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Table 1: Comparison of speech corpora related to this study, sorted by size.

Corpus Name Size (hours)

Open-source

dialogue Spontaneous Clean speech

STUDIES [7] 8

DailyTalk [I7] 20
Fisher [6] 2k
GigaSpeech [I3] 33k
J-CHAT (This work) 69k
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Table 2: Corpus statistics by its subsets, YouTube
and Podcast. # means “number of”.

feature | YouTube | Podcast | Total

total duration[hr] 11,001 57,891 68,892
# dialogue | 1,013,488 | 3,924,009 | 4,937,497

mean duration [s] 39.07 53.11 50.23
mean # turns 7.58 10.68 10.10
mean # speakers 3.23 3.12 3.14
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Fig. 1: Corpus construction methodology proposed in this work.
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Fig. 2: Distribution of HuBERT [2] features ex-
tracted from J-CHAT (ours), STUDIES (simulated
dialogue), and JNV (non-verbal expression).
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Table 3: Result for MOS tests with their 95% con-
fidence intervals.

Model | Naturalness Meaningfulness
resynth | 2.55 £0.18 2.48 £+ 0.18
dGSLM-YouTube | 1.44 £+ 0.13 1.56 + 0.14
dGSLM-Podcast 1.44 £ 0.13 1.52 + 0.13
dGSLM-J-CHAT 2.28 + 0.19 2.18 + 0.19
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