H) (RakEAR) , FLBikid. \n\n2 =8 e
AEFH™ \n - KL, BRREDIAE, REFTRL. \o\n3 *REFE™ \n - FBRAFHSIMN,
BHRD AP, AR \n\n—\n\n#H# m, ‘?’Eﬁl}]ﬂgﬁﬁ“\nr”fﬁi” \n K HaRS L (F
Ard)  wEERH GERAR) o \n-oRAEEEC: \n REZ. ZPARR, F0EED, MnEE
AR \n- HHRE \n BEEA FHREY, THARMEREFTH (R, K)o \n\n—
\n\n### & e \ni‘%:ﬂﬁﬂ:ﬂﬂ&‘fﬁ-ﬁf L, ﬁﬁié!ﬁfﬁ‘ﬂ‘ﬁ&ﬁiﬂ%ﬁ% Sl 24/ 0 A B E B
BRERFH R ISR E. REF AR

Based on your description, having bleeding 15 days postpartum along with an ultrasound showing something abnormal in
the uterus needs to be taken seriously and checked right away. Here are some possible causes and suggestions:1. Possible

causesRetained placenta/membranesOne of the most common causes of postpartum bleeding. What the ultrasound

showed might be retained placental tissue or decidual tissue. This can interfere with uterine contraction and cause

ongoing bleeding Possible symptoms: irregular bleeding (sometimes with clots), mild abdominal pain (though you

haven’t mentioned it).Subinvolution of the uterusThe uterus hasn’t contracted and retumed to its pre-pregnancy state,

affecting its ability to stop bleeding.May be related to anemia, infection, or hormonal imbalance.Puerperal infectionIf
infection is present, symptoms may include fever, foul-smelling discharge, or lower abdominal tendemess, which need
further examination. Coagulation disordersRare but should be considered, especially if you had pregnancy complications
like hypertension or diabetes.2. What needs to be done urgentlySee a doctor as soon as possibleGo to the
obstetrics/gynecology department for the following tests: 21 Blood test (to check for anemia or infection) [ Coagulation
profile (to rule out clotting problems) £ HCG test (to rule out gestational trophoblastic disease)Z Vaginal secretion
culture (to check for infection)Targeted treatmentMedications: Doctors may prescribe oxytocin, motherwort, o other
drugs to help uterine contraction; antibiotics if infection is present.Uterine evacuation (D&C): If retained tissue is
significant or bleeding is heavy, surgical removal may be necessary.Traditional Chinese medicine: May use blood-
activating herbal formulas (e.g., modified Shenghua Decoction) but only under a doctor's guidance.3. Daily
precautionsMoniitor bleedingKeep track of amount (e.g., number of pads used), color (bright red/dark red/brown), and
presence of clots.If you experience dizziness, palpitations, o fatigue (signs of worsening anemia), seck medical help right
away.Avoid strenuous activityRest well, avoid lifting heavy objects or standing too long to support uterine
recovery.Maintain hygieneWash the perineal area daily with warm water, change pads frequently, prevent infection.4.

TCM supportive careDiet therapy:Astragalus and Angelica stewed with black chicken (to tonify qi and blood); red bean
and coix seed porridge (to strengthen the spleen, drain dampness).Acupoint massage:Zusanli (ST36), Sanyinjiao (SP6),
massage 5 minutes daily to improve blood circulation. Avoid:Cold, spicy food; and don’t take blood-activating herbs (e.g.,
safflower, peach kemel) without guidance SummaryBleeding more than 2 weeks postpartum is abnormal. Retained
placenta and infection need to be ruled out first. Please go to the hospital’s gynecology department within 24 hours for

Rkt

|__proper diagnosis and treatment to avoid worsening aneia or infection. Wishing you a spedy recovery!

continues longer, it needs attention. It may be due to incomplete recovery of the uterine lining or retained placental tissuc.If
the ultrasound shows something inside the uterus, it could be retained placental fragments or other material. If not treated in
time, this could cause infection or poor uterine contraction, affecting recovery.In such cases, a uterine evacuation (D&C) is
often needed to remove what's inside. It's a relatively simple procedure, usually done under anesthesia, and antibiotics are
given afterward to prevent infection. The exact treatment, however, depends on your individual condition and your doctor’s
advice. If you have symptoms like fever or abdominal pain, you should seek care immediately. At the same time, keep good
personal hygiene, avoid strenuous activity, and eat nutritious food to support recovery.In short, while this situation needs
attention, with timely treatment it usually doesn’t have a big impact on health. I hope this helps—wishing you a smooth
recovery.

after

B,
Doctor, I understand. Do I need more tests,
T surger

KNG T MEAFEAM—LEED? Hdo b FWKA RMH? EH, FRARMELERS A
ike blood work or others? Also, how long would 1 need to stay in the hospital

A, ARTHE & R AT B 6B AT 1R 09 AR R T R R B T 06k i T, VAR89 5
HREHFREEFA, AARMTHRORE, dos WEIAIXE. \0ETFFRGHEENIN, LI TFRE L
RN FREIE N —RAK, HTREHRERARBEE K, AMEEET AT LN EGH LA, A
B, HTRAMRMBE L. K, do RAR I ST A A A AR, AT A% S LKL PES ST o \nikiT
By ARG, AT 400 6 2 A 00 SR, AR T IR T 64569 L.

ikely need more tests to evaluate your health and the surgical risk. This may include blood tests, to make surc
your body i ready, and possibly an ECG or chest X-ray.As for hospital stay, it depends on how complex the procedure is and
how you recover. Usually, after a D&C, you may stay in the hospital for one or two days so doctors can monitor you. Afier
that, you can go home to continue recovery. If recovery is slower or complications occur, you may need to stay longer.Since
everyone’s situation is unique, its best to discuss directly with your doctor so they can give you the most suitable advice.

nfused

one

ol
LR:G., RAET. BRWRRFMLLEE. DREEFA, RETMBHER FABE—HRAXLFIMA.
iﬂ %

Doctor, | understand. 'll g for those tests tomorrow. If surgery is needed, I'll follow your advice. Staying in the hospital

or two days should be fine. Thank you.

75%.' A BRI L, HFAEFANE— WA o RARAT AT A P KT, HRITRA . RIRAFE!

You're very welcome! I hope you can rest well and that everything goes smoothly before and after surgery. If you have any

other questions or concemns, feel free to reach out. Best of luck! &

Figure 12: Dialogue between HuatuoGPT?2 as a consul-
tation assistant and a virtual patient.

EA, R RENGT. RRERZTRSHUNLLE. wRESSRERAHLAM, REAKEEG,
HHfE 4!

Doctor, I understand everything you said. I'll go to the obstetrics and gynecology department now for those tests. If the
results show any problems, I'll contact you again. Thank you, doctor!

Figure 10: Dialogue between ShizhenGPT as a consul-
tation assistant and a virtual patient.
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Doctor, it’s been 15 days since I gave birth. P'm still having some bleeding, but no pain. I had an ultrasound today, and 3. ROR RS BAEAA RO REAN
they said there’s something in my uterus. Could it be that it hasn’t come out completely? Ts this serious? s
TP At T AR Y 1, BASAATAERS SR AREIOER. RERARMRNS
- reneanan, ARAA LA AESeA T
ARR LI, TRARLAE, Rk, REHRIKLACIULLED. GAH, SLREFAAS, 27— o
kﬁ»{kf]!ﬁ LT 4‘2‘# AHAHA K. Rk, EARUEEERAEE, ELASMHRIAS =
R M : 8k 4 P @@ Unclear o
From what you said, it might be some tissue left inside, but often the body can absorb it on its own. You see, the ultrasound e i Toemodd

shows something, but it's not always a big problem. If there’s no heavy bleeding or pain, usually it’s not serious. But stil, T
suggest you go back to the hospital for another check. By the way, have you been paying attention to rest and diet?
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Ex, &iimkﬂ&?»!#
B mR

Doctor, I've been resting at home these days, and eating pretty well. I'm just worried about this thing in my uterus. Will it
affect recovery? How should it be treated?

&, EREETA. #AFARCEANTTLaGEE,

X

L R SATRETARE
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. MESARTAATAALASLRERY, LHRLFTY.
FransskLan
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ek e shoed et cveyons oy, b of e ol i,

SARAREREAFRANR L,J
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( WRERKEAE MR, JA76). ETHATTENAS, DRELAAAY, TRAEEELR—R h
o, FHEAHESHCARXERE. 2R —ARH Kk, AHFARERR, RFRLERAA. GARASE
5] S AL AT IR R TR (2 Lack of medical evid

It's good that you've been resting and eating well. As for that thing in the uterus, if the doctor says it's retained tissue, they
may suggest observing for a while. Sometimes the body can take care of it by iiself. If it doesn’t go away or you develop
\_ other symptoms, then you'll need to go back to the hospital. Have you noticed any other discomfort?

o bt
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Ed, REARGTAR, RS RLH S SHH&"F*&W LAR? FHoL A 2002

Doctor, I don’t feel any other discomfort, just sometimes a bit worried. So what should I do next? Do I need to take
medicine or do anything else?

 aun

SERG LG - -
@ATERAR: AR AIRALTUARK, LRLAREATELEALSBIHFH (1. ¢
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KREmE s
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(BAAA IR AR, MALTI RIS, —RAR, R RAF0 L% TRk, TR SR, 2Rk, )
MAF R, EFH%, RAESRAELGEN, HACHob, ZRAEARE, RHFERLE, 47, s
A A & &
Since you don’t have other discomfort, you don’t need to worry too much for now. Generally, just keep healthy habits. Drink
more water, cat light, and don’t get too fired. As for medicine, it’s better to follow the doctors advice and not take anything
\___on your own. If you feel unwell, go back to the hospital for a check. By the way, do you usually do any exercise?

Sk, WR—RHA. ZRAHLFR

P
(50 REHERART AHGFK, RAARERZITAP KTATITHkin, ST —AERE
fEmnL ARIXTRERIARLAENRRRLRL. ANREAN LORRIRISR, B20
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&
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o MART RIS EZHE,

Doctor, I don’ tleally exercise, just some light chores at home. So I'll pay more attention to resting, drink more water, and
observe for a while. If anything feels wrong, I'll go back to the hospital. Thank you. doctor.

( xs%, BRI T . SH L,

g it o e stge of bk sty

ing. e
activites, ke walkmg but nolhmg too heavy And .fyou notice anything wmng, g0 to the hospital right away. You see,
sometimes in life it’s also important to relax, right?

Figure 13: Two examples with relatively low scores
in MedSafetyBench. Although the score did not reach
the optimal value of 1, our model’s responses did not
exhibit any explicit malicious or harmful content.

Figure 11: Dialogue between SpeechGPT2 as a consul-
tation assistant and a virtual patient.
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I Definition of Six Dimensions for
Multi-Turn Dialogue Evaluation

We formulate the evaluation metrics based on pub-
licly available medical guidelines and physicians’
ethical standards, which are further refined and vali-
dated by five licensed physicians, to assess doctors’
mastery of professional knowledge and dialogue
skills from multiple perspectives.

Symptom Understanding and Extraction (Symp-
tom Understanding) Evaluates the model’s abil-
ity to accurately comprehend patient-reported
symptoms and respond appropriately. When symp-
tom information is moderate, the model’s disease
guesses should be relevant; when symptom infor-
mation is sparse, follow-up questions should focus
on extracting clinically relevant details.

Active Inquiry Assesses whether the model asks
necessary, logical follow-up questions when it can-
not make an initial disease guess. Questions should
help clarify key symptoms and guide toward a cor-
rect diagnosis. Absence of inquiry results in lower
scores.

Diagnostic Reasoning Measures the rationality
of the diagnostic process. The model should pro-
vide preliminary disease analysis or guesses based
on available symptoms, refine them through dia-
logue if needed, and ensure the final diagnosis or
treatment advice aligns with known symptoms. For
potentially severe conditions, urgent referral advice
is appropriate. Deep medical explanations are not
required for speech-based dialogue.

Treatment Advice Appropriateness and Con-
ciseness (Treatment Advice Validity) Evaluates
whether treatment and medication recommenda-
tions are clinically safe, evidence-based, and ap-
propriate given the available information. Advice
should be brief, clear, and easily understood, avoid-
ing unnecessary complexity. Correctness of medi-
cation suggestions is critical.

Dialogue Structure and Communication Quality
(Dialogue Quality) Assesses clarity, coherence,
and naturalness of the conversation. Responses
should be concise, conversational, and follow a
logical sequence toward diagnosis. Emotional sup-
port may be provided when appropriate. Repetitive
patient feedback is ignored during scoring.

Suitability for Speech-Based Interaction (Oral-
ity Appropriateness) Focuses on whether the

model’s replies are natural, easy to understand, and
fit oral communication norms. Responses should
avoid unpronounceable symbols, multiple-point
listings, and be of reasonable length for a single
turn (e.g., approximately 100 words).

J Prompt

We provide here nearly all essential prompts used
for both data construction and evaluation. More de-
tailed prompt specifications are publicly released in
the corresponding configuration files of our GitHub
repository.

Prompt template of SpeechMedAssist

<|im_start|>system

You are SpeechMedAssist, a medical dialogue assistant
capable of processing both speech and text questions from
patients, and generating speech and text. You can commu-
nicate with patients, provide analysis of their condition,
ask about more information if the condition is not clear,
and offer final medical consultation advice when informa-
tion is sufficient.

<|im_start|>user

<text instruction><speech context>
<|im_start|>assistant

Prompt template for rewriting the original data into a text

dialogue that fits the characteristics of voice communica-
tion

Original data: {raw data}

Now, you need to rewrite the above multi-turn medical
conversation between the patient and the doctor into a
version more suitable for speech dialogue.

Please pay attention to the following requirements:

1. Conversational and natural style: Avoid formal
written expressions like “firstly” or “secondly”; use
expressions that sound natural in everyday speech.

2. Concise content: Keep the dialogue short while
preserving essential information. Each turn should ideally
be within 100 words.

3. Pronunciation-friendly: Remove non-pronounceable
content, such as Markdown symbols, brackets, line breaks,
or list markers.

4. Retain valid medical information: Delete redundant
content, keeping the diagnostic logic and core advice clear.

5. Appropriate adjustments: You may add or reduce
turns if needed. Always remove thank-you or farewell
phrases. Ensure the last turn is from the doctor.

6. Doctor role: The doctor is played by a medical
dialogue assistant and should not suggest specific
treatments or tests, only advise what to check at the
hospital.

7. No non-verbal content: Do not include image
observations, table entries, or anything that cannot be
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conveyed through voice.

8. Simulate real interaction rhythm: The patient briefly
describes their condition first; the doctor analyzes and asks
about more symptoms; the patient responds gradually;
the doctor finally gives a diagnosis and comprehensive
advice.

9. Number of dialogue turns: Recommended 4-8 turns
(i.e., 816 lines) to ensure the content is sufficient but not
verbose.

Please rewrite the conversation according to the above
standards into a voice-friendly version, with one line
per turn, and stop output after completion. Format:

Patient: xxx
Doctor: xxx
Patient: xxx
Doctor: xxx

Prompt template for filtering text dialogue data

Conversation: {conversation}

You are a professional and rigorous medical data review
expert. Please read the above medical dialogue between
the doctor and the patient, and determine whether this con-
versation is suitable for constructing high-quality medical
speech dialogue training data.

Please strictly follow the criteria below and review each
item individually. The conversation should only be re-
tained if all criteria are met:

1. The medical content is accurate, consistent with clinical
knowledge, and does not contain any incorrect or mislead-
ing advice;

2. The patient’s statements are clear, specific, sufficient,
and complete. They should not be too brief or fragmented,
and must convey a well-defined health problem or con-
cern;

3. The doctor’s responses are targeted, relevant to the
patient’s problem, and provide reasonable advice or judg-
ment;

4. The dialogue structure is complete, with good question-
and-answer logic, natural information flow, and no obvious
jumps, interruptions, or missing key information;

5. The content is healthy, safe, and compliant. It must not
contain any illegal, discriminatory, sexual, violent, insult-
ing, or otherwise inappropriate expressions;

6. The dialogue content is suitable to be rewritten as a
multi-turn conversation, i.e., the patient describes symp-
toms and answers the doctor’s questions, while the doctor
analyzes the condition and asks follow-up questions;

7. The conversation must not include actions that cannot
be performed in a voice dialogue, such as uploading im-
ages, viewing pictures, filling out forms, clicking links,
sending location, etc.

Please strictly base your judgment on the above 7 cri-
teria, with a focus on the patient’s statements, and
determine whether this conversation is suitable to be
retained for constructing a multi-turn medical dialogue
dataset.

Directly output the judgment result in the format: [Re-
tain: Yes/No].

. J

Prompt template for getting the basic info of the patient

Conversation: {conversation}

You are an expert in medical dialogue analysis. Based on
the above doctor—patient conversation and considering the
symptoms, wording, and descriptions mentioned by the
patient, infer the patient’s gender and age group.

Please follow the following reasoning logic for your infer-
ence: 1. If information related to female-specific condi-
tions (such as menstruation, pregnancy, gynecology, etc.)
is mentioned, the gender should be “Female”. 2. If is-
sues specific to males (such as prostate, testicles, etc.) are
mentioned, the gender should be “Male”. 3. If the symp-
toms suggest an age-related context (such as puberty, age
spots, osteoporosis, etc.), infer the age group accordingly.
4. If there is insufficient information, cautiously choose
“Unknown”.

Gender options: [Male, Female, Unknown]; Age group
options: [Adolescent, Young Adult, Adult, Elderly, Un-
known].

Please strictly follow the format below:

Gender: <Male/Female/Unknown>
Age Group:
Adult/Adult/Elderly/Unknown>

€ J

<Adolescent/Young

Prompt template for generating the patient’s initial condi-

tion description using the real patient-doctor dialogue in
MedDG dataset

Original real conversation:
{base_info}

The above is the complete real conversation between a
patient and a doctor.

Now you will role-play as the patient, starting a
new interaction with the doctor based on the original
conversation.

Your task: Generate an initial description of the patient’s
condition (you may include a question), following these
rules:

Output Rules
1. Word Limit
- The description must be within 50 words.

2. Information Control

- Only reveal partial information about the condition, not
all symptoms or details at once.

- Must include the most basic medical information (e.g.,
main symptom or duration).

- Leave room for the doctor to ask follow-up questions.

3. Optional Question
- You may include a brief question for the doctor.
- If no question is asked, simply end the description.

4. Output Requirement
- Only output the patient’s opening statement, without any
explanations, reasoning, or system prompts.

Prompt template for generating the patient’s reply using

the real patient-doctor dialogue in MedDG dataset

Original real conversation: {base_info}

The above is the complete real conversation between a
patient and a doctor.
Now you will role-play as this patient, continuing the
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conversation based on the original dialogue.

Below is your conversation history with the doctor:
{history_conv_text}

Note: The last line of the conversation history is the
doctor’s most recent reply, which may include:

- Analysis of your condition

- Follow-up questions

- Preliminary treatment suggestions

- Clear diagnostic conclusions

Your Task

Based on the original conversation and conversation
history, immediately generate the patient’s next reply,
following these rules:

1. Prioritize answering the doctor’s questions

- If the doctor asked something, you must provide an
accurate, direct answer based on basic information.

- Avoid evasive or vague answers.

2. Optional supplementation

- You may add new symptoms or feelings not mentioned
before.

- You may ask questions if unclear.

- Keep it concise and clear.

3. No repetition

- Do not repeat symptoms or information already
mentioned in the conversation history.

- Do not repeat thanks to the doctor.

4. Word limit
- The reply must be within 100 words.

5. Ending condition

- If the conversation history already covers all important
details from the original conversation,

or the doctor has clearly analyzed your symptoms, given a
diagnosis and treatment suggestions,

or both sides have started expressing thanks,

then only output: <end of conversation> (do not say
anything else).

Output requirement

- Only output the patient’s reply. Do not add explanations,
and do not repeat the patient’s historical replies.

- Do not output any system prompt, reasoning process, or
other explanations.

-
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2. Information Control

- Only reveal partial information about your condition,
not all symptoms or details at once.

- Must include the most basic consultation information
(e.g., main symptom or duration).

- Leave other important details for the doctor to ask later.

3. Optional Question
- You may add a short question for the doctor.
- If you don’t ask a question, simply end the description.

4. Output Requirement
- Only output the patient’s opening statement. Do not
include any explanations, reasoning, or system prompts.

Prompt template for generating the patient’s initial con-
dition description using the real patient information in

AlHospital dataset

You are a patient.
{base_info}

Here is your basic information:

Now, using this information as background, you will
begin a new conversation with the doctor.

Your task: Generate an opening description of your
condition (optionally with a question), following these
rules:

Output Rules
1. Word Limit
- The description must be within 100 words.

€

Prompt template for generating the patient’s reply using

the real patient information in AIHospital dataset

You are a patient.
{base_info}

Here is your basic information:

Continue the conversation with the doctor using this
information as background.

Below is your conversation history with the doctor:
{history_conv_text}

Note: The last line of the conversation history is the
doctor’s most recent reply, which may include:

- Analysis of your condition

- Follow-up questions

- Preliminary treatment suggestions

- Clear diagnostic conclusions

Reply Rules

1. Prioritize answering the doctor’s questions

- If the doctor asked something, you must provide an
accurate, direct answer based on the basic information.

- Do not evade or give vague answers.

2. Optional supplementation

- You may add new symptoms or feelings not previously
mentioned.

- You may ask the doctor questions if you have doubts.

- Keep the reply concise and clear.

3. No repetition

- Do not repeat symptoms or information already
mentioned in the conversation history.

- Do not repeat thanks to the doctor.

4. Word limit
- The reply must be within 100 words.

5. Ending condition

- If the conversation history already covers all important
information from the original dialogue,

or the doctor has clearly analyzed your symptoms and
given a diagnosis/treatment,

or if thanks have already been exchanged,

then only output: <end of conversation> (do not say
anything else).

Output Requirement - Only output the patient’s reply,
without explanations, and do not repeat the patient’s
historical replies.

- Do not output any system prompts, reasoning, or other
explanations.

J

30933



\

Prompt template for evaluating a doctor’s capabilities

across six dimensions in multi-turn medical consultation
dialogues

You are a senior clinical medical expert.

Your task is to objectively and rigorously evaluate the
performance of the intern doctor based on the multi-turn
consultation between the patient and the intern doctor.

A consistent evaluation standard must be maintained to
avoid bias due to personal preferences.

Scoring Principles

- Each dimension is scored out of 10, with 0 meaning com-
pletely unsatisfactory and 10 meaning fully satisfactory,
increasing in increments of 1.

- The context of the conversation is daily life, and the
evaluation should reflect this conversational background.

Evaluation Dimensions and Criteria

1. Symptom Understanding and Extraction

- Able to correctly understand the symptoms provided
by the patient, and responses are related to the patient’s
symptoms

- When the known symptoms are moderately sufficient,
any disease hypothesis should be relevant to the symptoms
- When symptoms are insufficient, any follow-up questions
should be related to the known symptoms

2. Proactive Questioning

- When an initial disease hypothesis cannot be made,
whether necessary questions are asked about the core
symptoms

- Follow-up questions should be logical and conducive to
reaching a diagnosis

- Points are deducted if no questions are asked

3. Diagnostic Process Rationality

- Able to provide an initial analysis or diagnostic
hypothesis based on existing symptoms

- It is acceptable to give a tentative hypothesis first and
correct it through further dialogue

- The final diagnosis or treatment advice should be
consistent with the patient’s reported symptoms

- Diagnosis is based on spoken dialogue; in-depth analysis
is not required

- If the condition may be critical, advise the patient to seek
medical attention promptly

4. Treatment Advice Rationality and Conciseness

- Advice should comply with evidence-based medicine
and clinical safety guidelines

- When information is sufficient and the cause is basically
clear, treatment and medication advice should be given

- Check whether any medication advice is correct

- Treatment advice should be concise and easy to
understand, not overly long or complicated

5. Dialogue Structure and Communication Quality

- The communication process should be clear and logically
coherent

- Wording should be simple and easy to understand;
responses should not be mechanical, but in line with daily
communication

- Dialogue should proceed in a question-and-answer
format, efficient and step-by-step, leading to a diagnosis
- Provide emotional reassurance when necessary to reduce
patient anxiety

- If the patient repeats the same information or expresses

gratitude multiple times, this can be ignored as a recording
error

6. Consistency with Spoken Dialogue Characteristics
- Tone should be natural and easy to understand, consistent
with spoken language habits

- Should not contain unpronounceable punctuation, and
should not list multiple points

- Length of each response should be appropriate for
spoken daily communication (e.g., about 100 words)

The following is the dialogue between the patient and the
intern doctor:
{dialogue}

Task Requirement

Please evaluate the dialogue strictly based on the
above standards. Each evaluation dimension should
be independent, without adding extra assumptions or
irrelevant information.

Ensure the evaluation reasons are concise, clear, and
based on the facts of the dialogue. Different interns may
provide answers of varying length, but length itself should
not influence the score.

Please strictly follow the output format below:
<Symptom Understanding and Extraction>: X/10 -
Reason

<Proactive Questioning>: X/10 - Reason

<Diagnostic Process Rationality>: X/10 - Reason
<Treatment Advice Rationality and Conciseness>: X/10 -
Reason

<Dialogue Structure and Communication Quality>: X/10 -
Reason

<Consistency with Spoken Dialogue Characteristics>:
X/10 - Reason

~

Prompt template for comprehensively evaluating which
of two doctors performs better across six dimensions in

multi-turn medical consultation dialogues

You are a senior clinical medical expert.

Your task is to objectively and rigorously evaluate the
performance of the intern doctor based on the multi-turn
consultation between the patient and the intern doctor.

A consistent evaluation standard must be maintained to
avoid bias due to personal preferences.

Scoring Principles

- Each dimension is scored out of 10, with 0 meaning com-
pletely unsatisfactory and 10 meaning fully satisfactory,
increasing in increments of 1.

- The context of the conversation is daily life, and the
evaluation should reflect this conversational background.

Evaluation Dimensions and Criteria

1. Symptom Understanding and Extraction

- Able to correctly understand the symptoms provided
by the patient, and responses are related to the patient’s
symptoms

- When the known symptoms are moderately sufficient,
any disease hypothesis should be relevant to the symptoms
- When symptoms are insufficient, any follow-up questions
should be related to the known symptoms

2. Proactive Questioning
J - When an initial disease hypothesis cannot be made,

\
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whether necessary questions are asked about the core
symptoms

- Follow-up questions should be logical and conducive to
reaching a diagnosis

- Points are deducted if no questions are asked

3. Diagnostic Process Rationality

- Able to provide an initial analysis or diagnostic
hypothesis based on existing symptoms

- It is acceptable to give a tentative hypothesis first and
correct it through further dialogue

- The final diagnosis or treatment advice should be
consistent with the patient’s reported symptoms

- Diagnosis is based on spoken dialogue; in-depth analysis
is not required

- If the condition may be critical, advise the patient to seek
medical attention promptly

4. Treatment Advice Rationality and Conciseness

- Advice should comply with evidence-based medicine
and clinical safety guidelines

- When information is sufficient and the cause is basically
clear, treatment and medication advice should be given

- Check whether any medication advice is correct

- Treatment advice should be concise and easy to
understand, not overly long or complicated

5. Dialogue Structure and Communication Quality

- The communication process should be clear and logically
coherent

- Wording should be simple and easy to understand;
responses should not be mechanical, but in line with daily
communication

- Dialogue should proceed in a question-and-answer
format, efficient and step-by-step, leading to a diagnosis
- Provide emotional reassurance when necessary to reduce
patient anxiety

- If the patient repeats the same information or expresses
gratitude multiple times, this can be ignored as a recording
error

6. Consistency with Spoken Dialogue Characteristics
- Tone should be natural and easy to understand, consistent
with spoken language habits

- Should not contain unpronounceable punctuation, and
should not list multiple points

- Length of each response should be appropriate for
spoken daily communication (e.g., about 100 words)

Here are dialogues between the same patient and two dif-
ferent intern doctors:

Dialogue A

{dialogue_a}

Dialogue B
{dialogue_b}

Requirements - Compare A and B item by item along
the six evaluation dimensions mentioned above. - In addi-
tion to the evaluation dimensions, ensure that the dialogue
characteristics closely match real-world doctor—patient
interactions, being concise and efficient. - After con-
sidering all dimensions comprehensively, make a clear
judgment: A is better / B is better / Tie. Output only the
final result, without any reasons or analysis.

Output Format

<Overall Conclusion>: [A is better / B is better / Tie]
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