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Abstract

We study how the turn-taking properties of spo-
ken dialogue corpora shape the learning and
behavior of full-duplex speech dialogue mod-
els. Beyond acoustic and linguistic quality, ef-
fective systems must reproduce task-dependent
dynamics such as conversational tempo and
turn-taking. We analyze multiple Japanese
dialogue corpora using i) NISQA for speech
quality, ii) LLM-as-a-Judge for linguistic/se-
mantic appropriateness, and iii) four timing
indicators, inter-pausal units, pause, gap, and
overlap, to quantify interactional style. A cur-
riculum strategy then fine-tunes a Moshi-based
full-duplex model by incrementally combining
corpora with distinct turn-taking profiles. On
a dialogue-continuation task, corpus-specific
turn-taking patterns reliably shaped model be-
havior: chat-style corpora yielded more natu-
ral rhythms with moderate overlaps and gaps,
whereas consultation-style corpora promoted
slower, deliberate timing. Fine-tuning on high-
quality audio improved perceptual naturalness,
while mixing task-mismatched data reduced
linguistic coherence.

1 Introduction

Full-duplex spoken dialogue models, such as
Moshi (Défossez et al., 2024), J-Moshi (Ohashi
et al., 2025), FreezeOmni (Wang et al., 2024),
and SyncLLM (Veluri et al., 2024), have recently
shown that temporal transformer architectures can
listen and speak simultaneously, enabling low-
latency turn exchange and more natural interac-
tion (Ma et al., 2025). While scaling speech data
improves acoustic and linguistic quality, an effec-
tive system must also reproduce task-dependent
interactional dynamics—notably conversational
tempo and turn-taking patterns.

A long line of work analyzes human turn-taking
via temporal cues such as pauses, gaps, and over-
laps, connecting these statistics to conversational
rhythm and speaker coordination (Nguyen et al.,

2023). Informal chats between close friends tend to
be fast and overlap-rich; consultation dialogues are
typically slower and more one-sided (Yamaguchi
et al., 2016). However, most prior analyses rely
on small or text-derived datasets, and systematic,
corpus-level comparisons across large spoken re-
sources are limited.

In parallel, curriculum learning has been used to
stabilize and improve large speech models by mov-
ing from noisy, large-scale data to smaller, higher-
quality corpora (Wen et al., 2025; Rouditchenko
et al., 2025). Yet, curricula are rarely designed
with explicit attention to corpus turn-taking profiles
(e.g., overlap frequency, gap duration). Because
such properties plausibly shape perceived natural-
ness and interactivity, understanding their role is
essential for controllable dialogue behavior.

We study how turn-taking characteristics of mul-
tiple Japanese spoken dialogue corpora affect a
Moshi-based full-duplex dialogue model. We quan-
tify four timing features, inter-pausal units (IPU),
pause, gap, and overlap, and relate them to the nat-
uralness, coherence, and turn-taking behavior of
generated dialogues under a curriculum that com-
bines corpora with distinct interaction styles.

Our contributions are twofold:

1. Corpus-level analysis: We provide quanti-
tative, interpretable profiles of Japanese di-
alogue corpora using IPU, pause, gap, and
overlap, revealing clear differences in conver-
sational tempo and speaker asymmetry.

2. Curriculum linked to turn-taking: We
show that curricula which respect corpus turn-
taking properties yield models with more con-
trollable dialogue rhythm: chat-style corpora
encourage moderate overlaps and responsive
timing, whereas formal/consultation corpora
promote deliberate, stable turns.

The remainder of this paper is organized as fol-
lows. Section 2 describes the corpora, measures,
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and statistical analysis. Section 3 reports dialogue-
continuation experiments with the Moshi-based
model and evaluates speech quality, linguistic ap-
propriateness, and turn-taking characteristics. Sec-
tion 4 concludes and outlines future work.

2 Analysis of Spoken Dialogue Corpora

This section presents the dialogue corpora used in
the study, the metrics employed for analysis, and
the main results.

2.1 Datasets

We analyze four Japanese spoken dialogue cor-
pora: J-Chat (web-derived) (Nakata et al.,
2024), J-Chat-Clean (a quality-filtered subset of
J-Chat), the Corpus of Spontaneous Japanese
(CSJ) (Maekawa, 2003), and a travel-agency task
corpus (Tabidachi) (Inaba et al., 2024). These cor-
pora differ in recording conditions, speaker rela-
tions, and domains, yielding a broad range of in-
teractional styles: J-Chat is large-scale but acousti-
cally variable; J-Chat-Clean removes low-quality
segments to preserve more natural turn-taking;
CSJ comprises well-structured formal speech; and
Tabidachi consists of guided travel-consultation di-
alogues with characteristically asymmetric, system-
led turns. Collectively, they span a continuum from
large, noisy conversational data to smaller, high-
quality task-specific recordings—an effective basis
for curriculum-style fine-tuning.

For J-Chat, we applied monaural speech separa-
tion with Asteroid/Conv-TasNet1, automatic tran-
scription with ReazonSpeech-espnet2, and word-
level time alignment with WhisperX (Bain et al.,
2023)3.

2.2 Metrics

Turn-taking characteristics were analyzed using
four timing-based indicators: IPU, pause, gap, and
overlap. Speech segments were extracted with
the Silero Voice Activity Detector (VAD)4, and
statistics were computed over 20-second windows.
These measures capture conversational tempo and
interactivity: for example, frequent overlaps sig-
nal natural responsiveness, whereas longer gaps

1https://huggingface.co/JorisCos/ConvTasNet_
Libri2Mix_sepclean_16k

2https://huggingface.co/reazon-research/
reazonspeech-espnet-v2

3https://github.com/m-bain/whisperX
4https://github.com/snakers4/silero-vad

reflect more formal or deliberate rhythms (Ward
and Tsukahara, 2000).

Linguistic and semantic quality was evaluated
using the LLM-as-a-Judge framework (Zheng et al.,
2023), which scores coherence (COH), natural-
ness (NAT), relevance (REL), instruction-following
(INS), turn-taking (TUR), and overall quality
(OVE) on a ten-point scale. Acoustic quality was
assessed using the NISQA model (Mittag et al.,
2021), which predicts MOS scores for perceptual
naturalness. Together, these metrics provide a com-
prehensive view of both linguistic and paralinguis-
tic properties of each corpus.

2.3 Results

Table 1 summarizes turn-taking statistics, and Table
2 reports acoustic and linguistic quality scores.

Turn-taking characteristics. J-Chat exhibits fre-
quent overlaps (e.g., 5.06 per 20 s in the Podcast
subset) and balanced IPU counts between speakers
(about 5–6 each), reflecting spontaneous, chat-style
interactions. The curated subset J-Chat-Clean ex-
hibits fewer overlaps (3.86 per 20 s) and longer
gaps (10.82 s), reflecting calmer, more separated
turns. CSJ shows fewer overlaps (2.30 occurrences)
and long gaps (10.25 s), indicating structured, de-
liberate speech. Tabidachi has the fewest overlaps
(1.16 occurrences) and the greatest asymmetry be-
tween speakers (IPUs: A = 5.06, B = 2.12), con-
sistent with task-oriented dialogues characterized
by stable, one-sided turns. Together, these patterns
confirm distinct conversational rhythms and coor-
dination styles across corpora.

Acoustic and semantic quality. CSJ attains the
highest acoustic naturalness (NISQA = 3.14) and
semantic naturalness (LLMAJ-NAT = 6.96), re-
flecting clean recordings and consistent structure.
Tabidachi leads in coherence (6.77), relevance
(5.60), and instruction-following (4.53), indicating
strong task alignment. By contrast, web-derived J-
Chat, especially the YouTube subset, shows lower
acoustic quality (NISQA = 1.94) and weaker se-
mantic scores (e.g., LLMAJ-COH = 4.63), high-
lighting the trade-off between scale/diversity and
consistent conversational and recording quality.

Summary. Corpus properties, particularly turn-
taking structure and recording quality, clearly dif-
ferentiate datasets. Consequently, corpus selection
and ordering should be guided not only by data
volume but also by the target dialogue style (spon-

https://huggingface.co/JorisCos/ConvTasNet_Libri2Mix_sepclean_16k
https://huggingface.co/JorisCos/ConvTasNet_Libri2Mix_sepclean_16k
https://huggingface.co/reazon-research/reazonspeech-espnet-v2
https://huggingface.co/reazon-research/reazonspeech-espnet-v2
https://github.com/m-bain/whisperX
https://github.com/snakers4/silero-vad
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Number of occurrences / 20s Cumulative duration / 20s
IPU Pause Gap Overlap IPU Pause Gap Overlap

J-Chat (Podcast) A:5.26
B:6.00

A:1.10
B:2.04 4.34 5.06 A:8.69

B:10.87
A:0.66
B:1.29 7.98 3.01

J-Chat (YouTube) A:5.00
B:4.98

A:1.46
B:1.86 3.78 3.92 A:7.58

B:9.51
A:1.30
B:1.95 8.41 3.03

J-Chat-Clean A:5.38
B:6.18

A:1.42
B:1.78 5.90 3.86 A:8.20

B:8.90
A:1.18
B:1.45 10.82 2.19

CSJ A:3.92
B:5.12

A:1.10
B:2.44 4.18 2.30 A:5.57

B:11.22
A:0.98
B:1.63 10.25 1.20

Tabidachi A:5.06
B:2.12

A:2.88
B:0.48 3.18 1.16 A:10.73

B:2.91
A:3.11
B:0.32 7.74 0.56

Table 1: Turn-taking statistics across corpora. “Number of occurrences / 20s” shows average number of events in
20-second segment, and “Cumulative duration / 20s” indicates their total duration (in seconds) within same segment.

J-Chat (Podcast) J-Chat (YouTube) J-Chat-Clean CSJ Tabidachi

NISQA (MOS) (1–5) 2.27 1.94 2.51 3.14 2.98

LLMAJ (1–10)

COH 5.69 4.63 5.54 6.00 6.77
NAT 6.67 5.52 6.62 6.96 6.87
REL 4.69 3.67 4.77 5.06 5.60
INS 3.27 2.33 3.08 3.42 4.53
TUR 5.76 4.59 5.67 5.94 6.36
OVE 5.52 4.40 5.54 5.68 5.99

Table 2: Scores of speech quality (NISQA) and semantic appropriateness (LLM-as-a-Judge). COH = coherence,
NAT = naturalness, REL = relevance, INS = instruction following, TUR = turn taking, OVE = overall.

taneous, formal, or task-oriented), a consideration
that is central to effective curriculum design for
full-duplex spoken dialogue models.

3 Dialogue Continuation Experiment

This section examines how fine-tuning on corpora
with different turn-taking characteristics affects
full-duplex speech dialogue models. In a dialogue
continuation setup, each model received a 10-
second audio prompt from a held-out Tabidachi
split and then generated the next 20 seconds of
dialogue, allowing assessment of adaptation to con-
versational rhythm and turn-taking under realistic
conditions.

3.1 Model and Training Setup

All experiments used the Moshi full-duplex archi-
tecture, which encodes stereo inputs and gener-
ates time-synchronized multi-channel speech in
real time.5 We adopted a three-stage curriculum.

1. Pre-training on large, noisy J-Chat to acquire
general conversational structure.

5Our models were further trained based on the pre-
trained checkpoint kyutai/moshiko-pytorch-bf16
available on HuggingFace (https://huggingface.co/
kyutai/moshiko-pytorch-bf16), using the fine-tuning
scripts provided in https://github.com/nu-dialogue/
moshi-finetune.

2. Intermediate fine-tuning on cleaner J-Chat-
Clean or formal CSJ to improve robustness
and temporal alignment.

3. Final fine-tuning on task-specific, high-
quality Tabidachi to refine interaction patterns
for travel consultation.

This progression gradually shifts the model from
broad/noisy behaviors to domain-specific, high-
quality interaction.

3.2 Speech Quality and Semantic Validity
Table 3 summarizes the objective results.

Speech quality (NISQA). Model 1 (Tabidachi
only) achieves the highest NISQA (3.12), followed
by Models 4 (3.07), 2 (3.02), and 3 (2.90). Thus,
fine-tuning solely on clean, domain-matched data
yields the most natural acoustics; adding larger but
more variable corpora can slightly degrade percep-
tual quality.

Linguistic/semantic quality (LLM-as-a-Judge).
Model 2 (CSJ + Tabidachi) scores best on Co-
herence (4.50), Relevance (3.73), Instruction-
Following (2.86), and Overall (4.20), indicat-
ing that formal, well-structured speech (CSJ)
strengthens discourse organization and task align-
ment. Model 3 (J-Chat-Clean + Tabidachi) at-
tains comparable Naturalness and Relevance,

https://huggingface.co/kyutai/moshiko-pytorch-bf16
https://huggingface.co/kyutai/moshiko-pytorch-bf16
https://github.com/nu-dialogue/moshi-finetune
https://github.com/nu-dialogue/moshi-finetune
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Model 1 Model 2 Model 3 Model 4

Pre-training J-Chat (69k hours) J-Chat (69k hours) J-Chat (69k hours) J-Chat (69k hours)

Fine-tuning
– – J-Chat-Clean (300 hours) J-Chat-Clean (300 hours)
– CSJ (12 hours) – CSJ (12 hours)

Tabidachi (115 hours) Tabidachi (115 hours) Tabidachi (115 hours) Tabidachi (115 hours)

NISQA (MOS) (1–5) 3.12 3.02 2.90 3.07

LLMAJ (1–10)

COH 4.32 4.50 4.39 4.20
NAT 5.36 5.48 5.48 5.25
REL 3.57 3.73 3.73 3.45
INS 2.66 2.86 2.84 2.75
TUR 4.52 4.61 4.52 4.39
OVE 3.88 4.20 4.11 4.09

Table 3: Training configurations and objective evaluation results. Speech quality is reported with NISQA; semantic
appropriateness is evaluated with LLM-as-a-Judge: COH = coherence, NAT = naturalness, REL = relevance, INS =
instruction following, TUR = turn taking, OVE = overall.

Number of occurrences / 20s Cumulative duration / 20s

IPU Pause Gap Overlap IPU Pause Gap Overlap

Model 1 A:4.23
B:1.57

A:2.50
B:0.11 1.84 0.98 A:13.86

B:1.43
A:3.05
B:0.08 4.94 0.37

Model 2 A:4.59
B:1.52

A:2.68
B:0.18 2.30 0.84 A:12.38

B:1.78
A:4.04
B:0.14 6.26 0.37

Model 3 A:4.64
B:1.45

A:2.86
B:0.34 2.32 0.66 A:12.61

B:1.26
A:3.69
B:0.30 6.32 0.27

Model 4 A:4.55
B:1.39

A:2.75
B:0.11 2.14 0.82 A:12.13

B:1.72
A:3.82
B:0.09 4.86 0.40

Table 4: Turn-taking statistics of generated dialogues. “Number of occurrences / 20 s” is average count of events
per 20-second segment, and “Cumulative duration / 20 s” is their total duration (in seconds) within same segment.

suggesting large-scale clean conversational data
improves fluency but not necessarily task coher-
ence. Model 4 (J-Chat-Clean + CSJ + Tabidachi)
does not surpass simpler curricula (slight drops
in Overall=4.09, Coherence=4.20), implying
redundancy/over-regularization when mixing mul-
tiple high-quality yet stylistically mismatched
datasets.

3.3 Turn-taking Behavior

Table 4 summarizes turn-taking statistics for the
generated dialogues. Model 3 (J-Chat-Clean +
Tabidachi) yields the longest and most frequent
gaps (2.32 occurrences; 6.32 s total per 20 s) and
the fewest overlaps (0.66; 0.27 s), producing a
slower, highly orderly rhythm with clear separa-
tion between turns. Notably, relative to Model 1
(Tabidachi only), gaps increase while overlaps de-
crease, indicating stronger turn separation.

These tendencies suggest that J-Chat-Clean
promotes structured, non-overlapping exchanges,
whereas Tabidachi reinforces natural pausing and
alternation. As a result, Model 3 produces smooth
and polite turn-taking but exhibits reduced spon-

taneity—mutual overlaps, a hallmark of lively con-
versation, are suppressed.

Overall, the turn-taking profile of the fine-tuning
corpus, e.g., its balance of overlaps and gaps, has
a greater impact on achieving the desired dialogue
style than dataset size per se, suggesting that style-
aware corpus curation should take precedence over
scale.

4 Conclusion

We analyzed how corpus-specific turn-taking fea-
tures (IPU, pause, gap, overlap) influence Moshi-
based models. J-Chat-Clean promotes rhythmi-
cally stable, well-separated turns; CSJ yields cau-
tious, formally structured timing; Tabidachi sup-
ports natural pausing and cooperative, task-oriented
exchanges. Rather than naively concatenating cor-
pora, strategic selection and ordering should re-
flect the target dialogue style—spontaneous, for-
mal, or collaborative. Turn-taking statistics thus
provide a practical basis for corpus-aware fine-
tuning and controllable interactional style in full-
duplex spoken dialogue systems.
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