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Abstract

Spoken Dialogue Models (SDMs) have re-
cently attracted significant attention for their
ability to generate voice responses directly to
users’ spoken queries. Despite their increasing
popularity, there exists a gap in research fo-
cused on comprehensively understanding their
practical effectiveness in comprehending and
emulating human conversations. This is espe-
cially true compared to text-based Large Lan-
guage Models (LLMs), which benefit from ex-
tensive benchmarking. Human voice interac-
tions are inherently more complex than text
due to characteristics unique to spoken dia-
logue. Ambiguity poses one challenge, stem-
ming from semantic factors like polysemy, as
well as phonological aspects such as hetero-
graph, heteronyms, and stress patterns. Ad-
ditionally, context-dependency, like omission,
coreference, and multi-turn interaction, adds
further complexity to human conversational dy-
namics. To illuminate the current state of SDM
development and to address these challenges,
we present a benchmark dataset in this paper,
which comprises 1,079 instances in English and
Chinese. Accompanied by an LLM-based eval-
uation method that closely aligns with human
judgment, this dataset facilitates a comprehen-
sive exploration of the performance of SDMs
in tackling these practical challenges.

1 Introduction

Human conversations, particularly spoken dia-
logues, are inherently complex owing to ambiguous
contexts (Solé and Seoane, 2014) that introduce un-
certainties in communication. Ambiguity arises
from phonological elements like pauses and intona-
tion, as well as semantic factors such as lexical and
syntactic ambiguity, as demonstrated in Figure 1(a)
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and Figure 1(b). These ambiguities can lead to mis-
interpretations, necessitating careful understanding
and response from participants. Recently, Spoken
Dialogue Models (SDMs), such as GPT-40-Audio-
Preview (OpenAl, 2024b) and MooER-Omni (Xu
et al., 2024), have become increasingly involved in
human interactions. An SDM processes voice input
and delivers voice response (Ji et al., 2024), and an
effective SDM should be capable of recognizing
and addressing challenging ambiguities to produce
coherent replies.

Even in contexts without ambiguity, challenges
can arise for SDMs. Speakers may omit previously
mentioned entities or those understood as common
knowledge, as illustrated in Figure 1(c). Addition-
ally, speakers often use pronouns to refer to specific
entities, as shown in Figure 1(d). Such context-
dependency is significant in multi-turn interaction
(Figure 1(e)). This requires SDMs to accurately
identify and resolve omissions and coreferences to
understand the intent of a speaker.

Despite the importance of handling ambiguity
and context-dependency, it is yet unclear whether
current SDMs are capable of addressing these chal-
lenges. To bridge the gap, we conduct an in-
depth empirical study on the complexity of spo-
ken dialogues and propose a novel dataset meticu-
lously designed to study SDMs in handling com-
plex dialogue situations with phonological ambigu-
ity, semantic ambiguity, omission, coreference, and
multi-turn interaction. Together with the dataset,
we also propose an automatic LLM (Large Lan-
guage Model)-based evaluation method to test the
capability of SDMs, which aligns well with hu-
man evaluation results. After studying six popular
SDMs, we deliver three findings to the commu-
nity, including pointing out the different difficulties
of five phenomena, two languages in spoken dia-
logues, and demonstrating the different advantages
of the SDMs.
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AKEFIZ” in different pause positions TEELRERE.

ERTAFIE, means different: (1) small but tasty; -

(2) not very tasty. @) SEXRE? Friday).
You're going to Different intonations means different:
S e party /: Rising indicates a question. Your advice made me

party “: Falling indicates a statement. happy but (?) Tom angry.

(a) Phonological ambiguity

Different subjects mean different meanings
of ‘BFELFEZL”

BEX("summer”): wear as little as possible.
£ X (‘winter”): wear as much as possible.

R4, BTIA=8EX—
RN, BRHRE—T
BERBRSUM,

Two possible meanings:

She loves music more than (1) he
loves his wife; (2) his wife does.

Mr. Smith loves
music more
than his wife.

The city councilmen refused
the demonstrators a permit
because they feared violence.

(b) Semantic ambiguity

The omission in (?):
TAEAIEER (in Beijing next

The omission in (?): made.

(c) Omission

2,
Human fg & 63\ SDM

“BBX” (that day) refers to:

“FRAZ="(next Wednesday).

(d) Coreference

R, BEREE— -
MNREBHMRR, RIFRNE 20
TIARK,

7 BEFERUE—LEH P
KE%EWIE,

The response in the final
turn considers the
content of the previous
turns of conversation:
e.g., “NEMETE 20 TLA
------ A" (ticket price is less
2 FEMBRE—NFHENE than 20 yuan) considers
#, SuLERSREZRIER, “BHE 20 TUA” in the
7‘1 181 20 TTUAK, BiffiSh: first-turn.
BAL—ANNES, MREF......

A: Can you tell me the results of my
home inspection?

B: Have you done the inspection before
this time? If so, please provide the bill.
A: I never had a home inspection
before.

B: Let me have an inspection...

The final response
is reasonable,
addressing the
home inspection
results coherently,
reflecting logical
continuity in the
multi-turn
dialogue.

A: Can you tell me the results of my
home inspection?

B: Your home has been inspected and
is ready for occupancy.

“they” refers to:
“The city councilmen”.

(e) Multi-turn interaction

Figure 1: The structure and exemplars within the dataset. The subplots correspond to the sub-datasets of five
phenomena. The blue boxes enclose the input for SDM, with some parts of the prompts omitted, while the
corresponding outputs are within dashed boxes. Blue underlined text indicates the focal elements of interest, and
gray text represents a segment of the prompt. The arrow indicates a rising or falling intonation. The (?) denotes an
omitted sentence component. The » points to the referent of the pronoun. The ... represents the omitted dialogue.

2 Related Work

2.1 Spoken Dialogue Models

SDMs can be divided into earlier cascaded models
and recent end-to-end models (Ji et al., 2024; Cui
et al., 2024). The end-to-end model can directly
understand and generate speech representations,
while the cascaded model consists of Automatic
Speech Recognition (ASR) (Malik et al., 2021; Yu
et al., 2021; Hsu et al., 2021), Language Models
(LMs), and Text-to-Speech (TTS) modules (Mehta
et al., 2024; Popov et al., 2021). Cascaded models
lose crucial audio features (e.g., intonation) during
ASR processing, forcing LMs to work only on text.
This prevents them from interpreting phonetic phe-
nomena in raw audio. Consequently, it is natural
that they underperform when there exists ambiguity
in human speech. Our evaluation in this paper thus
focuses on end-to-end models.

GPT-40-Audio-Preview (OpenAl, 2024b) is the
first end-to-end SDM that can generate fluent voice
responses and analyze the emotions and intona-
tions of the audio input. Since the implementa-
tion is not public, some open-source works, in-
cluding LLaMA-Omni (Fang et al., 2024) and
Freeze-Omni (Wang et al., 2024b), are explored
and proposed. These works achieve low-latency
spoken responses based on LLM in English con-
versation. To achieve real-time full-duplex dia-
logue capabilities for spoken large language mod-
els, Moshi (Défossez et al., 2024) is proposed, and
it supports interruptions. To support more lan-

guages’ conversation, MooER-Omni (Xu et al.,
2024), GLM-4-Voice (Zeng et al., 2024), VITA-
Audio (Long et al., 2025), Step-Audio (Huang
et al., 2025), Kimi-Audio (KimiTeam et al., 2025),
and Qwen2.5-Omni (Xu et al., 2025) are proposed,
and they show great ability in both English and
Chinese spoken dialogues. We will study all these
mentioned end-to-end SDMs in this paper.

2.2 Benchmarks and Datasets

To evaluate the capacities of SDMs, several bench-
marks have been developed, each focusing on dif-
ferent aspects of audio (Hu et al., 2025; Qu et al.,
2025). ADU-Bench (Gao et al., 2024) examines the
cross-lingual and cross-skill spoken dialogue under-
standing capabilities of SDMs. Other benchmarks
extend beyond language to include additional fea-
tures. For instance, AIR-Bench (Yang et al., 2024)
first evaluates the ability to understand various
types of audio signals. SUPERB (Yang et al., 2021)
focuses on speaker and emotion recognition. Au-
dioBench (Wang et al., 2024a) assesses the ability
to understand speech, audio scenes, and paralin-
guistic features. SD-Eval (Ao et al., 2024) evalu-
ates SDMs’ responses to utterances with varying
emotions, accents, ages, and background sounds.
MMAU (Sakshi et al., 2024) includes perception
and reasoning tasks across speech, sound, and mu-
sic. VoiceBench (Chen et al., 2024) focuses on
real-world scenarios involving speaker characteris-
tics, environmental conditions, and content factors.

However, these benchmarks have some limita-
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tions in four aspects:

(1) Most of the above benchmarks ignore the am-
biguity. The only exception, ADU-Bench, consid-
ers it but does not cover phonological ambiguities
such as press, heterograph, heteronym, and some
semantic ambiguities, such as syntactic ambigui-
ties.

(2) None of the aforementioned benchmarks con-
sider comprehension difficulties caused by corefer-
ence and omission phenomena.

(3) All of the benchmarks listed include real-
world spoken dialogue data from only one lan-
guage (i.e., English). While ADU-Bench incor-
porates other languages, these datasets are trans-
lated from English, which means they may lack
language-specific features, such as tone in Chinese.

(4) These benchmarks focus solely on single-
turn dialogues, whereas multi-turn interactions are
more common in spoken communication. They do
not assess the ability of SDMs to handle multi-turn
dialogues.

3 A New Benchmark for SDMs

The field of SDMs is rapidly evolving. Few studies
could reveal the limitations and real performance of
these models in handling complex ambiguity and
context-dependency, which widely exist in human
conversations.

In this section, we first empirically study each
aspect of conversational complexity. Based on our
empirical study, we design the dataset specifically.

3.1 The Complexity of Spoken Dialogues

To investigate the importance of the complex phe-
nomena in spoken dialogue, we conduct a liter-
ature review, statistical analysis, and case study.
The statistical analysis is performed using datasets
in both English and Chinese. For English dia-
logues, we use CABank (MacWhinney and Wag-
ner, 2010; Yaeger-Dror, 2007; Yaeger-Dror and
Beaudrie, 2007). For Chinese dialogues, we use
MagicData-RAMC (Yang et al., 2022) as the stud-
ied dataset. These datasets are selected because
they are constructed based on real-world spoken
dialogues rather than text-based dialogues. The rea-
son for not using text-based dialogues is that they
differ from spoken dialogues not only in form but
also in content (Le Bigot et al., 2004; Placiniski and
Zywiczynski, 2023). Moreover, these two datasets
are used in many top conferences (Guo et al., 2023;
Li et al., 2021; Maheshwari et al., 2025) and jour-

nals (Xie et al., 2024; Landini et al., 2024).

3.1.1 Phonological Ambiguity

Phonological ambiguity can be classified into two
types: segmental and supra-segmental. The for-
mer refers to discrete units that can be identified
auditorily in the stream of speech. The latter refers
to those features that extend over more than a sin-
gle unit in an utterance (Ladefoged et al., 2006;
Sharma, 2021). To make this section clearer, some
terms are clarified as shown in Figure 2.

| Same Segmental Features i

[ Same Pronunciation ]

4 S,

# Tone-only
Difference

!
%

N
) w/o Phonological
Ambiguity

Heterograph

\,
\,
.

e -

{ Same Spelling }

Figure 2: The relation between terms in Section 3.1.1.

Firstly, we investigate the segmental ambiguity.
Tone-only Difference: In spoken dialogue, espe-
cially in Chinese, the same segmental features do
not convey the same meaning. For example, the
Chinese phonetic alphabet hao can have four differ-
ent tones, and each tone refers to a set of Chinese
characters. The tone-only difference in pronuncia-
tion can lead to ambiguity. We use the tool (pyp) to
count the situation in the dataset. We find that more
than 99.25% Chinese characters from real-world
dialogues have characters with the same phonetic
alphabet but different tones, which can contribute
to the ambiguity.

Heterograph: Some words with the same pronun-
ciation may have different spellings. For example,
in English, “night” and “knight”, “tail” and “tale”
are heterographs'. We use the tools (pyp; pro) to
count the situation in the dataset and find that there
are 7.05% of the English words and 97.94% of the
Chinese characters in dialogues are heterographs.

Heteronym: Some words with the same spelling
also have different pronunciations. Of the 2,000
most frequently used English words, 9 of them are
heteronyms? (Parent, 2012). A study (Zhang and
Chu, 2002) reveals that there are at least 688 Chi-
nese heteronyms. We use the tool (pro) to explore

'A word whose pronunciation is the same, but whose
spelling and meaning differ from another’s.

%A word having the same spelling as another but a different
meaning, and often a different pronunciation.
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English dialogues and find that at least 851 En-
glish heteronyms appear more than 42,315 times in
real-world spoken dialogues.

The numbers above demonstrate the widespread
existence of each phenomenon that can contribute
to the segmental phonological ambiguity.

Secondly, we investigate the supra-segmental
ambiguity. Pause, intonation, and stress are three
supra-segmental features that can lead to ambigu-
ity. Figure 1(a) shows two examples with different
pause positions and with different intonations. The
placement of stress in English can lead to ambigu-
ity (Haolan, 2025). For example, “a green house”
refers to a building with a roof and sides made
of glass when the word “green” is stressed, but it
denotes a building that is colored green when the
word “house” is stressed.

3.1.2 Semantic Ambiguity

As shown in Figure 2, the words that have the same
pronunciation and spelling do not have phonolog-
ical ambiguity, but semantic ambiguity can exist
in them. Semantic ambiguity can be classified into
two types: lexical and syntactic.
Lexical Ambiguity: It means one word in a sen-
tence can have two or more meanings. For example,
in the sentence “They exchanged addresses in dark-
ness”, the term “darkness” can be interpreted as ei-
ther “in the absence of light” or “secretly”. A study
on 11 business articles (Jannah, 2021) identified 27
instances of lexical ambiguity, demonstrating the
widespread presence.
Syntactic Ambiguity: This means the situation
where a sentence can be interpreted in more than
one way due to its grammatical structure. Exam-
ples are shown in Figure 1(b). We use the tool (spa)
to analyze the dataset and find that there are 15.79%
of Chinese and 41.14% of English sentences with
syntactic ambiguity in dialogues.

The numbers mentioned above demonstrate that
semantic ambiguity often occurs in spoken dia-
logues.

3.1.3 Omission

Omission (also known as ellipsis) is common in
spoken conversations. Two examples are shown in
Figure 1. Moreover, subjects, verbs, and pronouns
can be omitted in English dialogues (McShane,
2005). Statistically, a study (Glass, 2022) finds that
the omission of verb objects is particularly common
when describing routines. Another study (Su et al.,
2019) shows that 52.4% of Chinese utterances also

have omissions in dialogues.

We use the tools (spa) for analysis and find that
the incidence of subject omission (just one type of
omission) in the dataset was 2.42% in the English
subset and 16.51% in Chinese. It indicates the wide
existence of omission in spoken dialogues.

3.1.4 Coreference

Pronouns can be used to refer to what is men-
tioned before in spoken dialogues, which is called
coreference. Two examples are shown in Figure 1.
A study (Su et al., 2019) shows that coreference
occurs in 33.5% of Chinese daily conversations.
Statistically, we use the tools (spa; jie) to count
the number of pronouns and find that more than
69.60% English dialogues and 63.67% Chinese
ones have coreference. Such high usage of pro-
nouns suggests that coreference is frequent in spo-
ken dialogues, either in English or Chinese.

3.1.5 Multi-turn Interaction

Commonly, one speaker interacts with the other
in multiple turns in conversation (Lin et al., 2022).
Statistically, in the Chinese dataset collected from
human conversations, speakers switch an average
of 270 times per dialogue. In the English dataset,
the average number of speaker turns per dialogue
is 331. Furthermore, the MagicData-RAMC (Yang
et al., 2022) dataset, also collected from human
conversations, has an average of 135 turns per dia-
logue. It indicates that multi-turn interactions are
important in spoken conversation.

3.2 Benchmark Dataset Design
3.2.1 Pipeline

Firstly, we collect real-world spoken dialogues with
each phenomenon mentioned in Section 3.1. To
cover as many complex conversations as possible,
we determine the standard for collection according
to the relevant literature (details can be found in
Appendix A.1). With the standard, we collect and
extract speech data from web sources and some
datasets (Quan et al., 2020; Yu, 2017; Shepherd,
2011; Kocijan et al., 2020; Zhu et al., 2020; Li
et al., 2017).

After that, we transfer each real-world spoken
dialogue to a unified question instance for the evalu-
ation. We incorporate each dialogue with a prompt
for the evaluation. Different instructions are de-
signed for different phenomena. More details can
be found in Section 3.2.2.
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For example, the incorporated data instance is
shown in Figure 3. To avoid the influence of ir-
relevant factors such as timbre and background
music, we re-generate each speech data with the
tool (Anastassiou et al., 2024), which makes the
dialogue content have a unified timbre and no back-
ground noise.

To ensure the quality of the generated speech, we
manually check each speech and replace incorrect
instances with human voices. The reference answer
in each instance is also manually produced.

Table 1: The number for each category of Cgy,. “zh”
indicates Chinese, and “en” indicates English.

Category Subcategory zh en
C Phonological 37 29
am-data Semantic 118 51

Omission 70 102

Ceon-data Coreference 60 540

Multi-turn Interaction 38 34

We divide the Cgaty into Cym-gata (phonological
and semantic ambiguity) to evaluate the ability on
ambiguity and Ccop_qgata (0mission, coreference, and
multi-turn interaction) to evaluate the ability on
context-dependency (thus the ambiguous dialogues
are removed in Cy_data). The number of each cat-
egory is presented in Table 1. There are 1,079
instances in the C3, comprising 1,586 audio-text
paired samples. The number of audio-text pairs ex-
ceeds the number of instances because multi-turn
dialogues contain multiple samples.

3.2.2 Data Instance Construction

To evaluate SDM’s performance across different
complex phenomena, we design specialized instruc-
tions for each category. The complete set of in-
structions and annotation details are provided in
Appendix A.2.

Phonological Ambiguity: The phonological ambi-
guity evaluates both the comprehension and gener-
ation capabilities of the SDM. For comprehension
assessment, we instruct the SDM that the input con-
tains potentially ambiguous phonological features
and request a detailed interpretation. For genera-
tion assessment, we explicitly indicate the presence
of incorrect phonological features (e.g., pauses, in-
tonation) and prompt the SDM to generate a cor-
rected response with appropriate prosodic markers.
Semantic Ambiguity: We inform the SDM that
the meaning of the instance is unclear and instruct
the SDM to provide a detailed explanation.

Omission: Our assessment focuses on two capabil-
ities, (1) Detection: Instruct the SDM to identify
if there are missing elements in the dialogues. (2)
Completion: Inform that some content is omitted
and instruct SDM to provide the completed sen-
tence with the omission.
Coreference: We evaluate two related skills, (1)
Detection: Instruct the SDM to identify if there
is any coreference in the instance. (2) Resolution:
Inform that the coreference phenomenon exists in
the dialogue and instruct SDM to provide the coref-
erence relationship.
Multi-turn Interaction:

After the real-world multi-turn dialogues, we
repeat the initial question and instruct SDM to pro-
vide the identical answer as the previous one.

4 Experiment Settings and Evaluation

4.1 Experimental Settings

We select end-to-end SDMs instead of cascaded
ones because the latter are unable to retain the
phonological features such as press, pause, and
intonation during ASR.

For the SDMs (i.e., Freeze-Omni, LLaMA-
Omni, VITA-Audio, and MooER-Omni) that do
not natively support multi-turn interaction, we con-
catenate the dialogue history in sequence before the
current input in the evaluation. The real-time full-
duplex model (i.e., Moshi) interrupts the input au-
dio when provided with dialogue history, resulting
in responses beyond the posed questions. As it can-
not be evaluated in the same setting of multi-turn
interaction as others, it is not fair to be compared
and thus not chosen. Note that some models (i.e,
LLaMA-Omni and Moshi) do not support Chinese;
therefore, they are evaluated only in English.

4.2 LLM-based Evaluation

Preprocessing Most SDMs output both audio
and corresponding text simultaneously. For the
model (i.e., Moshi) without generating correspond-
ing text, we convert the audio to text using Whis-
per (Radford et al., 2023).

Evaluation Method We adopt different methods
for different categories in the dataset, Cga,. For
most tasks, except for generating audio with correct
phonological features in the phonological ambigu-
ity phenomenon, we evaluate the transcribed text
from the audio. This is because phonological fea-
tures in the response do not affect the comparison
results with the reference, so evaluating the text
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Htip= e

The sentence below contains ambiguity:
I know the girl better than you.
Please tell me how to understand it.

The phrase 'better than you' is ambiguous,

two distinct meaning is: | know the girl
better than you know her. | know the girl
better than | know you.

Jo

o
o

D,

L I Y I T T T T
Please listen carefully to the following
sentence, after the sentence ends, | will
ask you some questions: John was the
winner in 1994 and Bob in 1998.

Some content has been omitted in the
sentence, please fill in the omitted parts
and provide the complete sentence.

John was the winner in 1994 and Bob was
the winner in 1998.

] Hee 1 e SR
The sentence below is hard to understand:
He saw the man [PAUSE] with glasses.
Could you tell me what it means?

The pause after 'man’ indicates that ‘with
glasses' is an additional description,
meaning 'He saw the man, and he was
wearing glasses'

Figure 3: The structure of the data instance. The blue box contains input data in text and audio format, where blue
text is the prompt and black text is the dialogue content being questioned. The dashed box contains the reference
output, with the underlined portion highlighting the key element. “[PAUSE]” represents the pause in the audio.

Table 2: Accuracy (%) of different SDMs on the Chinese (“zh”) or English (“en”) dialogue data subset of C3.

GPT-40-

LLaMA-

MooER- Qwen2.5-

Category Freeze-Omni GLM-4-Voice Audio-Prev. Kimi-Audio Omni Omni Moshi Omni Step-Audio VITA-Audio  Overall
zh en zh en zh en zh en en zh en en zh en zh en zh en zh en
Phonological 16.22 8.62 1892 27.59 29.73 53.45 20.27 46.55 1552 2027 18.97 10.34 27.03 4828 2297 29.31 8.11 31.03 2044 28.97
Semantic 1.69 11.76 254 1569 593 70.59 4.24 2941 1275 212 46.08 9.80 6.78 3235 508 21.57 3.39 18.63 3.97 26.86
Cam-data 8.96 10.19 10.73 21.64 17.83 62.02 12.25 3798 14.13 11.19 3252 10.07 16.90 40.31 14.03 2544 5.75 24.83 12.21 2791
Omission 429 686 571 637 4429 1618 2929 1029 5.88  32.14 490 294 27.86 1520 17.86 10.78 6.43 7.84 2098 8.73
Coreference 10.83 47.22 16.67 68.98 54.17 91.11 40.00 87.41 56.94 3250 36.02 24.63 55.83 68.15 50.83 57.31 33.33 74.81 36.77 61.26
Multi-turn 11.84 44.12 10.53 58.82 13.16 47.06 / / 55.88  63.16 41.18 /  82.89 9559 7.89 41.18 63.16 60.29 36.09 55.51
Ceon-data 8.99 3273 10.97 44.73 3720 51.45 34.64 4885 39.57 42.60 27.37 13.79 55.53 59.64 25.53 36.43 34.31 47.65 31.22 40.22
Overall 8.97 2372 10.87 3549 29.45 55.68 23.45 4342 2939 30.04 2943 11.93 40.08 51.91 20.93 32.03 22.88 38.52 23.33 35.15

alone is sufficient. For the task of generating audio
with correct phonological features, we evaluate the
audio output manually, as it requires examining
phonological features that cannot be captured by
the transcribed text.

For the evaluation based on transcribed text, we
design an automatic LLM-based evaluation method
following the paradigm of LLM-as-a-judge (Gu
et al.,, 2024). GPT-40 (OpenAl, 2024a) and
DeepSeek-R1 (DeepSeek-Al et al., 2025) are se-
lected as LLM judge due to their great performance
in reasoning (DeepSeek-Al et al., 2025). LLM
judges are used to compare the SDM output with
the reference and determine the correctness. More-
over, we divide the evaluation task into smaller
steps, instructing LLLM judges with the prompts
that are listed in the repository>. For the evalua-
tion based on the audio, three human experts are
required to label whether each of the SDM outputs
is correct, and we use a voting strategy to make the
final decision for each generated response.

The accuracy (i.e., the proportion of instances
judged correct out of the total number of instances)
is regarded as the metric.

Reliability Analysis To validate the reliability
of our designed automatic evaluation method, we

Shttps://step-out.github.io/C3-web

first conduct a human evaluation on the gener-
ated responses by GPT-40-Audio-Preview for Cypta.
Following best practice for the human evalua-
tion (van der Lee et al., 2019), three human experts
manually label whether each response is correct.
If the labels from all experts are not the same, the
majority label is chosen as the reference result.

After the human evaluation, we computed the
Pearson (Cohen et al., 2009), Spearman (Xiao et al.,
2016), and Kendall (Abdi, 2007) correlation coef-
ficients to quantify the consistency between LLM
judges and humans. All the coefficients’ values
are more than 0.87 in either the English or Chi-
nese subset, either for DeepSeek-R1 or GPT-40
as LLM judge (detailed numbers can be found in
Appendix A.3). It demonstrates that LLM judges
have high consistency with humans in each subset
for the two LLMs. Moreover, all p-values of the
correlation coefficients are less than 0.001, which
means the consistency is significant. These statisti-
cal results validate the reliability of our automatic
evaluation method.

5 Experimental Results and Findings

5.1 Experimental Results

To mitigate bias between DeepSeek-R1 and GPT-
40, we compute the average of their accuracies as
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the final result, as shown in Table 2. The SDMs
perform differently across different languages and
phenomena.

As shown in Table 2, the gap between English
and Chinese exceeds 8% across each phenomenon,
indicating that SDMs exhibit varying capabilities
depending on the language. Meanwhile, in the En-
glish subset, GPT-40-Audio-Preview significantly
outperforms other models, achieving an overall ac-
curacy of 55.68%, while the average performance
of all SDMs is only 35.15%. In contrast, in the
Chinese subset, Qwen2.5-Omni stands out as the
top-performing SDM, achieving an overall accu-
racy of 40.08%, while the average performance of
all SDMs is 23.33%. The gap between Chinese
and English in top performances and overall scores
further highlights the differing strengths of SDMs
across languages.

Within the same language, the performance gap
between the strongest and weakest phenomena is
over 9 times (for Chinese) and 6 times (for English),
suggesting that SDMs vary in their strengths across
different phenomena.

To illustrate the performance in handling dif-
ferent phenomena, radar charts are presented in
Figure 4 and Figure 5. As shown in Figure 4,
GPT-40-Audio-Preview has the largest green area
compared to the others, which validates its top
performance. In the dimension of multi-turn inter-
action, GPT-40-Audio-Preview scores significantly
lower than Qwen2.5-Omni, indicating a weakness
of the model. Although the overall scores of the
top two SDMs, GPT-40-Audio-Preview at 55.68%
and Qwen2.5-Omni at 51.91%, are relatively close,
each model exhibits distinct advantages. As shown
in Figure 5, Qwen2.5-Omni excels in multi-turn
interaction, with a sharp accuracy gap over other
SDMs. The performance of the SDMs further high-
lights their varying strengths across different phe-
nomena. Note that the detailed results from each
LLM judge can be found in Appendix A.4.

To further investigate the ability to handle dia-
logues with omission and coreference, two tasks,
including detection and completion (resolution),
are provided for the evaluation. The final results of
these two tasks are presented in Table 3.

coreference

multi-turn
interaction

omission

phonological

semantic
== LLaMA-Omni —— Freeze-Omni
Kimi-Audio —— Moshi
== VITA-Audio —— Qwen2.5-Omni
GLM-4-Voice Step-Audio
MooER-Omni = GPT-40-Audio-Preview

Figure 4: Radar charts depicting the accuracies of each
SDM on the English subset of Cyy,.

coreference

multi-turn
interaction

omission

phonological

semantic

Kimi-Audio —— Freeze-Omni

== VITA-Audio —— Qwen2.5-Omni
GLM-4-Voice Step-Audio
MooER-Omni —— GPT-40-Audio-Preview

Figure 5: Radar charts depicting the accuracies of each
SDM on the Chinese subset of Cgaa.

5.2 Experimental Findings

5.2.1 Ambiguity Is Difficult for SDMs
Especially Semantic Ones in Chinese

As shown in Table 2, SDMs achieve overall accura-
cies of 12.21% (Chinese) and 27.91% (English) on
Cam-data> Significantly lower than the 31.22% (Chi-
nese) and 40.22% (English) observed on Cgop_data-
The performance gap of over 10 percentage points
in both languages suggests that ambiguity presents
greater challenges for SDMs. Specifically, the over-
all accuracy in semantic ambiguity is only 3.97% in
Chinese, compared to 26.86% in English. This pro-
nounced disparity (exceeding a six-fold difference)
underscores the challenges of processing semantic
ambiguity in Chinese.

Additionally, the difference in accuracies for
phonological ambiguity, 20.44% (Chinese) and
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Table 3: Accuracy (%) of omission and coreference phenomena.

- Freeze- GLM-4- GPT-40- Kimi- LLaMA- MooER- . Qwen2.5- Step- VITA-
Phenomenon  Ability — Lang ", o “yoice  Audio-Prev. Audio Omni  Omni MM TOmni  Audio Audio OYerall
Detecti zh 857  10.00 8286  52.86 / 61.43 / 4857 3286 857  38.65
. clecion oy 8.82 4.90 13.73 1275  6.86 6.86 392 1176 784 686 857
Omission
Completi zh  0.00 1.43 571 / 2.86 / 714 286 429 375
ompietion . 490  7.84 18.63 4.90 294 196 1863 1373 882 898
Detection 7h 2000 3333 6333 60.00 / 58.33 / 86.67 7000 5667 5641
‘ en  57.59  83.89 9537  97.04 7852 2593 3537 7056 6333 8759 69.61
Coreference
Resolution M 167 000 4500  20.00 / 6.67 / 2500 3167 1000 17.00
; en 3685  54.07 8685 7778 3537 4611 13.89 6574 5130 6204 52.17

28.97% (English), exceeds an 8% gap. The ex-
ception is MooER-Omni, which has a gap of less
than 1.5 percentage points. This contrast highlights
MooER-Omni’s cross-linguistic ability to handle
phonological ambiguity.

5.2.2 Processing Omission Is the Most
Difficult in Context-Dependency

Table 2 shows that, except for GPT-40-Audio-
Preview and Step-Audio in Chinese, all SDMs have
the smallest accuracy when dealing with the omis-
sion phenomenon among Ccop-data- This indicates
that omission is the most difficult phenomenon for
SDMs to handle in context-dependent dialogues.

Dealing with spoken dialogues with omission or
coreference requires both detection and completion
(or resolution). To investigate the abilities of SDMs
at a granular level, we compare the accuracies of
each ability as shown in Table 3. In omission, most
SDMs have higher accuracy in detection than in
completion. This suggests that although the omis-
sion is pointed out, the SDMs could not fully under-
stand and thus complete the missing part. The ex-
ception is GLM-4-Voice, GPT-40-Audio-Preview,
Qwen2.5-Omni, Step-Audio, and VITA-Audio in
English. With the prompt of the omission phe-
nomenon, these five SDMs can complete more than
what they can detect on their own. In coreference,
the finding is similar. Most SDMs have higher ac-
curacy in detection than resolution, indicating that
although the coreference is pointed out, the SDMs
cannot fully understand and resolve it. The excep-
tion is MooER-Omni in English, which performs
better when pointing out coreference. The above
findings teach us that pointing out the phenomenon
in dialogue can be helpful for some SDMs, but
most of them benefit only slightly.

We also find that most SDMs demonstrated
higher accuracy in dealing with coreference res-
olution than omission completion. The different
performances of these two phenomena can be in-

ferred: In the coreference phenomenon, both the
pronoun and the antecedent are present in the sen-
tence. The SDM can replace the pronoun with the
antecedent by understanding the sentence. How-
ever, in the omission phenomenon, the omitted
content is not present in the sentence. To complete
the omitted parts, the SDM should not only under-
stand each component’s meaning but also generate
non-existent components. Therefore, resolving the
omission phenomenon is more difficult for SDMs
than resolving the coreference phenomenon.

Moreover, we observe that most SDMs exhibit
low accuracies (below 65%) in multi-turn inter-
actions, whereas Qwen2.5-Omni achieves signifi-
cantly higher accuracy, with 82.89% for Chinese
and 95.59% for English, outperforming the other
models.

5.2.3 Complex Dialogues in Chinese Are More
Difficult than Ones in English

As shown in Table 2, the overall accuracies for
both Cyp-data and Ceop-data are higher in English
(27.91% and 40.22%) than in Chinese (12.21% and
31.22%). The difference exceeds nine percentage
points, indicating that, generally, SDMs perform
better in English dialogues.

Specifically, in each phenomenon, the overall
accuracy in English is higher, except for omission,
suggesting that English phenomena are generally
easier for SDMs than their Chinese counterparts.

Specifically, as shown in Table 2, most SDMs
demonstrate higher accuracy in English than in
Chinese. For instance, Freeze-Omni and GLM-4-
Voice achieve accuracies of 23.72% and 35.49%
in English, more than double their performance in
Chinese (8.97% and 10.87%). This substantial gap
highlights the need for enhanced cross-linguistic
capabilities in current SDMs.

Summary: These findings suggest that the choice
of SDM should depend on the specific situation,
such as the phenomenon or language.
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6 Conclusion

In this work, we introduce a new benchmark, C3,
to evaluate SDMs’ capabilities in handling vari-
ous complex conversations. Our empirical study
reveals five important phenomena in spoken dia-
logues that are not fully explored in previous works.
With our designed dataset, Cgqata, and LLM-based
evaluation method, SDMs can be evaluated more
comprehensively. Furthermore, we conduct experi-
ments on six SDMs. The results point out different
difficulties in processing these complex phenomena
in different languages.

We believe that C3, including real and complex
challenges in spoken dialogues, is helpful for re-
searchers to achieve natural and intelligent spoken
interaction with humans. In the future, we will
collect more language dialogues into Cqga.

Limitations

There are two limitations to this work: First, the
five complex phenomena discussed in this paper
are not limited to English and Chinese; they have
significant potential for other languages. Second,
there is potential bias among human experts who
evaluate the outputs of SDMs. To mitigate this bias,
we employ a voting mechanism.
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A Appendix

A.1 Deatils of Dataset Design

Based on our empirical study, we optimize the
data construction process and introduce criteria to
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ensure the quality of the dataset (Section 3.2). The
specific filtering criteria are as follows:
Phonological Ambiguity: The intended meaning
of the instances is ambiguous, caused by phono-
logical features including heteronym, heterograph,
stress, intonation, pause, and tone-only difference.
Semantic Ambiguity: The sentence contains lex-
ical or syntactic ambiguities. More specifically,
lexical ambiguity means it contains polysemous
words, while syntactic ambiguity means the phrase
or sentence can be parsed in more than one way
grammatically.
Omission: The instance omits part of the utter-
ance, and the omission must be inferred from the
surrounding context or common knowledge. More
specifically, the omission can be the word: subject,
verb, or object, commonly understood by speakers.
Coreference: The instance uses pronouns (e.g., he,
she, that) or phrases (e.g., the former, the boy) to
refer to specific entities mentioned in the dialogue.
Multi-turn Interaction: The instance includes at
least five turns with speaker alternation, and seman-
tic dependencies are across dialogue turns.

The dataset design process for each phenomenon
is described in detail below.

A.1.1 Phonological Ambiguities

Understanding In the Chinese subset, ambigui-
ties arise from four types of characteristics: pause,
heteronym, heterograph, and syllable with differ-
ent tones. In the English subset, ambiguities result
from four types of characteristics: heterograph,
pause, stress, and intonation. During the manual
review of the TTS-generated audio, we find that
the audio quality in the Chinese dataset is poor for
the pause and heteronym characteristics, and in the
English dataset for the pause and stress characteris-
tics. Consequently, these four parts of the data are
re-recorded manually. The final bilingual dataset
contains ambiguous questions with audio and text
modalities, and the corresponding textual reference
answers. The form of the other dataset is also the
same.

Generating In addition, we develop data that
tests SDM’s ability to generate dialogues with pho-
netic characteristics. This data is derived from the
understanding phonological ambiguities dataset.
An exception is heterographs, which are not in-
cluded in the generation evaluation, as the refer-
ence audio for homophones remains the same. The
ambiguous sentences remain unchanged, but the

prompts are changed in different characteristics
and different languages. For pauses, stresses, and
intonations, the evaluation involves inputting the
meaning of the ambiguous sentence and assess-
ing whether the SDM produces these phonological
features appropriately. For heteronyms and sylla-
bles with different tones, the evaluation involves
inputting sentences with incorrect pronunciations
and assessing whether the SDM can correct them
based on context.

A.1.2 Semantic Ambiguities

This subset of Cyp.data €xamines the ability of SDM
to process semantic ambiguities. We first identify
the types of semantic ambiguities to collect data
from relevant literature (Rodd, 2018; Taha, 1983;
Dai, 2021; Lasheiky, 2024). Subsequently, we man-
ually gather data from various websites, includ-
ing ambiguous sentences and their interpretations.
The data are then organized using a standardized
prompt, instructing the SDM to provide interpre-
tations of the ambiguous sentences. Finally, the
data are converted from text to audio and checked
manually for quality.

The Chinese dataset encompasses ambiguities
arising from unclear pronominal reference, pol-
ysemy, unclear modification scope, unclear part
of speech, and unclear subject-object relationship.
To ensure optimal audio quality, the first two in-
stances are enhanced with human-voiced record-
ings, and the remaining are generated by TTS. The
English dataset includes lexical ambiguities stem-
ming from unclear parts of speech and polysemy,
as well as syntactic ambiguities resulting from un-
clear pronominal reference and unclear modifica-
tion scope.

A.1.3 Omission

This section of the dataset examines SDM’s abil-
ity to understand comprehension difficulties in
dialogues caused by the omission phenomenon.
The Chinese dataset is based on the RISAWOZ
dataset (Quan et al., 2020), a text dataset specifi-
cally designed to study coreference and omission
phenomena. The selected portion of the RISAWOZ
dataset contains multi-turn dialogues with 1, 3, or
5 sentences, and provides annotations for omis-
sion and coreference in each dialogue. We retain
the segments of each multi-turn dialogue from the
beginning up to the point where omission occurs
and add prompts to query SDM to construct the
dataset. The English portion is manually extracted
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from relevant literature (Yu, 2017; Shepherd, 2011),
and data containing the omission phenomenon is
constructed with corresponding prompts to query
SDM. Unlike the Chinese dataset, which is in the
form of multi-turn dialogues, the English dataset is
in the form of a single sentence.

For both the Chinese and English datasets, refer-
ence answers that supplement the omitted content
are provided to enable comparison with SDM’s re-
sponses. We construct two questions in the prompt
for the data: The first question asks the SDM to de-
termine whether there is an omission phenomenon
in the input audio, and the second question in-
forms the SDM of the existence of an omission
phenomenon in the input and requests the SDM to
complete the omitted content. The two questions
are independent of each other. To prevent overlap
with the ambiguous contexts dataset, we exclude
the omission phenomenon that would cause ambi-
guity during data selection.

A.1.4 Coreference

This section of the dataset assesses SDM’s abil-
ity to comprehend difficulties in dialogues arising
from the coreference phenomenon. The Chinese
dataset is based on the RISAWOZ dataset (Quan
et al., 2020) and employs a similar methodology
to the omission section, resulting in multi-turn dia-
logue data instances, each comprising 1, 3, or 5 sen-
tences. The dataset includes reference answers that
resolve coreference by replacing pronouns with
their referents, thereby eliminating the coreference
phenomenon, to serve as a standard for comparing
SDM’s responses.

The English dataset is constructed based on the
Winograd Schema Challenge dataset (Kocijan et al.,
2020). Each data instance comprises a sentence and
a multiple-choice question targeting the referent
of a pronoun, with two potential answers provided.
The dataset also includes the correct answer to each
coreference question. The referents of these pro-
nouns are easily confused, necessitating a deep
understanding of the sentence’s meaning as well
as robust commonsense knowledge and reasoning
capacity to determine the correct answer. To ensure
the dataset’s quality and clarity regarding the pro-
nouns in question, we filter out instances where the
pronoun appears more than once in the sentence.

Consistent with the omission dataset, to avoid
overlap with ambiguous contexts, we exclude coref-
erence phenomena that could introduce ambiguity.
We then task the SDM with addressing two dis-

tinct queries: first, to verify the presence of the
coreference phenomenon, and second, to deliver
the outcomes following coreference resolution.

A.1.5 Multi-turn Interaction

To evaluate the model’s ability to track conversation
history, we ensured that the assessment of SDM is
conducted in a multi-turn conversational format.
The criteria for collecting data are that the dia-
logues must be multi-turn. The Chinese dataset
is based on the CrossWoz dataset (Zhu et al., 2020),
which covers multiple domains including tourist
attractions, hotels, restaurants, subways, and taxis.
The English dataset is derived from the DailyDi-
alog dataset (Li et al., 2017), which is artificially
constructed with minimal noise and encompasses a
variety of everyday conversational scenarios. Since
our method of evaluating SDM involves posing the
first question in the dialogue, we ensured that the
first sentence of each dialogue is a question when
filtering out the dataset. Defining a single input
to the SDM and its corresponding response as one
turn of dialogue, the Chinese dataset features dia-
logues with a maximum of 16 turns and an average
of 9.68 turns, whereas the English dataset has a
maximum of 9 turns and an average of 6.21 turns.

In the dataset, only the content input by the user
to SDM is provided, while the responses of SDM
are generated by the SDM being evaluated. This
subset of Cgop-data €Xamines SDM’s ability to re-
member the content of multi-turn dialogues and to
utilize the conversation history to generate current
responses when processing dialogues. Therefore,
after the dialogue concludes, we revisit the first
question in the dialogue and request that SDM re-
spond to that question again. If the final response
provided by SDM is consistent with the initial re-
sponse and the intervening question-and-answer
content, it is considered to have good capability
to process multi-turn interaction. During the eval-
uation process, if the SDM being evaluated only
provides single-turn dialogue capability, we con-
catenate the previous question-and-answer pairs
to manually construct the conversation history for
each input.

A.2 Detailed Structure and Exemplars of
Dataset

The annotation details for each phenomenon are as
follows:

Phonological Ambiguity: Different meanings are
annotated for each sentence, along with the correct
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phonological features, including pronunciation, in-
tonation, stress position, and pause position.
Semantic Ambiguity: Semantic ambiguity is di-
vided into lexical and syntactic ambiguity. For
lexical ambiguity, different meanings of the same
word are annotated. For syntactic ambiguity, differ-
ent interpretations of the same semantic structure
are annotated.

Omission: The omitted parts are annotated based
on context and common sense.

Coreference: The word or phrase referred to by the
pronoun is annotated based on context and common
sense.

Multi-turn Interaction: Multi-turn dialogues do
not require annotation, as the reference answer is
determined by the SDM’s output.

To provide a more detailed illustration of the
contents of each subset within the dataset, Figure 6
- 9 have been presented. The gray text denotes
the invariant segments integral to the dataset’s con-
struction, immutable irrespective of variations in
the data samples. The underlined blue-highlighted
segments indicate the focal areas examined by the
SDM, while the non-underlined blue-highlighted
portions distinguish the roles of different partici-
pants in multi-turn dialogues.

A.3 Correlation Analysis

To further illustrate the correlation between LLMs
and human evaluations, Table 4 presents three cor-
relation coefficients, while Table 5 shows their cor-
responding p - values.

A.4 Detailed Evaluation Results for
DeepSeek-R1 and GPT-40

To illustrate the experimental results of differ-
ent SDMs on the C3, evaluated separately by
DeepSeek-R1 and GPT-40, Table 6 and Table 7
present the detailed results corresponding to those
summarized in Table 2.

To present the radar charts of evaluation results
for different SDMs on the Chinese and English
sections of C3, evaluated respectively by DeepSeek-
R1 and GPT-40, we include Figure 10 - 13 , which
correspond to the summaries shown in Figure 4
and Figure 5.

To illustrate the experimental results of different
SDMs on the omission and coreference sections,
evaluated respectively by DeepSeek-R1 and GPT-
40, Table 8 and Table 9 are presented, correspond-
ing to the summary in Table 3.
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Category Data instance Reference answer

Here is a sentence: He is your teacher? The intended
Generation | meaning is: Is he your teacher? 3 Please read it out with | He is your teacher? %
the correct intonation.
The sentence below is hard to understand: The phrase "a nice man" means a
I'am a nice man. | always help others and spread person who is pleasant, kind, and
Heterograph | ~— — ; L "
kindness. considerate. This is different from "an
What is meaning of the phrase ‘a nice man'? ice man".
The sentence below is hard to understand: Rising intonation indicates a
Intonation | You're going to the party? % question: ‘Are you going to the party?
Could you tell me what it means? Al
) ) The pause after 'man’ indicates that
The sentence below with pause is hard to understand: . .. "
. with glasses' is an additional
Pause He saw the man / with glasses. e o
3 description, meaning 'He saw the
Could you tell me what it means? ) ,
man, and he was wearing glasses.
The sentence below with emphasis is hard to . B
Emphasis on ‘can’ indicates a strong
understand: . N L
Stress assertion of ability, possibly in
I can help you. . ,
. response to doubt: 'l can help you!
Could you tell me what it means?
The sentence below contains ambiguity: o, NN
. . Ambiguity in 'darkness": (1) 'In the
Lexical They exchanged addresses in darkness. L . ,
- absence of light' or (2) 'Secretly".
Please tell me how to understand it.
. o 1. Mr. Smith loves music more
The sentence below contains ambiguity: o
5 . . o than he loves his wife;
Syntactic | Mr. Smith loves music more than his wife. ) .
- 2. Mr. Smith loves music more
Please tell me how to understand it. L
than his wife does.

Figure 6: The figure delineates the structure and exemplars of the English Ambiguous subset within the dataset.

Category Data instance Reference answer

TEENGT PN FWREFERER: BRE bei B
Heteronym | FHERERE, $1OFERANEES . SRBEONET | SXY bel BILTERRE,
5 BES LERESE, BREROEEIELTE,
g TEE—NEGTRRERNG T RN RREARE, & |
& P | rezssswsen srvmams, maws, | HE
Sylablewith | TEOTFEHREGARSE: RAIAGRRETEE | AATAGRHETERN, 27
different tones | 8, RATEFMFRRMO, EAERNIESLHXGE, | TEFHEFREO.

TLUEMRER—MUIZ? BAAEE TEXRE, ERER

—FEHERME, FRNmE; 0E

Heteronym LHAENERE: NHREBRY bei BILFERHBE, KX | EREFLIAMNE, EEXRE
TUEEEE bei HILFERBE, BXER,
SLABRER—MEIZ? BAKER FEXRIE, WHRER e
Heterograph AHEENRRE: REEFHEZEEIZRT; BREEZ ﬁ;:?ﬁfﬂﬁﬁ‘émﬁﬁsﬁﬂ, =
BEERT.
SLABRER—MEIB? BAKERR FTEXRIE, WRER | ROFARENFE, 5 B 5 AE/E
Pause LHAEAMRE: NKBAS5 B 5 H, BERE. NEY |REIES5H5BZE%E; 5858
A58 5B, £RE. /RIEIREIE 5 B 5 BHXE,
Syllable with SLABIRER—MEIB? BAAERR FEXRE, HHER | EENEEMXSENEHREE
) LHAENERE: RAMASFELHEIE, PREEE | &, REHFRRE, FUSRBER
different tones ol .

SIRUBIRAE R —MCI3? HAKER TEXRIE, HIRER
HHARNREE: ERNEXEFSLOFSL, BRNEX
BESOBED,

EXEF, BXLF.

Figure 7: The figure delineates the structure and exemplars of the Chinese Ambiguous subset within the dataset.

Table 4: Correlation coefficients between LLM evaluation results and human assessment results

Model Pearson Spearman Kendall Language
DeepSeek-R1  0.8969 0.8969 0.8969 Chinese
GPT-40 0.8886 0.8886 0.8886 Chinese
DeepSeek-R1  0.8739 0.8739 0.8739 English
GPT-40 0.8940 0.8940 0.8940 English

Table 5: p-values for correlation coefficients

Model Pearson p-value Spearman p-value Kendall p-value Language
DeepSeek-R1 < 107118 < 107118 < 10757 Chinese
GPT-4o0 < 107109 < 107100 < 10756 Chinese
DeepSeek-R1 <1072 <1072 <1071 English
GPT-40 < 107264 < 107264 < 107182 English
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Category Data instance Reference answer
Please listen carefully to the following sentence, after the
sentence ends, | will ask you some questions:

Your advice made me happy but Tom angry. ves.

Is there any omission of content in the sentence?

Please listen carefully to the following sentence, after the

sentence ends, | will ask you some questions: Your advice made me

Your advice made me happy but Tom angry. happy but your advice
Some content has been omitted in the sentence, please fill made Tom angry.

in the omitted parts and provide the complete sentence.

Please listen carefully to the following sentence, after the

sentence ends, | will ask you some questions:

The city councilmen refused the demonstrators a permit Yes, there's a pronoun
because they feared violence. used in the sentence.

Are there any instances of pronouns being used to refer to
nouns or noun phrases in the sentences above?

The city councilmen refused the demonstrators a permit

because they feared violence.
What does the word 'they' refer to: The city councilmen or
The demonstrators?

The city councilmen.

A: Do you have any plan to buy a house in this city? | don't have personal
B: | don't have personal plans or interests, so | wouldn't be plans, but | can

buying a house. provide information or
help find resources
A: Do you have any plan to buy a house in this city? If this related to buying a
question has been raised before, please directly provide the | house in the city if

previous answer. you need it.

Figure 8: The figure delineates the structure and exemplars of the English Context-Dependency subset within the
dataset.

Category Data instance Reference answer
HE—BERERERNEENT, BEFxE, RERNEE:
B “FEARILRREXRG? ©

2t “BRESTHEBNRS. ~ FE.
B ‘REAKBE?

BEAMENRE—GOT, REEFEERAR?
HE—BERERERNEENT, BFxE, REXEE:
Bif: “TARILRZBXRB? °

Zit: ‘BRERSZEEBHRS, ” TRELREEX
Bif: “SEAXL? Rig?

FEAXBEWENRE—OPEFEERIAR, BH2RERNIRS, A1
ERABHHEENTEED,

HEETRERERNEBNT, BEkE, EEHMEEEI:

Bif: “RF, RTA=BX—WAR, ERRE-THERNXSNME? " | FE.
BEAMENRE—AP, REFEERAREERRFATHAR?
HEEETRIERERNEENT, BRRE, BEHMEA: RiF, HTA=F
Bt R, RTA=2X—WER, BERE—THERNXSNE? " | F—#ExR, 5H
FEXBMENRE—GY, FEREERARMATNAR, BEEAKX | ZHE-—TTA=M

BISRNASERRE, AHRERERENSEES, ESmf?
P REELER—T, TMAREE— A EAD? BEREREH
Zi: EEREREES, BELANESHE, THRERILRE |8 XBEES
G BN, ELMBRZ—,
...... EHRIRERT
B BARTEILRE G, TMARKE—NRAD? MESAHIE | KA GEANZNE
ZITE, MERA 2 AEE, 75,

Figure 9: The figure delineates the structure and exemplars of the Chinese Context-Dependency subset within the
dataset.
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Table 6: Accuracy (%) of different SDMs on the Chinese (“zh”) or English (“en”) dialogue data subset of C?
(DeepSeek-R1).

Freeze-Omni GLM-4-Voice 0P L340  gimi Audio LAMA- MOoER- /0 Qwen2S- o 0 Audio VITA-Audio  Overall
Category Audio-Prev. Omni Omni Omni
zh en zh en zh en zh en en zh en en zh en zh en zh en zh en

Phonological 1622 6.90 1892 20.69 29.73 44.83 18.92 44.83 17.24 18.92 20.69 10.34 27.03 37.93 21.62 27.59 8.11 27.59 19.93 2586
Semantic 1.69 1176 1.69 11.76 424 68.63 2.54 19.61 9.80 254 3725 7.84 593 2157 593 17.65 254 17.65 3.39 2235

Cam-data 896 933 1031 1623 16.98 56.73 10.73 32.22 13.52 10.73 2897 9.09 1648 29.75 13.78 22.62 5.33 22.62 11.66 24.11

Omission 429 784 429 686 4571 16.67 27.14 1275 6.86 32.86 7.84 490 2571 1471 17.14 1176 571 7.84 20.36 9.80
Coreference 13.33 48.15 20.00 67.96 55.00 89.81 40.00 85.56 55.00 28.33 35.74 29.81 50.00 65.74 53.33 55.74 33.33 73.70 36.67 60.72
Multi-turn 7.89 3235 10.53 5882 10.53 47.06 / / 47.06 6053 38.24 / 84.21 97.06 526 3235 52.63 52.94 33.08 50.74

Ceon-data 8.50 29.45 11.60 44.55 37.08 51.18 33.57 49.15 3631 40.57 27.27 17.36 53.31 59.17 25.25 33.29 30.56 44.83 30.06 39.26

Overall 8.68 2140 11.09 3322 29.04 53.40 22.15 40.68 27.19 28.64 27.95 13.23 38.58 47.40 20.66 29.02 20.47 3594 22.41 32.94

Table 7: Accuracy (%) of different SDMs on the Chinese (“zh”) or English (“en”) dialogue data subset of C3
(GPT-40).

Freeze-Omni GLM-4-Voice GITT-4O- Kimi-Audio LLaM{&- MOOEI.{. Moshi Qwen2:5- Step-Audio VITA-Audio  Overall
Category Audio-Prev. Omni Omni Omni
zh en zh en zh en zh en en zh en en zh en zh en zh en zh en

Phonological 16.22 10.34 18.92 34.48 29.73 62.07 21.62 48.28 13.79 21.62 17.24 10.34 27.03 58.62 24.32 31.03 8.11 34.48 20.95 32.07
Semantic 1.69 11.76 339 19.61 7.63 72.55 593 3922 1569 169 5490 11.76 7.63 43.14 424 2549 424 19.61 456 31.37

Cam-data 896 11.05 11.15 2705 18.68 67.31 13.78 4375 1474 11.66 36.07 11.05 17.33 50.88 1428 2826 6.17 27.05 1275 31.72

Omission 429 588 7.4 588 42.86 15.69 3143 7.84 490 3143 196 098 30.00 15.69 1857 9.80 7.14 7.84 21.61 7.65
Coreference  8.33  46.30 13.33 70.00 53.33 92.41 40.00 89.26 58.89 36.67 36.30 19.44 61.67 70.56 48.33 58.89 33.33 75.93 36.88 61.80
Multi-turn 15.79 55.88 10.53 58.82 1579 47.06 / / 6471 6579 44.12 / 81.58 94.12 10.53 50.00 73.68 67.65 39.10 60.29

Ceon-data 9.47 36.02 1033 4490 37.33 51.72 3571 4855 42.83 44.63 2746 10.21 57.75 60.12 2581 39.56 38.05 50.47 32.39 41.19

Overall 9.26 26.03 10.66 37.76 29.87 57.95 24.75 46.15 31.60 31.44 30.90 10.63 41.58 56.42 21.20 35.04 2530 41.10 24.26 37.36

Table 8: Accuracy (%) of omission and coreference phenomena (GPT-40).

Ph Abilit L Freeze- GLM-4- GPT-40- Kimi- LLaMA- MooER- Moshi Qwen2.5- Step- VITA-
enomenon Hity AN Omni Voice Audio-Prev. Audio Omni Omni osit Omni Audio Audio
Detection 71 857 1429 82.86 57.14 / 60.00 / 5143 3143 857

Omission en 784 3.92 11.76 784 588 196 196 1373 588 7.84
Completion A1 0:00 0.00 2.86 571 / 2.86 / 8.57 571 571

P en 392 7.84 19.61 784 392 196 000 1765 1373 784

Detection M 1667 2667 63.33 56.67 / 60.00 / 9333 66.67 53.33

Coreference clectio en 5222 8444 95.93 9852  78.89 2444 2556 7111 6556 87.78
Resolution M 000 0.00 43.33 23.33 / 13.33 / 3000 30.00 13.33

en 4037  55.56 88.89 80.00 38.89 4815 1333 7000 5222 64.07

Table 9: Accuracy (%) of omission and coreference phenomena (DeepSeek-R1).

Freeze- GLM-4- GPT-40- Kimi- LLaMA- MooER- oshi Qwen2.5- Step- VITA-

Phenomenon Ability Lang Omni Voice Audio-Prev. Audio Omni Omni M Omni Audio Audio
Detection M 857 571 82.86  48.57 / 62.86 / 4571 3429 8.57

Omission en 980 5.88 15.69 17.65  7.84 1176 588 980 980 5.8
Completion AN 0:00 2.86 8.57 571 / 2.86 / 571 000 286

P en 588 7.84 17.65 784 588 392 392 1961 1373 9.80

Detection 71 2333 4000 63.33 63.33 / 56.67 / 80.00 7333 60.00

Coreference en 6296  83.33 94.81 9556  78.15 2741 4519 7000 6111 87.41
Resolution AN 333 0.00 46.67 16.67 / 0.00 / 2000 3333 6.67

esolution o 3333 5259 84.81 7556 31.85 4407 1444 6148 5037 60.00
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Figure 10: Radar charts depicting the experimental re-
sults of each SDM on the English portion of the dataset,
assessed using DeepSeek-R1.
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Figure 11: Radar charts depicting the experimental re-
sults of each SDM on the English portion of the dataset,
assessed using GPT-4o0.
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Figure 12: Radar charts depicting the experimental re-
sults of each SDM on the Chinese portion of the dataset,
assessed using DeepSeek-R1.
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Figure 13: Radar charts depicting the experimental re-
sults of each SDM on the Chinese portion of the dataset,
assessed using GPT-4o.
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