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Abstract

Recent advances in speech large language mod-
els (e.g., GPT-4o) have enabled end-to-end spo-
ken interactions, yet their robustness in real-
world applications remains unclear, where sys-
tems must assist users in completing specific
tasks under complex conditions such as multi-
turn, ambiguous, and often spontaneous speech,
as well as natural alternation between speech
and text. Task-oriented dialogue (TOD) offers
a realistic scenario to evaluate whether mod-
els can effectively help users accomplish such
task-oriented goals, but existing benchmarks
are mainly text-based, and the few speech
datasets are limited to English and often ne-
glect spontaneous disfluencies and speaker di-
versity. To address this gap, we introduce
RealTalk-CN, the first Chinese multi-turn,
multi-domain speech–text TOD dataset, con-
taining 5.4k dialogues (60K turns, ~150 hours)
of real human-to-human recordings with de-
tailed annotations for dialogue states, disflu-
ency types, and speaker characteristics. Based
on this dataset, we propose a cross-modal in-
teraction task supporting dynamic speech-text
switching and a comprehensive evaluation pro-
tocol assessing robustness to disfluencies, sen-
sitivity to speaker variation, and cross-domain
generalization. Experiments on state-of-the-art
models demonstrate the challenges posed by
RealTalk-CN and establish its value as a bench-
mark for developing reliable and fair Speech
LLMs in real-world deployments. The dataset
and evaluation framework are available1 to en-
courage further research.

1 Introduction

Recent years have witnessed significant advances
in large language models (LLMs) for multimodal
processing. In particular, the speech domain has
seen the emergence of end-to-end speech LLMs,

*Equal contribution.
†Corresponding authors
1https://huggingface.co/datasets/BAAI/RealTalk-CN

such as GPT-4o (Achiam et al., 2023), Qwen2-
Audio (Chu et al., 2024), and GLM-4-Voice (Zeng
et al., 2024), which can directly process speech in-
put and generate natural language output, enabling
fluent human–machine speech interactions.

However, it remains unclear whether these
speech LLMs can be truly applied in complex real-
world scenarios and effectively assist humans in
carrying out task-oriented goals. For example,
in in-car voice assistants, users may issue multi-
ple, vague utterances to query destinations; in e-
commerce voice assistants, users may first ask prod-
uct details via speech and then follow up with text
input to inquire about discounts. Such goal-driven
scenarios involve spontaneous speech (Shriberg,
1994), fuzzy query (Chun et al., 2025), multi-turn
interactions and modality switching, posing higher
demands on model robustness and practical utility.

In real-world applications, users are primarily
concerned with completing specific tasks, such as
booking tickets, ordering food, or customer service
inquiries. These goal-driven, non-chit-chat interac-
tions constitute task-oriented dialogue (TOD) (Cai
et al., 2024), which has long been a core focus
of dialogue system research from traditional ap-
proaches (Zang et al., 2020; Zhu et al., 2020) to
current LLM-based methods (Jang et al., 2022;
Dong et al., 2025; Sekulic et al., 2024). However,
existing large-scale TOD datasets, such as Multi-
WOZ (Zang et al., 2020), CrossWOZ (Zhu et al.,
2020), and RiSAWOZ (Quan et al., 2020), are al-
most entirely text-based. This limits the evaluation
of speech LLMs on realistic spoken inputs, particu-
larly regarding robustness to spontaneous speech
phenomena (e.g., pauses, fillers, repetitions, and
self-corrections) (Shriberg, 1994). In addition, real-
world usage involves speaker diversity (e.g., gender,
age, regional accents) (Krause and Braida, 2004);
for instance, (Kulkarni et al., 2024; Chen et al.,
2025) show that current speech recognition sys-
tems exhibit significant performance degradation
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for elderly users due to age-related vocal deteriora-
tion (Fraser et al., 2015). Analyses of such factors
are still largely missing in speech LLM TOD eval-
uations, though they are critical for ensuring fair
and unbiased AI assistance across different speak-
ers (Choi and Choi, 2025).

Resources for speech TOD are scarce. Early
datasets such as ATIS (Hemphill et al., 1990) and
DSTC2/10 (Henderson et al., 2014; Kim et al.,
2021) cover only single-turn or limited scenarios.
SpokenWOZ (Si et al., 2023) is the first large-
scale multi-turn, multi-domain English speech
TOD benchmark, but it lacks annotations for spon-
taneous speech disfluencies and speaker charac-
teristics, limiting robustness evaluation. In Chi-
nese, there is currently no analogous multi-turn
speech TOD dataset, despite the unique linguis-
tic and sociocultural traits of Chinese spoken dia-
logues (Huang et al., 2023). Meanwhile, speech
LLMs supporting Chinese such as Baichuan-
Audio (Li et al., 2025), GLM-4-Voice (Zeng et al.,
2024), and Qwen-2.5-Omni (Xu et al., 2025) are
rapidly advancing, yet corresponding evaluation
benchmarks are lacking.

In addition, real-world dialogues often involve
modality switching between speech and text. Cur-
rent studies on speech–text multimodal TOD sys-
tems (Si et al., 2023; Li et al., 2024a) typically
assume that users provide both modalities simulta-
neously to improve responses. However, in prac-
tice, users naturally alternate between speaking and
typing across turns, for example, asking a voice
question about product details and then typing a
follow-up request for discounts in e-commerce ap-
plications. However, existing work lacks attention
to such tasks.

To address these real-world challenges, we pro-
pose:

• Realistic Multi-Turn Speech–Text TOD
Dataset: We present RealTalk-CN, the first
Chinese multi-turn, multi-domain speech–text
task-oriented dialogue dataset, containing
5.4k dialogues (60K turns, 150 hours). All
recordings are from real human-to-human con-
versations and include detailed annotations
for dialogue intents, slot values, spontaneous
speech disfluencies, and diverse speaker char-
acteristics, reflecting the complexity of real-
world usage. Approximately $35,000 was in-
vested in data collection and annotation to
ensure high quality and representativeness.

• Controlled Data Quality Procedures: Multi-
layer quality assurance is implemented, in-
cluding standardized script design, controlled
recording environments, diverse speaker se-
lection, and detailed annotation guidelines, en-
suring both reliability and ecological validity.

• Cross-Modal Interaction Task: We design a
dialogue task that allows users to dynamically
switch between speech and text inputs, closely
mimicking real-world usage patterns of voice
assistants and customer service systems.

• Robustness and Fairness Evaluation: A sys-
tematic evaluation protocol is introduced to
assess model performance under spontaneous
speech disfluencies, speaker variability (gen-
der, age, accent), and cross-domain scenarios,
providing a comprehensive measure of relia-
bility and fairness in realistic deployments.

2 Related Work

Table 1 summarizes the various aspects of our
dataset compared with other related datasets. Re-
lated work can be roughly divided into three cate-
gories:

Text-based TOD datasets: English resources in
this domain include MultiWOZ (Zang et al., 2020),
a widely used dataset spanning eight domains with
over ten thousand dialogues. For Chinese, notable
datasets are CrossWOZ (Zhu et al., 2020), which
contains six thousand dialogues and 102 thousand
utterances, and RiSAWOZ (Quan et al., 2020), a
more extensive collection featuring 11.2 thousand
dialogues, 150 thousand utterances, and coverage
across twelve domains. These provide rich anno-
tations for dialogue state tracking but lack speech
signals.

Spoken language understanding (SLU)
datasets: Most English SLU datasets such as
SNIPS (Kawar et al., 2021) rely on transcribed
text without accounting for speech recognition
errors. The largest existing English SLU resource
is SLURP (Bastianelli et al., 2020), which covers
eighteen domains. In contrast, Chinese research
has seen initial progress with CATSLU (Zhu
et al., 2019), a multi-domain audio-text dataset
introduced during the ICMI 2019 challenge.
However, these datasets are only single-turn
content understanding tasks.

Speech-based TOD datasets: Existing speech-
based task-oriented datasets remain scarce. Early
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Type Dataset Language Speakers Dialogues Avg. turns Domains Slots Audio Disfluency
Annotation

Cross modal
task

Text-based TOD

M2M (Shah et al., 2018) EN M2M 1,500 9.9 2 14 ✘ ✘ ✘

KVRET (Eric and Manning, 2017) EN H2H 2,425 5.3 3 13 ✘ ✘ ✘

MultiWOZ (Budzianowski et al.,
2018)

EN H2H 8,438 13.7 7 25 ✘ ✘ ✘

DSTC10 (Kim et al., 2021) EN H2H 107 21.4 3 - ✘ ✘ ✘

CrossWOZ (Zhu et al., 2020) ZH H2H 5,012 16.9 5 72 ✘ ✘ ✘

RISAWOZ (Quan et al., 2020) ZH H2H 10,000 13.5 12 159 ✘ ✘ ✘

Speech-based SLU

FSC (Qian et al., 2021) EN H 30,043 1 1 - ✓ ✘ ✘

SNIPS (Kawar et al., 2021) EN H 13,084 1 7 72 ✓ ✘ ✘

SLURP (Bastianelli et al., 2020) EN H 72,277 1 18 55 ✓ ✘ ✘

CATSLU (Zhu et al., 2019) ZH H 16,258 1 4 94 ✓ ✘ ✘

Speech-based TOD

DSTC2 (Henderson et al., 2014) EN H2M 1,612 14.5 1 8 ✓ ✘ ✘

SpokenWOZ (Si et al., 2023) EN H2H 5,700 35.5 26 36 ✓ ✘ ✘

RealTalk-CN(ours) ZH H2H 5,400 12.1 58 115 ✓ ✓ ✓

Table 1: Comparison of our dataset with other related datasets. TOD stands for Task-Oriented Dialogue Dataset,
SLU is a single-round Spoken Language Understanding dataset. H2H, H2M, M2M stand for human-to-human,
human-to-machine, machine-to-machine.

Dataset TOD Lang. Text Speech Disfluency Cross-Modal Trainable Dialogue Style Multi-Turn

SD-Eval (Ao et al., 2024) ✘ EN Mixed Mixed ✘ ✘ ✓ ✘ ✘
StyleTalk (Lin et al., 2024) ✘ EN GPT TTS ✘ ✘ ✓ ✓ ✓
VoxDialog (Cheng et al., 2025) Mixed EN/ZH GPT TTS ✘ ✘ ✘ ✓ ✓
RealTalk-CN (Ours) ✓ ZH Human+Imp. Real ✓ ✓ ✓ ✓ ✓

Table 2: Comparison with other non-task-oriented spoken dialogue datasets. Trainable indicates whether the dataset
has training set; Disfluency indicates whether spontaneous speech disfluencies are annotated; Human+Imp. indicates
a combination of scripted and impromptu human recordings. GPT indicates AI-generated text; TTS indicates that
speech is synthesized using text-to-speech tools.

efforts such as DSTC2 (Henderson et al., 2014)
and DSTC10 (Kim et al., 2021) provide only small-
scale automatic speech recognition outputs. Spo-
kenWOZ (Si et al., 2023) represents the first large-
scale English speech-text benchmark but lacks
speech disfluency annotation and speaker feature
annotation. Moreover, no similarly comprehensive
Chinese dataset currently exists, creating a signif-
icant gap that impedes research progress in this
area.

Other non-task-oriented speech dialogue
datasets: Unlike chit-chat datasets such as
StyleTalk (Lin et al., 2024), SD-Eval (Ao et al.,
2024), VoxDialog (Cheng et al., 2025), and Full-
Duplex-Bench (Lin et al., 2025) in Table 2, which
focus on paralinguistic cues or full-duplex spoken
dialogue, RealTalk-CN is distinguished by its task-
oriented dialogue (TOD) nature. Furthermore, our
dialogues are created from human-scripted prompts
combined with spontaneous impromptu contribu-
tions and recorded as real human-to-human speech
(non-TTS), in Chinese, enabling comprehensive
evaluation of speech-based models’ robustness in
realistic goal-driven applications that emphasize
assisting users in accomplishing tasks.

3 RealTalk-CN Data Collection and
Quality Control

During the data collection phase, we prioritized
speech quality and annotation consistency. The
dataset was constructed using pre-written scripts
designed to reflect natural spoken language charac-
teristics, including casual grammar, colloquial vo-
cabulary, short sentence structures, and loose syn-
tactic organization (Carter, 1995). The dialogues
covered multiple domains while allowing partic-
ipants to improvise on the recording to maintain
conversational authenticity. Crucially, 10% of the
collected data intentionally preserved spontaneous
speech disfluencies such as repetitions, hesitations,
self-corrections, and modal particle drag to simu-
late real-world conditions.

For speech-text alignment, we implemented a
rigorous timestamping mechanism to mark utter-
ance boundaries and dialogue turns. Recording
sessions were conducted in quiet indoor environ-
ments using both professional microphones and
consumer-grade smartphone microphones to en-
sure device diversity representative of real usage
scenarios. Dual recording methods (dedicated
recorders and smartphones) were employed to cap-
ture authentic acoustic conditions.
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Figure 1: The distribution of Speakers. The dataset covers most age groups. It also has a near-equal gender split.
It covers all major regions in China to explore the impact of different regional accents on the speech model. The
specific provinces included in each region are in the Appendix A.1.

Speaker diversity was ensured through 300 vol-
unteers (gender ratio 1:1±10%, ages 18–50 follow-
ing normal distribution covering young and middle-
aged demographics) with predominantly Mandarin
proficiency while permitting mild regional accents.
From this pool, 113 speakers were selected for in-
clusion in the final dataset based on recording qual-
ity, task completion, and demographic balance. The
gender, age, and regional distribution are shown in
Figure 1. Each selected participant contributed to
50 dialogue sessions.

Annotation consistency was maintained through
multi-round verification with detailed guidelines
addressing various Chinese speech phenomena.
Transcripts were required to strictly match actual
pronunciations while accommodating dialectal vari-
ations, such as converting "Liu nai" to standard
"Niu nai". Mandarin phonological features includ-
ing erhua were preserved in transcriptions. Stan-
dard references were used to verify proper nouns,
while numerical expressions were consistently ren-
dered in Chinese characters. Filler sounds and dis-
course markers were retained to maintain prosodic
authenticity, with special notation applied to the
intentionally preserved 10% of data containing dis-
fluencies.

Comprehensive quality control measures were
implemented throughout the process. Audio clips
maintained 0.2-0.3 seconds of silence padding with
duration optimized at 5-6 seconds (maximum 12
seconds). A 5% random sampling protocol ensured
slot-value annotation accuracy exceeded 95%. The
annotation Pipeline incorporated iterative optimiza-
tion, beginning with pilot annotation of three sam-
ple batches to refine guidelines before full-scale im-
plementation. The Ethics Statement of the dataset
is described in section 6.

4 RealTalk-CN Dataset Overview

RealTalk-CN represents the first Chinese multi-
turn, multi-domain speech-text dual-modal TOD
dataset, which comprises 5.4k dialogue sessions, in-
cluding 1.2k single-domain and 4.2k cross-domain
conversations, totaling over 60k utterances con-
tributed by 113 speakers. With an average of 12.1
turns per dialogue and 150 hours of validated audio,
the dataset covers dozens of task-oriented domains
(e.g., dining, transportation, shopping) through au-
thentic human-to-human interactions. Each di-
alogue is accompanied by comprehensive anno-
tations including dialogue states (slots), intents,
transcriptions, utterance-level timestamps, speaker
metadata, and labels for spontaneous speech disflu-
encies phenomena (e.g., filled pauses, repetitions,
self-corrections).

4.1 Spontaneous Speech Phenomena

～：Modal Particle Drag:

↻： Repetition:

✎：Self-Correction:

⁇：  Hesitation:

↻

✎

呃～巴黎圣母院，给我几个附近的酒店名。

有很多菜品，(铁板炒)  铁板炒烤羊肉。

想吃…金汤双椒(回)  肥牛。

推荐一下手机,四千⁇元左右。

(Uh~ Notre Dame de Paris, give me some hotel names nearby.)

(There are many dishes, (Teppanyaki fried) Teppanyaki fried lamb.)

(Want to eat... golden soup with double peppers (return) fat beef.)

(Recommend me a mobile phone that costs around 4,000⁇ yuan.)

Figure 2: Four speech disfluency types in Chinese dia-
logues: Modal particle drag, repetition, self-correction,
and hesitation. The third example is that in Chinese,
"return" and "fat" sound similar.

As a spoken language-oriented resource,
RealTalk-CN captures fundamental distinctions
between oral and written communication styles
- even within identical semantic contexts, spoken
dialogues exhibit casual grammar, colloquial vo-
cabulary, fragmented structures, and loose syntac-
tic organization (Carter, 1995). Our scripting pro-
cess explicitly mandated conversational language
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patterns. Crucially, spoken disfluencies (Shriberg,
1994) present additional challenges for language
understanding systems. Prior work has shown that
false starts and repetitions disrupt the processing of
subsequent words in spontaneous speech (Fox Tree,
1995), while hesitations and fillers introduce acous-
tic perturbations that impair token boundary de-
tection and slot extraction in end-to-end mod-
els (Jamshid Lou et al., 2020; Marie et al., 2023).
These effects are not eliminated by modern Speech
LLMs: disfluent inputs continue to degrade per-
formance on tasks requiring precise information
extraction, such as slot filling and dialogue state
tracking (Liu et al., 2021). While the English Spo-
kenWOZ dataset (Si et al., 2023) addressed this
partially through ASR-derived noise, it lacked ex-
plicit annotation of disfluency types. RealTalk-CN
advances this through systematic labeling of spon-
taneous speech disfluencies, enabling the creation
of phenomenon-specific subsets for robustness eval-
uations of speech-based LLMs. This design also
facilitates secondary applications like speech dis-
fluency correction. As illustrated in Figure 2, we
defined common disfluency categories, instructed
speakers to maintain natural conversational flow
(including organic production of disfluencies), and
implemented rigorous post-hoc annotation proto-
cols.

4.2 Broad Domain Coverage

RealTalk-CN comprehensively encompasses 58
TOD domains, including weather, dining, travel,
news, shopping, finance, and healthcare. It also
has 55 intents and 115 slot types, which are not
available in previous datasets. Detailed intent and
slot information can be found in Appendix A.2.
The dataset is systematically organized into single-
domain and multi-domain dialogues, with the latter
involving 2-5 interleaved domains to better simu-
late real-world scenarios. Domain combinations
were determined during the script-design stage
based on common real-life task flows. For exam-
ple, a user may first check the weather, then request
travel suggestions, and subsequently inquire about
transportation options. As illustrated in Figure 6
of Appendix A.8, the domain distribution follows
a long-tail pattern: high-frequency domains (e.g.,
travel, weather) cover common daily topics, while
mid-to-low frequency domains ensure comprehen-
sive topical diversity. Among multi-domain dia-
logues, 2,949 sessions involve two domains (rep-
resenting the majority), followed by 753 sessions

What lunch do you recommend today?

We recommend the salad and the spicy beef rice.

Low-fat salads, less oil and salt, and switch to honey 

mustard dressing.

I would like to order one more low-fat meal recommended 

for lunch, but with a different sauce, is that ok?

…

Figure 3: An example of dynamically switching speech-
text modality dialogue. In this scenario, the system must
integrate the dish recommendations provided via noon
voice messages with the user’s customized preferences
expressed in text, accurately comprehend that "low-fat
meal" refers to salad, and correctly identify the user’s
request to change the dressing.

with three domains.
To enable granular analysis, we partition the

dataset into four subsets based on two criteria: (1)
single-domain vs. multi-domain composition, and
(2) presence of annotated speech disfluencies. De-
tailed statistics of the test set are provided in Table
8 in Appendix A.3. The dataset splits are detailed
in Appendix A.4, and both training data and train-
ing framework will also be released. We denote
these four subsets as MD-Col, MD-Sys, SD-Col,
and SD-Sys, where MD/SD indicates multi-/single-
domain and Col/Sys indicates the presence/absence
of disfluency markers, respectively.

4.3 Innovative Cross-Modal Chat Task

Current research on multimodal dialogue systems
focuses primarily on scenarios in which users and
systems simultaneously receive and process multi-
ple modalities, such as speech and text. For exam-
ple, previous work (Si et al., 2023) (Li et al., 2024a)
proposed multimodal speech-text dialogue datasets
where the evaluation task involves responding to
contexts that contain speech and text modalities,
aiming to enhance textual representations through
aggregated speech embeddings for improved re-
sponses. However, this simultaneous multimodal
input paradigm rarely occurs in real-world applica-
tions. In practical intelligent voice assistant usage,
user-system interactions typically span multiple
turns with dynamic modality switching. For ex-
ample, in a restaurant reservation scenario, users
might initially inquire via voice and subsequently
continue the conversation through text messages or
mobile apps, rather than providing identical con-
tent through both speech and text simultaneously.
A concrete illustration of this pattern is shown in
Figure 3.
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Subsets MD-Col MD-Sys SD-Col SD-Sys
Tasks IC SF IC SF IC SF IC SF
Metrics Acc PAN. F1 JGA Acc PAN. F1 JGA Acc PAN. F1 JGA Acc PAN. F1 JGA Average
Pipeline 53.56 53.56 45.90 26.09 54.83 54.83 48.81 31.99 59.75 59.75 38.55 20.68 62.44 62.44 45.17 28.52 46.68
Baichuan-Audio 30.70 30.70 48.60 30.46 28.20 28.20 54.11 40.66 27.47 27.47 39.96 23.94 30.49 30.49 47.15 33.80 34.53
GLM-4-Voice 26.40 26.40 10.48 19.41 19.49 19.49 9.31 39.59 32.51 32.51 9.58 15.31 28.36 28.36 10.64 19.19 21.69
Qwen2-Audio 24.76 24.78 47.67 30.67 18.14 18.26 52.76 25.48 27.47 27.50 38.58 23.78 23.09 23.15 45.69 32.92 30.29
Baichuan-Omni 36.17 36.19 48.06 28.88 34.53 34.54 52.99 39.81 38.68 38.79 39.99 24.42 34.53 34.53 46.34 31.34 37.49
MiniCPM-o 39.74 39.74 46.02 26.56 35.84 35.84 49.91 33.41 41.82 41.82 36.82 20.52 39.01 39.01 44.40 28.52 37.44
Qwen2.5-Omni 24.52 24.54 47.70 30.88 18.17 18.25 52.55 39.75 27.58 27.64 39.57 24.43 22.87 22.90 45.67 33.45 31.28
GPT-4o-Audio 46.31 46.31 51.53 31.93 45.04 45.04 53.65 38.39 48.21 48.21 43.16 24.27 49.10 49.10 48.45 33.10 43.86

Table 3: Performance comparison of the models on the intent classification (IC) and slot filling (SF) tasks of the
RealTalk-CN dataset. Acc is the accuracy of intent classification, and Pipeline represents Whisper-large-v3 +
GPT-4o. GPT-4o-Audio uses the mini version. PAN. represents PANDA score.

Models MD-Col MD-Sys SD-Col SD-Sys Avg
Pipline 8.92 9.12 8.84 9.12 9.00
Baichuan-Audio 7.44 7.80 7.79 7.68 7.67
GLM-4-Voice 8.30 8.54 8.24 8.39 8.37
Qwen2-Audio 7.82 8.11 7.85 8.06 7.96
Baichuan-Omni 7.32 7.51 7.34 7.72 7.47
MiniCPM-o 8.22 8.41 8.19 8.33 8.29
Qwen2.5-Omni 7.83 8.14 7.78 8.04 7.95
Gpt-4o-Audio-mini 8.66 8.79 8.71 8.77 8.73

Table 4: Performance of the model on the chat task
of the RealTalk-CN dataset. The Pipeline represents
Whisper-large-v3 + GPT-4o, and the score is the score
of GPT-4o-mini, with a full score of 10. ∗Note that
GPT-4o-Audio-mini does not support speech mode on
the assistant side during input.

To address this gap, we propose a novel cross-
modal chat task where the conversational context
contains mixed speech or text utterances without
simultaneous modality presentation. The key chal-
lenge lies in the model’s ability to accurately com-
prehend and track information distributed across
different modalities while effectively integrating
these heterogeneous inputs to generate consistent
and coherent responses. To isolate the impact
of modality switching from speech disfluency ef-
fects, we specifically employ speech modality for
turns containing any of the four disfluency mark-
ers, while using text modality otherwise, thereby
creating a dynamically switching context.

5 Experimental Design & Evaluation

5.1 Task Design

We designed multiple tasks on the RealTalk-CN
dataset to fully exploit its potential. We use the
same zero-shot evaluation protocol for speech-
based LLMs following (Yang et al., 2024; Chen
et al., 2024), and we also provide the training set
for researchers to use.

Standard task-oriented dialogue tasks, includ-

ing dialogue intent classification, slot filling, and
end-to-end chat. Following (Chen et al., 2024), for
the intent classification task, we compute Accu-
racy and the PANDA discriminant (Li et al., 2024c)
estimation method which has a strong correlation
with human evaluation. For the slot filling task,
we use the classic evaluation metrics F1 and joint
goal accuracy (JGA) (Budzianowski et al., 2018).
Specific examples of the tasks and our evaluation
process can be found in Appendix A.9. For the chat
task, since traditional metrics have demonstrated a
weak correlation with human judgment (Liu et al.,
2023), we implemented GPT-4-based automatic
evaluation following (Chen et al., 2024) (Liu et al.,
2023) (Yang et al., 2024). All evaluations are
conducted using GPT-4o-mini2, including the sum
of the scores of the evaluation without reference
and the evaluation with reference. The evaluation
prompts can be found in Appendix A.10

Cross-modal chat task, as described earlier,
users and assistants dynamically switch between
speech and text modalities during conversations.

Robustness evaluation task leverages the anno-
tated speech disfluencies to examine models’ toler-
ance to conversational incoherence, using perfor-
mance differences on the Colloquial subset as the
evaluation metric.

5.2 Baselines

We evaluated several end-to-end speech-based
LLMs, including Qwen2-Audio-7B-Instruct (Chu
et al., 2024), Baichuan-Audio-Instruct (Li et al.,
2025), GLM-4-Voice-9B (Zeng et al., 2024),
along with recent Omni-modal foundation models
(MiniCPM-o (Yao et al., 2024), Baichuan-Omni-
1d5 (Li et al., 2024b), Qwen2.5-Omni-7B (Xu et al.,
2025)). For comparison, we also included Pipeline
approaches combining Whisper-Large-V3 (Rad-

2GPT-4o-mini-2024-07-18
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Figure 4: Performance comparison between pure speech chat tasks and Cross-modal chat tasks. The results
were analyzed using paired t-tests (Student, 1908) ( p < 0.05), and the tasks with significant differences were
Qwen2-Audio, Baichuan-Audio, Baichuan-Omni, and Qwen2.5-Omni, while those with insignificant differences
were MiniCPM-o and GLM-4-Voice. The detailed process can be found in Appendix A.12.

ford et al., 2023) with text-only LLMs (GPT-4o)
and GPT-4o-Audio-mini3, aiming to measure per-
formance gaps between current open/closed-source
voice LLMs and traditional Pipeline methods. We
evaluated the models based on the code in (Chen
et al., 2024).

5.3 Results & Discussion

Speech disfluency affects slot filling and chat
tasks. As shown in Table 3, on the Colloquial
subsets, most models show a notable drop in slot
filling performance, while intent classification is
less affected. This is because intent classification
primarily relies on capturing the core semantics of
a user’s sentence, so models can maintain accuracy
even with disfluent speech. In contrast, slot fill-
ing requires precise identification and extraction
of specific information, which is easily disrupted
by repetitions, grammatical errors, or non-standard
expressions. Similarly, the chat task (shown in
Table 4) requires obtaining the core semantics, ex-
tracting some key information, and responding af-
ter integration. The performance also declines on
the Colloquial subsets. It is worth noting that the
Col and Sys subsets are not independent: turns
from the same multi-turn dialogue may appear in
both, with those containing disfluency markers as-
signed to Col and the rest to Sys, which reduces
content-level differences between the two subsets.

The Pipeline method and the end-to-end
model have their own advantages and disad-

3GPT-4o-mini-audio-preview

vantages. In the intent classification task (Ta-
ble 3) and the chat task (Table 4), the Pipeline
method generally performs better than the end-to-
end model. This is because the Pipeline method
leverages Whisper-large-v3 for speech-to-text con-
version and GPT-4o for text understanding and
intent classification, fully utilizing GPT-4o’s se-
mantic capabilities. In contrast, end-to-end models,
while directly capturing speech and text informa-
tion from the input, often show weaker semantic
understanding.

However, in the slot-filling task, end-to-end mod-
els outperform the Pipeline method, as slot fill-
ing relies more on detailed speech information.
End-to-end models are better at handling speech
quality variations and disfluencies, capturing fine-
grained details. Overall, when averaging perfor-
mance across all tasks, the Pipeline method main-
tains a leading position, with GPT-4o-Audio per-
forming second best.

Performance Divergence in Cross-Modal
Chat Tasks. Figure 4 illustrates the varied per-
formance of speech foundation models across pure
speech-based chat tasks and cross-modal chat tasks,
revealing distinct model behaviors. The first cate-
gory includes models showing performance degra-
dation, struggling to integrate and respond to het-
erogeneous modal information, which can lead
to forgetting key context and reduced response
quality (see Appendix A.14). The second cate-
gory includes models that maintain stable perfor-
mance. The third category comprises models that
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Figure 5: Radar chart showing the impact of speaker’s age and geography on dialogue intent classification and
slot filling tasks. The result is the average performance of the model on the entire RealTalk-CN dataset, grouped
by age and geography (which refers to ancestral origin). We performed an overall Kruskal-Wallis H test (Kruskal
and Wallis, 1952) (p < 0.05) and a comparative Mann-Whitney U test (Mann and Whitney, 1947) (p < 0.05) for
significance, and calculated Cohen’s d effect size (Cohen, 2013). Details are available in Appendix A.11.

benefit from cross-modal interactions, improving
their performance, particularly when leveraging
text-modality substitutions in dialogue history. Fur-
ther comparisons of the pure-text modality are pre-
sented in Appendix A.5.

Multi-domain complexity mainly affects in-
tent classification As shown in Table 3, in multi-
domain scenarios, intent classification performance
is generally lower than in single-domain cases,
while slot filling remains relatively stable. This is
because intent classification requires understanding
the overall semantics of user input, and handling
multiple domains demands stronger cross-domain
generalization. Current end-to-end speech models
often struggle with semantic diversity and context
switching, leading to mistakes in intent recogni-
tion. Slot filling, on the other hand, depends on
identifying specific slots, which are less affected
by domain changes.

5.4 Speaker variations

Speaker attributes such as age (Kulkarni et al.,
2024; Chen et al., 2025) and regional accent (Chen
et al., 2024) can significantly affect speech model
performance. We systematically examine the influ-
ence of age and regional accent in Chinese TOD
scenarios, with results shown in Figure 5.

Models show different sensitivity across tasks.
Intent classification is relatively stable with minor

geographic differences, while slot filling is more
affected by age and regional accent (p < 0.05),
consistent with Section 5.3. Demographic trends
indicate lower performance for older users and
speakers from dialect-heavy regions, reflecting
challenges from vocal aging and distributional mis-
match. Adaptation patterns vary among models.
Some maintain robust performance across ages
and regions, whereas others, such as GPT-4-Audio-
mini, show performance declines for elderly speak-
ers or strong dialect regions. These results highlight
the need to improve fairness and stability of speech
models for diverse users.

5.5 Disfluency Type and Dialogue History
Turns

We evaluated the impact of disfluency types
on TOD scenarios, with detailed results in Ap-
pendix A.6. Performance drops were most pro-
nounced for Repetition and Modal Particle Drag,
while GPT-4o-Audio showed the highest robust-
ness across disfluency types. Regarding dialogue
history turns, Figure 14 in Appendix A.15 shows
that performance on SD subsets reaches near-peak
accuracy within 3–5 turns, indicating limited de-
pendence on long context. In contrast, chat tasks
steadily benefit from longer histories, achieving the
best performance with full context.
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6 Conclusion

In this paper, we introduce RealTalk-CN, the first
large-scale Chinese speech-text dual-modal dia-
logue benchmark that comprehensively captures
speech disfluencies, diverse speaker characteris-
tics, and cross-modal interactions. Our evaluations
demonstrate the dataset’s effectiveness in bench-
marking models on speech robustness, speaker
adaptation, and cross-modal consistency. The pro-
posed cross-modal chat task further reveals models’
limitations in handling dynamic modality switch-
ing. RealTalk-CN sets a new standard for Chinese
multimodal dialogue research, providing a practical
resource for advancing speech LLMs.

Limitations

While the RealTalk-CN captures diverse speech
disfluencies and speaker variations, it may not fully
represent all regional accents and age groups in
China’s vast linguistic landscape. Additionally,
the comparison between colloquial and fluent sub-
sets is not perfectly controlled, as Col and Sys
turns are drawn from the same dialogues rather
than constructed as minimal pairs. A more rigor-
ous evaluation would inject disfluencies into iden-
tical fluent utterances to isolate their causal effect.
The cross-modal chat task, though innovative, cur-
rently focuses on alternating between speech and
text modalities without exploring more complex
multimodal interactions. These limitations point
to valuable directions for future research to further
enhance Chinese speech-based LLM evaluation.

Ethics Statement

The collection and use of data in this study were
conducted in accordance with ethical guidelines
for research involving human participants. Partici-
pants were publicly recruited, and after registration,
they were randomly selected via stratified sampling
based on characteristics such as age and gender to
ensure balanced representation. All participants
provided informed consent prior to their involve-
ment, with clear explanations of the study’s pur-
pose, data usage, and their rights to withdraw at any
time. Personal identifiers were anonymized to pro-
tect privacy, and each participant was compensated
fairly according to local purchasing power stan-
dards. We paid participants approximately $35,000
for the construction of the dataset. The dataset
was designed to promote inclusivity, with balanced
representation across gender, age, and regional

backgrounds. However, we acknowledge poten-
tial biases in speech recognition performance for
certain demographic groups (e.g., elderly speakers
or regional accents), as highlighted in our analy-
sis. These limitations are documented to encourage
future work toward equitable AI systems. While
RealTalk-CN aims to advance robust speech-based
LLMs, we recognize potential misuse risks and
have adopted a gated access mechanism and con-
duct strict audits to ensure that the data will not
be abused. The dataset is released under a Cre-
ative Commons Attribution-NonCommercial (CC
BY-NC) license, allowing use for research and ed-
ucational purposes while prohibiting commercial
exploitation.
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A Appendix

A.1 The specific provinces included in each
region.

Province Region Province Region

Liaoning Northeast
China

Hebei North
China

Beijing North
China

Shanxi North
China

Inner
Mongolia

North
China

Shandong East
China

Shanghai East
China

Jiangsu East
China

Anhui East
China

Jiangxi East
China

Fujian East
China

Taiwan East
China

Henan Central
China

Hubei Central
China

Hunan Central
China

Guangdong South
China

Guangxi South
China

Hainan South
China

Chongqing Southwest
China

Sichuan Southwest
China

Guizhou Southwest
China

Gansu Northwest
China

Xinjiang Northwest
China

Tibet Southwest
China

Table 5: Region Mapping of Specific Provinces

A.2 Intents and Slots Information
All Intents and Slots information has been trans-
lated into English. The Chinese version can be
found on our dataset website.

A.2.1 Intents

Intent Column 1 Intent Column 2

None Introduce Person
Introduce Work Introduce Plot
Introduce History Introduce Geography
Introduce Astronomy Introduce Film
Introduce Constella-
tion

Introduce Scenic Spot

Introduce Plant Introduce Game
Introduce Cuisine Seek Recommenda-

tion
Recommend Book Recommend Product
Recommend Brand Recommend Location
Recommend Film Recommend Scenic

Spot
Recommend Game Recommend Destina-

tion
Recommend Cuisine Recommend Restau-

rant
Provide Location Provide Channel
Provide Type Provide Options
Provide Approach Raise Question
Express Opinion Ask Question
State Demand Explain Reason
Explain Precautions Inquire about Person
Inquire about Price Inquire about Prepara-

tion
Inquire about Trans-
port

Inquire about History

Inquire about Reason Inquire about Location
Inquire about Weather Inquire about Quantity
Inquire about Time Inquire about Scenic

Spot
Inquire about Precau-
tions

Inquire about Features

Inquire about Type Inquire about Cuisine
Inquire about Route Inquire about Ap-

proach
Explain Precautions

Table 6: All intents labels in RealTalk-CN. The original
Chinese data were translated into English.
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A.2.2 Slots

Slot Column 1 Slot Column 2 Slot Column 3

O APP Book
Internet Transport Transport Route
Person Name Number of People Character
Group of People Price Price Range
Sports Event Work Company
Relationship Departure Place Mode of Transport
Function Animal Cosmetics
Hospital Historical Event Famous Person
Brand Variety Factor
Country Region Address
Location Venue City
Celestial Body Astronomical Phe-

nomenon
Weather

Award Name Season
School Subject Religion
Pet Residential Area Mountain Range
Tool Platform Age
Store Building Ingredient
Mobile Phone Brand Mobile Phone Model Skin Care Product
Measure Digital Product Quantity
Stationery Tourist Attraction Date
Period Time Time Range
Constellation Scenic Spot Clothing
Attire Dynasty Organization
Material Plant Frequency
Song Fruit Activity
Channel Temperature Temperature Range
Game Game Type Item
Feature Toy Movie
TV Series Disease Symptom
Destination Province Ticket
Station Type Cuisine
Occupation Art Festival
Cuisine Style Vegetable Planet
Document Course Distance
Identity Software Sport
Communication Tool Hotel Snack
Field Color Style
Ingredient Food Restaurant
Beverage

Table 7: All slots labels in RealTalk-CN. The original
Chinese data were translated into English.

A.3 Data statistics of the four subsets

Statistic MD-
Col

MD-
Sys

SD-Col SD-Sys

Samples 3,837 3,837 892 892
Avg Utterance Length 27.42 19.27 25.61 20.76
Avg Dialog Rounds 8.54 7.73 8.14 7.58
Avg Intent Choices 34.51 34.77 25.90 27.03
Avg Disfluency Markers M:0.12

R:0.04,
S:0.11
H:1.14

- M:0.63
R:0.07,
S:0.18
H:0.52

-

Table 8: Data statistics of the four subsets. Collo-
quial means that the text content contains the above-
mentioned unfluent spoken language markers, while
System means the opposite. Avg Intent Choices means
the average number of candidate intents as answers
for each utterance. MD means Multi-Domain, and SD
means Single-Domain. M, R, S, and H respectively rep-
resent Modal Particle Drag, Repetition, Self-Correction,
and Hesitation.

A.4 Training, Validation, and Test Set
Divisions

Category Samples Avg Utter-
ance Length

Avg Dialog
Rounds

Training Set

MD-Col 6,269 27.60 8.54
MD-Sys 28,363 19.36 7.74
SD-Col 1,458 25.56 8.23
SD-Sys 5,848 28.90 7.58

Validation Set

MD-Col 2,687 27.62 8.54
MD-Sys 8,728 19.51 7.72
SD-Col 626 25.00 8.17
SD-Sys 2,504 20.89 7.75

Testing Set

MD-Col 3,837 27.42 8.54
MD-Sys 3,837 19.27 7.73
SD-Col 892 25.61 8.14
SD-Sys 892 20.76 7.58

Table 9: Dataset Comparison Across Training, Valida-
tion, and Testing Sets

A.5 Tri-modality evaluation on SD subsets

Model / Setting Text Speech Cross-Modal

SD-Col

Baichuan-Audio 6.98 7.79 7.58
GLM-4-Voice 8.44 8.24 8.26
Qwen2-Audio 7.92 7.85 7.61
Baichuan-Omni 7.10 7.34 7.69
MiniCPM-o 7.98 8.19 8.34
Qwen2.5-Omni 7.93 7.78 7.66

SD-Sys

Baichuan-Audio 7.37 7.68 7.54
GLM-4-Voice 8.38 8.39 8.38
Qwen2-Audio 7.95 8.06 7.77
Baichuan-Omni 7.56 7.72 7.76
MiniCPM-o 8.21 8.33 8.40
Qwen2.5-Omni 7.95 8.04 7.83

Table 10: Tri-modality evaluation on SD subsets.
Columns represent pure-text, speech, and cross-modal
settings.
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A.6 Intent Classification Accuracy Across
Disfluency Types

Model Hesitation Self-Correction Repetition Modal Particle Drag SD-Sys Std. Dev.

Pipeline 46.56 51.76 39.43 42.52 48.81 5.33
Baichuan-Audio 49.57 54.47 39.06 44.58 54.11 6.62
GLM-4-Voice 38.81 38.79 33.09 30.63 40.00 4.13
Qwen2-Audio 48.18 50.51 41.12 47.58 52.76 4.02
Baichuan-Omni 48.78 53.06 42.68 47.67 52.99 4.27
MiniCPM-o 47.05 48.32 38.29 42.35 49.91 4.59
Qwen2.5-Omni 48.34 49.64 40.76 48.20 52.55 4.04
GPT-4o-Audio 52.11 54.23 45.40 47.97 53.65 3.98

Table 11: SF F1 (%) across disfluency types on SD-Col.
Std. Dev. means standard deviation.

Model Hesitation Self-Correction Repetition Modal Particle Drag SD-Sys Std. Dev.

Pipeline 52.97 56.10 52.00 59.25 54.83 3.28
Baichuan-Audio 25.33 30.89 25.33 30.82 28.20 2.77
GLM-4-Voice 26.83 27.24 26.67 16.10 19.49 5.41
Qwen2-Audio 25.60 24.39 21.33 14.72 18.14 4.87
Baichuan-Omni 35.80 33.33 37.33 33.33 34.53 3.40
MiniCPM-o 39.83 41.87 37.33 35.96 35.84 2.63
Qwen2.5-Omni 25.43 22.36 21.33 15.07 18.17 4.35
GPT-4o-Audio 46.08 42.68 49.33 42.68 45.04 3.69

Table 12: Intent Classification Accuracy (%) across
disfluency types. Std. Dev.: standard deviation across
types.

A.7 Use of large language models
We have employed a large language model to polish the writ-
ing of our paper. The content has been manually verified by
us to ensure accuracy, factuality, and the absence of hallucina-
tions.

A.8 Domain distribution and multi-domain
combination distribution
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Figure 6: Domain distribution and multi-domain combi-
nation distribution of RealTalk-CN.

A.9 Task Examples and Evaluation Methods
For each data, we first perform the intent classification task,
then input the intent predicted by the model, and require the
model to answer a specific slot value for a certain intent,
thereby completing the slot filling task. Figure 7 is an example
of the intent classification task, and Figure 8 is an example of
the slot filling task for the dialogue example in Table 13. The
dialogue has been translated into English.

Conversation

User: I want to go to the seaside, can you recommend some beaches near
Dalian?
Model: Bangchu Island Beach, Golden Pebble Beach, and Dachangshan
Island.

User: What other interesting places are nearby?
Model: You can also visit Tiger Beach and Dalian Aquarium.

User: What are the opening hour of Dalian Aquarium?
Model: -

Table 13: Task Example. The original Chinese data
were translated into English. Each message is prefixed
by the speaker role (User or Model).

QA任务——VoiceBench

Prompt: The above is the current audio of the last paragraph. Just choose the

most appropriate answer from the following options as the intention (i.e.

purpose or goal) of the last round of speech: {choices}. Your answer should

strictly follow the following format: Intent is: xx

"choices": "['Introduce works', 'Introduce history', 'Introduce geography',

'Introduce astronomy', 'Introduce attractions', 'Introduce food', 'Seek

recommendations', 'Recommend books', 'Recommend products', 'Recommend

brands', 'Recommend places', 'Recommend movies and TV shows',

'Recommend attractions', 'Recommend destinations', 'Recommend food',

'Recommend restaurants', 'Provide positioning', 'Provide channels', 'Provide

types', 'Provide choices', 'Provide ways', 'Raise questions', 'Raise insights',

'Raise needs', 'Explain reasons', 'Explain precautions', 'Ask about prices', 'Ask

about preparations', 'Ask about travel methods', 'Ask about history', 'Ask

about reasons', 'Ask about locations', 'Ask about weather', 'Ask about quantity',

'Ask about time', 'Ask about attractions', 'Ask about precautions', 'Ask about

channels', 'Ask about features', 'Ask about types', 'Ask about food', 'Ask about

routes', 'Ask about ways', 'Explain precautions’]”

Answer: Ask about time

Figure 7: Example of the intent classification task. Dur-
ing evaluation, the choices in prompt are replaced with
the choices variable, and then the model output is com-
pared with the label to calculate the score. The original
Chinese data were translated into English.

QA任务——VoiceBench

Prompt: Please carefully analyze the current audio content and extract key

information in combination with the user's intent "{intent_pre}".

Among them, "{k}" is an important attribute of the intent. Please identify the

specific content of "{k}" that is only related to the intent "{intent_pre}" from

the voice.

Please strictly follow the following format when answering:

{k} is: [specific value 1, specific value 2,... specific value n]

intent_pre: Ask about time

k: Tourist attractions

Answer: Dalian Oceanarium

Figure 8: An example of the slot filling task, using the
model prediction result of the intent classification task
as the input "intent_pre", k specifies the slot type, and
Answer is the correct label. The original Chinese data
were translated into English.
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A.10 GPT-4 Automatic Evaluation Method
Figures 9 and 10 show the prompts we use for reference
automatic evaluation and no-reference automatic evalua-
tion, respectively. We refer to the evaluation prompts in
VoiceBench (Chen et al., 2024), which is distributed in
compliance with the Apache License 2.0.

meta_prompt_ref = """

I need your help to evaluate the performance of several models in the speech interaction scenario. The models will receive a speech input

from the user, which they need to understand and respond to with a speech output.

Your task is to rate the model’s responses based on the provided user input transcription [Instruction], the model’s output transcription

[Response], and the basic reference answer [Reference].

Please evaluate the response on a scale of 1 to 5:

1 point: The response is largely irrelevant, incorrect, or fails to address the user’s query. It may be off-topic or provide incorrect

information.

2 points: The response is somewhat relevant but lacks accuracy, completeness, or alignment with the user’s query. It may only partially

answer the question or include extraneous content.

3 points: The response is generally accurate and relevant, providing information consistent with the reference answer but may lack depth,

clarity, or contextual adaptation.

4 points: The response is accurate, relevant, and contextually appropriate, not only matching the reference but also providing a clear and

well-structured answer that aligns well with the user’s query.

5 points: The response is exceptionally accurate, relevant, and informative. It goes beyond the basic reference answer, offering richer,

clearer, or more contextually appropriate information while fully addressing the user’s query.

Below are the transcription of user’s instruction, reference answer, and model’s response:

### [Instruction]: {prompt}

### [Reference]: {reference}

### [Response]: {response}

After evaluating, please output the score only without anything else.

You don’t need to provide any explanations.

"""

Figure 9: The prompt that uses gpt4 for automatic evaluation with reference.

meta_prompt_open= """

I need your help to evaluate the performance of several models in the speech interaction scenario. The models will receive a speech input

from the user, which they need to understand and respond to with a speech output.

Your task is to rate the model’s responses based on the provided user input transcription [Instruction] and the model’s output

transcription [Response].

Please evaluate the response on a scale of 1 to 5:

1 point: The response is largely irrelevant, incorrect, or fails to address the user’s query. It may be off-topic or provide incorrect

information.

2 points: The response is somewhat relevant but lacks accuracy or completeness. It may only partially answer the user’s question or

include extraneous information.

3 points: The response is relevant and mostly accurate, but it may lack conciseness or include unnecessary details that don’t contribute to

the main point.

4 points: The response is relevant, accurate, and concise, providing a clear answer to the user’s question without unnecessary elaboration.

5 points: The response is exceptionally relevant, accurate, and to the point. It directly addresses the user’s query in a highly effective and

efficient manner, providing exactly the information needed.

Below are the transcription of user’s instruction and models’ response:

### [Instruction]: {prompt}

### [Response]: {response}

After evaluating, please output the score only without anything else.

You don’t need to provide any explanations.

"""

Figure 10: The prompt that uses gpt4 for automatic evaluation without reference.
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A.11 Speaker Significance Test Results
The model’s significance test results for the speaker’s age
and region. We only list the significant groups. The p-value
represents the result of the Mann-Whitney U test [35], and the
d-value represents Cohen’s d effect size [36].

A.11.1 Intent Classification by Age

Model Age Group p-value d-value Comparison

minicpm 35-44 0.00 0.16 HIGHER
minicpm 21-24 0.04 -0.05 LOWER

qwen2.5_omini 25-34 0.02 -0.06 LOWER
qwen2.5_omini 35-44 0.00 0.16 HIGHER

naive2 21-24 0.01 -0.07 LOWER
naive2 45-54 0.05 -0.20 LOWER

glm 35-44 0.00 0.19 HIGHER
glm 45-54 0.00 0.32 HIGHER

qwen2 25-34 0.00 -0.08 LOWER
qwen2 35-44 0.00 0.15 HIGHER

Table 14: Significant Differences in Intent Classification
by Age.

A.11.2 Intent Classification by Region

Model Region p-value d-value Comparison

minicpm Northeast China 0.00 0.34 HIGHER
minicpm Northwest China 0.00 0.46 HIGHER
minicpm Central China 0.00 -0.21 LOWER

gpt4o_mini South China 0.00 -0.07 LOWER
gpt4o_mini North China 0.00 0.13 HIGHER
gpt4o_mini Northeast China 0.00 0.34 HIGHER
gpt4o_mini Northwest China 0.02 0.25 HIGHER

qwen2.5_omini Northwest China 0.00 0.35 HIGHER

naive2 North China 0.01 0.11 HIGHER

glm East China 0.00 0.10 HIGHER
glm Northeast China 0.00 0.38 HIGHER
glm Northwest China 0.02 0.26 HIGHER
glm Central China 0.00 -0.16 LOWER

qwen2 Northwest China 0.00 0.35 HIGHER

Table 15: Significant Differences in Intent Classification
by Region.

A.11.3 Slot Filling by Age

Model Age Group p-value d-value Comparison

minicpm 45-54 0.01 -0.40 LOWER

gpt4o_mini 45-54 0.00 -0.53 LOWER

qwen2.5_omini 45-54 0.02 -0.38 LOWER

naive2 45-54 0.00 -0.51 LOWER

glm 45-54 0.05 -0.35 LOWER

baichuan_audio 25-34 0.01 0.09 HIGHER
baichuan_audio 21-24 0.01 -0.09 LOWER
baichuan_audio 45-54 0.00 -0.57 LOWER

baichuan_omni 45-54 0.00 -0.47 LOWER

qwen2 45-54 0.03 -0.37 LOWER

Table 16: Significant Differences in Slot Filling by Age.

A.11.4 Slot Filling by Region

Model Region p-value d-value Comparison

minicpm South China 0.00 0.14 HIGHER
minicpm Southwest China 0.00 -0.18 LOWER

gpt4o_mini South China 0.00 0.11 HIGHER
gpt4o_mini North China 0.02 0.12 HIGHER
gpt4o_mini Southwest China 0.01 -0.12 LOWER
gpt4o_mini East China 0.03 -0.10 LOWER
gpt4o_mini Northwest China 0.00 -0.39 LOWER

qwen2.5_omini South China 0.02 0.08 HIGHER
qwen2.5_omini North China 0.01 0.14 HIGHER
qwen2.5_omini Southwest China 0.00 -0.14 LOWER
qwen2.5_omini Northwest China 0.00 -0.36 LOWER

naive2 South China 0.01 0.10 HIGHER
naive2 Northwest China 0.04 -0.29 LOWER

glm South China 0.00 0.15 HIGHER
glm Southwest China 0.01 -0.13 LOWER
glm Northwest China 0.00 -0.43 LOWER

baichuan_audio South China 0.00 0.11 HIGHER
baichuan_audio Southwest China 0.00 -0.14 LOWER
baichuan_audio Northwest China 0.01 -0.34 LOWER

baichuan_omni South China 0.01 0.09 HIGHER
baichuan_omni Southwest China 0.01 -0.13 LOWER
baichuan_omni Northwest China 0.00 -0.43 LOWER

qwen2 South China 0.03 0.07 HIGHER
qwen2 North China 0.00 0.15 HIGHER
qwen2 Southwest China 0.00 -0.15 LOWER
qwen2 Northwest China 0.00 -0.36 LOWER

Table 17: Significant Differences in Slot Filling by Re-
gion.
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A.12 Cross-Modal Task Significance Test
Results

Model Test Method Result Mean Difference

minicpm Paired t-test t=-0.94,
p=0.35

8.33 vs 8.36

Wilcoxon test W=362314.50
p=0.56 -

qwen2.5_omini Paired t-test t=6.83,
p=0.00∗∗∗

8.01 vs 7.72

Wilcoxon test W=400266.50
p=0.00∗∗∗ -

glm Paired t-test t=0.64,
p=0.53

8.43 vs 8.41

Wilcoxon test W=412345.00
p=0.33 -

baichuan_audio Paired t-test t=2.52,
p=0.01∗

7.67 vs 7.56

Wilcoxon test W=526585.50
p=0.00∗∗∗ -

baichuan_omni Paired t-test t=-7.52,
p=0.00∗∗∗

7.46 vs 7.83

Wilcoxon test W=609023.50
p=0.00∗∗∗ -

qwen2 Paired t-test t=6.94,
p=0.00∗∗∗

8.00 vs 7.71

Wilcoxon test W=422586.50
p=0.00∗∗∗ -

Table 18: Cross-Modal Task Significance Test Results.
Significance is indicated by ∗ (p < 0.05), ∗∗ (p < 0.01),
∗∗∗ (p < 0.001).

A.13 Equipment environment

The experiments were conducted using two RTX 4090 GPUs,
running on an Ubuntu Linux operating system. To eliminate
the effects of randomness and ensure the experiments are
reproducible, the temperature was set to 0, and no sampling
was performed. All are zero-shot experiments and do not
involve hyperparameter search. The inference GPU time on
the test set of the entire dataset is less than 1 hour.

A.14 Case Studies of Cross-Modal Chat
Divergence

User: Can you help me find a 4S store nearby?

Assistant: The store has Lavida, Sagitar, Paster, Magotan, Bora and other models.

User: Can you recommend me a car with a price between 100,000 and 170,000 yuan?

Speech Chat response: According to your budget and needs, I recommend you to consider Volkswagen Passat.

It is in the price range of 100,000 to 170,000 yuan, has high configuration, good comfort, and Volkswagen brand

reputation.

Cross-Modal Chat response: Based on your budget and needs, I recommend you consider the following cars:

1. Mercedes-Benz C-Class: Mercedes-Benz C-Class is a luxury mid-size car with a price range of RMB 400,000

to 500,000. It has rich configurations and a comfortable driving experience, making it suitable for consumers who

pursue a quality life...

Figure 11: Forgetting the key information and seman-
tics of the previous context of different modalities in
Cross-Modal chat task. The original Chinese data were
translated into English.

User: I want to learn about Van Gogh.

Assistant:Van Gogh was a Dutch post-impressionist painter. He showed interest in painting from a very young

age, but he started to focus on painting in his twenties.

User: Do you have any recommendations for movies or TV series about Van Gogh?

Speech Chat response: Yes, there are many movies and TV series about Van Gogh. Some movies and TV

series about Van Gogh are very popular, such as "L'Éternel Printemps" and "Vincent and the Doctor". These works

are all based on Van Gogh and tell about his life and creative career.

Cross-Modal Chat response: Yes, such as "Vincent and Theo", "Starry Night", "Van Gogh's Bridge", "Van

Gogh's Ear", "Van Gogh", "Van Gogh's Last Days", "Van Gogh", "Van Gogh"...

Figure 12: Text degradation problem in Cross-Modal
chat task. The original Chinese data were translated into
English.

User: This professional quality is also very admirable. Can you introduce this anchor?

Assistant: Of course. Li Wenjing, born in Datong, Shanxi in 1974, is a female anchor of CCTV News Channel.

User: What is her hosting experience?

Assistant: Li Wenjing started working at Shanxi TV in 1995.

User: What is Wenjing's hosting style?

Assistant: Unlike ordinary news anchors, Li Wenjing likes to use body language on the screen, and she has a lot of

gestures.

Assistant: Her tone is emphatic and very subjective.

User: Has she always been so professional in hosting?

Assistant: Of course not. Many controversial incidents occurred during her broadcasting.

User: It seems that professional professional qualities are gained from experience. “

Speech Chat response: Yes, Li Wenjing has also made steady progress in hosting.

Cross-Modal Chat response: Yes.

Figure 13: Reduced quality of response richness in
Cross-Modal chat task. The original Chinese data were
translated into English.

A.15 Performance trends as the number of
conversational history turns increases.
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Figure 14: Performance trends as the number of conver-
sational history turns increases. (a) Pipline on IC task.
(b) Chat task on the SD-Col subset.
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