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Abstract

Automatic speech recognition (ASR) for chil-
dren remains challenging due to developmental
variability and the scarcity of high-quality cor-
pora, especially for Mandarin and its dialects.
In this paper, we present ChildTalk, a large-
scale Chinese child speech corpus designed to
address this gap. It contains 112.5 hours of
speech from 498 children (aged 2–8) and 500
caregivers, recorded as natural child–caregiver
conversations. Unlike prior Mandarin child
ASR corpora that mainly release isolated ut-
terances, ChildTalk provides full-length dia-
logues with complete transcriptions, preserv-
ing turn-taking and discourse context. To our
knowledge, it is the first publicly available Man-
darin child speech corpus with full-length di-
alogues and systematic coverage of standard
Mandarin, eight Mandarin dialect subgroups,
and two additional dialects (Southern Min and
Jin). We benchmark end-to-end models trained
from scratch, large pre-trained ASR models
fine-tuned on ChildTalk, omni-modal LLMs in
a zero-shot setting, and commercial speech tran-
scription APIs. Fine-tuning on ChildTalk con-
sistently improves both in-domain and cross-
domain performance. These results indicate
that ChildTalk provides a challenging, broad-
coverage testbed for Chinese child ASR, di-
alect robustness, and dialogue-level modeling.
The dataset is freely available for all academic
purposes on https://github.com/NKU-HLT/
ChildTalk.

1 Introduction

Automatic speech recognition (ASR) has made sub-
stantial progress in recent years, driven by large-
scale pre-trained models (e.g., Whisper (Radford
et al., 2023a; An et al., 2024)) and self-supervised
learning approaches (e.g., Wav2vec 2.0 (Baevski
et al., 2020), HuBERT (Hsu et al., 2021)). How-
ever, accurately recognizing child speech remains
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challenging. Physiological and developmental char-
acteristics such as higher fundamental frequency,
shorter vocal tracts, unstable articulation, and large
pronunciation variability (Lee et al., 1997; Gerosa
et al., 2009; Kennedy et al., 2017) create a sub-
stantial mismatch between adult-dominated train-
ing corpora and the target domain of child speech,
leading to markedly degraded performance on chil-
dren’s voices (Fan et al., 2024).

Progress in child ASR critically depends on
high-quality corpora, yet Mandarin resources re-
main limited, especially for younger speakers, con-
versational speech, and dialectal variation. ASR-
oriented corpora such as CASS CHILD (Gao et al.,
2012), SLT-CSRC (Yu et al., 2021), SingaKids-
Mandarin (Chen et al., 2016), and ChildMan-
darin (Zhou et al., 2025) provide valuable data but
are either not publicly accessible, dominated by
reading-style speech, or released only as segmented
utterances in standard Mandarin (Table 1). Mean-
while, several Mandarin child-language corpora
within CHILDES1 (e.g., Tong Corpus (Xiangjun
and Yip, 2017), BJCMS (Mai et al., 2024), HKU-
70 (Leung, 2018)) offer session-level recordings
with transcripts, but involve relatively few speakers,
focus on specific elicitation settings, and lack sys-
tematic coverage of Mandarin dialect subgroups.
As a result, there is still no large-scale, publicly
available Mandarin child speech corpus that pro-
vides full-length dialogues with broad dialect cov-
erage in an ASR-ready format.

In this paper, we introduce ChildTalk, a large-
scale Chinese child speech corpus designed to fill
this gap. As summarized in Table 1, ChildTalk
contains 112.5 hours of speech from 498 children
(aged 2–8) and 500 caregivers, recorded as nat-
ural child–caregiver conversations. Unlike prior
Mandarin child ASR corpora that mainly release
isolated utterances, ChildTalk provides full-length

1https://talkbank.org/childes/access/Chinese/
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Corpus Age range # Children Dur. (hrs) Type Full dialogue Dialect Avail.

CASS CHILD 1–4 23 80.0 Spontaneous speech P ✗ ✗

SLT-CSRC C1 7–11 927 28.6 Reading ✗ ✗ ✗

SLT-CSRC C2 4–11 54 29.5 Conversation ✗ ✗ ✗

SingaKids 7–12 255 75.0 Reading ✗ ✗ ✓

ChildMandarin 3–5 397 41.3 Conversation ✗ ✗ ✓

Tong Corpus 1;7–3;4 1 22.0 Interactions ✓ ✗ ✓

BJCMS 3–6;9 48 – Conversation ✓ ✗ ✓

HKU-70 2;6–5;6 70 – Conversation ✓ Cantonese ✓

ChildTalk 2–8 498 112.5 Conversation ✓ Mandarin + 10 varieties† ✓

Table 1: Summary of Chinese child ASR datasets: age range, speaker count, duration, interaction type, dialectal
coverage, full-dialogue availability, and corpus availability. Dur.: Speech duration. Avail.: public availability.
†ChildTalk covers standard Mandarin and 10 additional dialect varieties (eight Mandarin dialect subgroups and two
non-Mandarin dialects: Southern Min and Jin Chinese).

dialogues with complete transcriptions, preserv-
ing turn-taking and discourse-level context. It sys-
tematically covers standard Mandarin, eight Man-
darin dialect subgroups, and two additional dialects
(Southern Min and Jin), enabling studies of dialec-
tal robustness and cross-variety modeling in child
ASR.

We benchmark four families of systems: end-to-
end models trained from scratch, large pre-trained
ASR models fine-tuned on ChildTalk, omni-modal
LLMs used in a zero-shot setting, and commer-
cial speech transcription APIs. We further show
that incorporating short dialogue history as tex-
tual prompts yields additional gains, indicating that
discourse context is helpful for recognizing sponta-
neous child speech. Overall, the results suggest that
ChildTalk is challenging for off-the-shelf systems,
while fine-tuning on the corpus and leveraging con-
text provide consistent improvements, highlighting
its value as a testbed for child ASR, dialect robust-
ness, and dialogue-level modeling in Chinese.

2 Related Work

2.1 Child Corpora in Chinese
As summarized in Table 1, publicly available Chi-
nese child speech corpora with both full-dialogue
recordings and dialectal coverage are very lim-
ited. CASS CHILD (Gao et al., 2012) and SLT-
CSRC (Yu et al., 2021) are important resources but
are not broadly accessible and mainly target stan-
dard Mandarin, with data released as segmented
utterances rather than full conversational sessions.
Among accessible corpora, SingaKids (Chen et al.,
2016) focuses on reading tasks from older children,
while ChildMandarin (Zhou et al., 2025) provides
conversational speech from preschoolers but only

in utterance-level form and without systematic di-
alectal design.

Several linguistic corpora offer full-length con-
versational sessions, such as the Tong Corpus (Xi-
angjun and Yip, 2017), BJCMS (Mai et al., 2024),
and HKU-70 (Leung, 2018). These resources, how-
ever, were primarily constructed for longitudinal
acquisition or clinical studies and therefore involve
relatively few speakers (e.g., a single child in the
Tong Corpus) and limited dialectal coverage; HKU-
70 is Cantonese-only, and Mandarin dialects are
largely absent. Overall, existing Chinese child
speech corpora tend to trade off between scale, nat-
ural dialogue structure, and dialectal diversity, leav-
ing few publicly accessible resources that jointly
offer large speaker coverage, full-length conversa-
tions, and multiple dialect varieties.

2.2 Child Corpora in Other Languages

Child speech corpora in other languages show sim-
ilar trade-offs. For English, large-scale resources
such as the MyST Corpus (Demuth and Trem-
blay, 2008) and TBALL (Kazemzadeh et al., 2005)
include hundreds or thousands of speakers, but
typically focus on school-aged children in struc-
tured tasks (e.g., tutoring or reading), with lim-
ited attention to early preschool speech or native
dialectal variation. Other corpora, such as the
Non-Native Children’s Speech Corpus (Radha and
Bansal, 2022), specifically target L2 learners and
remain relatively small in duration.

For non-English languages, resources are gener-
ally smaller and more sparse. The Dutch JASMIN-
CGN (Cucchiarini et al., 2008) and Swedish
NICE (Bell et al., 2005) corpora, as well as Spanish
datasets like CHIEDE (Garrote and Moreno San-
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Relationship Count Proportion

Parents 393 77.98%
Grandparents 13 2.58%
Older siblings 52 10.32%

Teacher 35 6.94%
Relative 11 2.18%

Table 2: Statistic of the relationship between children
and adults.

doval, 2008) and IESC-Child (Pérez-Espinosa et al.,
2020), provide valuable material but tend to con-
centrate on older children, narrow age bands, or
specific interaction scenarios, and rarely include
full-length dialogues with systematic dialectal cov-
erage.

Against this background, ChildTalk contributes
a complementary type of resource: a publicly avail-
able Chinese child speech corpus with full-length
child–caregiver conversations, broad age coverage
(2–8 years), and a systematic design spanning stan-
dard Mandarin and ten additional dialect varieties,
aimed at supporting robust and dialect-aware ASR
research.

3 Dataset Description

Overall, ChildTalk contains 498 child speakers and
500 adult speakers, yielding 88,943 utterances and
112.50 hours of speech across Mandarin and mul-
tiple dialects. In this section, we first describe the
data collection protocol (§3.1), then present the
annotation process (§3.2), and finally provide a
detailed analysis of the corpus statistics (§3.3).

3.1 Dataset Collection

We recruit 498 children aged 2–8 and 500 adults
from mainland China and record 500 dyadic con-
versations. Speakers are distributed across standard
Mandarin, eight Mandarin dialect subgroups, and
two additional dialects (Southern Min and Jin Chi-
nese). The Mandarin and dialect subsets are kept
disjoint: no speaker appears in both subsets, and
each child participates in at most one variety (either
Mandarin or a single dialect).

Prior to participation, we obtain written in-
formed consent from parents or legal guardians.
Guardians are fully informed of the purpose of
the study, the recording procedures, and the in-
tended academic use of the data. Recordings are
conducted in natural conversational settings. Each
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Figure 1: Age and gender distribution of child partici-
pants in ChildTalk.

child is accompanied by a familiar adult such as a
parent, grandparent, older sibling, teacher, or other
close relative; the distribution of relationship types
is summarized in Table 2. The dyads are encour-
aged to engage in everyday conversations, so that
children can speak in a relaxed and familiar atmo-
sphere, eliciting spontaneous and age-appropriate
speech.

Dialogue corpora with full-length recordings
and aligned annotations are particularly scarce,
especially for child speech. Unlike prior Man-
darin child ASR corpora that typically release
isolated utterances, ChildTalk captures complete
parent–child dialogues in long-form audio sessions.
These recordings preserve natural turn-taking (e.g.,
parent–child alternation), contextual dependencies
between utterances, and broader discourse dynam-
ics such as topic continuation and shifts. All ses-
sions are recorded in quiet indoor environments
to minimize background noise while maintaining
naturalistic conversational style.

Each session typically lasts several minutes, re-
sulting in continuous long-form speech segments.
After collection, the recordings are carefully seg-
mented and transcribed at the utterance level. All
data are anonymized by replacing personal iden-
tifiers with coded labels. The corpus will be re-
leased exclusively for research purposes under a
non-commercial license, in accordance with ethical
standards for child data collection and use.

3.2 Data Annotation

To ensure high-quality annotation, all recordings
are transcribed at the character level by profes-
sional annotators following consistent guidelines.
The demographic information of 43 annotators, in-
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Token Description

<UNK/> Unintelligible word/phrase
<LAUGH/> Laughter
<COUGH/> Coughing or throat clearing
<NON/> Non-speech noises (e.g., ring)
<NPS/> Noise from non-participants
<MUSIC/> Music segment
<OVERLAP></OVERLAP> Overlapping speech
<EN></EN> English words
<PINYIN></PINYIN> Pinyin sequences
<SING></SING> Singing content
<SIGH/> Sigh
<LIP-SMACK/> Lip-smacking sound
<STA/> Stationary background noise
#word Filler words marked with “#”
<S> Silence part
<Z> Invalid or discarded part

Table 3: Special tokens used in ChildTalk transcription.
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Figure 2: Number of child speakers by dialect in
ChildTalk.

cluding gender, age, education and native place,
are provided in Table A.1. Transcriptions faith-
fully capture children’s speech, including disflu-
encies, stutters, repetitions, minor mispronunci-
ations (transcribed as intended words), and age-
specific patterns, while unintelligible speech is
marked as <UNK/>. Numbers follow their spoken
form, license plates are preserved, and segments
must contain at least three characters (except com-
mon interjections or fillers). English words are
enclosed in <EN>. . . </EN>, alphabetic spellings
(e.g., DNA) are written with spaces, and Pinyin
sequences use <PINYIN>. . . </PINYIN>. Non-
speech events such as laughter, coughing, noise,
or overlapping speech are marked with dedicated
tokens; extended silence is <S>, and discarded seg-
ments are <Z>. This standardized annotation pro-
tocol ensures high-quality linguistic content while

Split # Child # Adult Utt. Dur. (hrs) Avg. (s)

Train 342 344 64370 79.06 4.42
Dev 72 72 10387 14.46 5.01
Test 84 84 14186 18.98 4.82
Sum 498 500 88943 112.50 4.55

Table 4: Summary of data splits. # Child and # Adult
denotes the number of childern speakers and adult speak-
ers, respectively.

preserving child-specific characteristics crucial for
ASR research. Details of all special tokens in
ChildTalk is shown in Table 3.

3.3 Data Analysis

3.3.1 Child Speaker Demographics and
Dialect Distribution

Figure 1 illustrates the age–gender distribution of
the 498 child participants in ChildTalk. The corpus
is skewed toward older children: ages 7 and 8 ac-
count for more than half of the speakers (139 and
144 children, respectively), while ages 2–3 are rel-
atively sparse, reflecting the practical difficulty of
recruiting very young participants. Gender is rea-
sonably balanced across ages, with a slight overall
predominance of boys.

Figure 2 shows the dialect distribution of child
speakers in ChildTalk. Mandarin has the largest
number of speakers (98), followed closely by
Southwestern Mandarin (95), providing two high-
resource varieties for model training and evalua-
tion. A mid-sized group includes Jiao–Liao (63),
Zhongyuan (58), Northeastern (50), and Lan–Yin
(40), each with sufficient speakers for reliable eval-
uation and cross-dialect comparison. Several other
dialects are smaller in scale, such as Southwest
Min (7), Beijing (15), Jiang–Huai (20), Jin Chinese
(24), and Ji–Lu (28). These varieties are inher-
ently difficult to recruit for child speech collection,
yet ChildTalk still achieves meaningful coverage
for each of them, offering rare data for studying
dialectal robustness and adaptation in child ASR.
Further details on the geographic distribution of
child participants are provided in Figure A.1.

3.3.2 Duration Statistics
As shown in Figure 3a, we present duration statis-
tics of pure-speech segments in ChildTalk at both
the utterance level and the speaker level. The left
panel illustrates the utterance-level duration distri-
bution for child and adult speech. Almost all short
recordings are shorter than 30 s, and the majority
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Figure 3: Duration Statistics of Utterances, Speakers, and Conversations.

Dialect # Spk. Age range Avg. age Utt. Proportion
Duration (hrs)

Total Train Dev Test

Mandarin 198 [2, 4] 3.67 38,098 29.24% 32.90 21.76 5.50 5.64
Beijing 30 [6, 8] 6.87 1,777 2.12% 2.38 1.57 0.33 0.48
Ji-Lu 56 [5, 8] 7.29 2,377 4.03% 4.53 3.08 0.61 0.84
Jiang-Huai 40 [4, 8] 6.05 1,760 2.02% 2.27 1.43 0.52 0.31
Jiao-Liao 126 [4, 8] 7.10 8,909 8.66% 9.75 7.02 1.26 1.47
Lan-Yin 80 [4, 8] 6.35 2,354 6.68% 7.52 5.26 1.01 1.25
Northeastern 100 [7, 8] 7.62 6,153 7.15% 8.04 5.64 1.14 1.26
Southwestern 190 [4, 8] 6.35 18,729 27.66% 31.11 23.97 2.05 5.09
Zhongyuan 116 [4, 8] 6.88 6,607 7.99% 8.99 6.06 1.43 1.51
Southern Min 14 [6, 8] 7.00 403 1.00% 1.13 0.68 0.14 0.31
Jin Chinese 48 [5, 8] 7.29 1,776 3.45% 3.88 2.58 0.48 0.82

Table 5: Dialect-wise statistics of child speech in ChildTalk. “# Spk.” denotes the number of child speakers per
subset, “Proportion” is the share of each subset in the corpus, and the last four columns report total and per-split
durations in hours.

of utterances are concentrated in the range of 0–
15 s, indicating a conversational style dominated
by short turns.

The middle panel aggregates utterances at the
speaker level. For most speakers, the total dura-
tion of pure speech lies below 1500 s, with a large
mass between several hundred seconds and around
1500 s. This suggests that each speaker contributes
a substantial yet balanced amount of data, which is
helpful for building speaker-independent models.

The right panel in Figure 3b further reports the
duration distribution of complete conversations. A
clear majority of long recordings fall into the 600–
900 s (10–15 minutes) range, with about one fifth
in the 300–600 s (5–10 minutes) range and only a
small proportion exceeding 1500 s (>25 minutes).
Overall, the corpus provides many dialogues of
moderate length, suitable for both utterance-level
and dialogue-level modeling.

3.3.3 Data Splits and Dialect-wise Statistics

We divide the dataset into speaker-independent
train, development, and test subsets with a ratio
of 0.70:0.15:0.15. The summary of data splits is
provided in Table 4. Overall, ChildTalk contains
498 child speakers and 500 adult speakers, yielding
88,943 utterances and 112.50 hours of speech. The
training, development, and test sets comprise 79.06,
14.46, and 18.98 hours, respectively. The average
utterance duration is around 4.5 seconds and is sim-
ilar across splits (4.42–5.01 seconds), indicating
consistent segmentation.

Table 5 presents a detailed breakdown by dialect
subset. Mandarin and Southwestern Mandarin ac-
count for the largest portions of the corpus (32.9
and 31.11 hours), while Jiao–Liao, Zhongyuan,
Northeastern, and Lan–Yin form medium-sized
subsets (approximately 4–10 hours). Smaller but
still meaningful amounts of data are available for
Beijing, Ji–Lu, Jiang–Huai, Jin Chinese, and South-
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Model #Params CTC greedy search CTC beam search Attention Attention rescoring

Transformer 29.80M 42.09 41.91 49.86 40.46
Branchformer 29.01M 39.02 38.96 49.20 37.79
Conformer 31.94M 37.08 37.04 41.16 35.94

Table 6: CER (%) of models trained from scratch on ChildTalk.

Model # Params Decoding method
In-domain Cross-domain

Zero-shot Fine-tuned Zero-shot Fine-tuned

Whisper-tiny 39M Autoregressive 75.29 43.47 67.63 34.25
Whisper-base 74M Autoregressive 64.70 38.18 51.49 30.53
Whisper-small 244M Autoregressive 51.77 30.49 37.99 21.55
Whisper-medium 769M Autoregressive 43.94 24.16 28.55 16.05
CW 122M Attention Rescoring 31.02 21.53 18.05 13.05
SenseVoice-Small 234M CTC greedy search 20.63 16.30 11.79 10.19

Table 7: Performance of zero-shot and finetuned models trained on the ChildTalk training set. “In-domain” denotes
results on the ChildTalk test set, while “Cross-domain” denotes results on the ChildMandarin test set, illustrating
the robustness of our dataset.

ern Min. The Mandarin subset focuses on younger
children (2–4 years, average 3.67), whereas most
dialect subsets cover slightly older children (av-
erage ages between 6 and 8), providing a range
of developmental stages. Each dialect appears in
all three splits with non-negligible durations, so
that train, development, and test sets all reflect the
overall dialectal composition of the corpus.

4 Experiments

4.1 Models

We evaluate models trained from scratch, pre-
trained models fine-tuned on ChildTalk, omni-
modal LLMs used in a zero-shot setting, and com-
mercial speech transcription APIs.

For training from scratch, we consider three
end-to-end ASR architectures implemented with
Wenet (Yao et al., 2021): Transformer (Dong et al.,
2018), Conformer (Gulati et al., 2020), and Branch-
former (Peng et al., 2022).

To assess the effect of large-scale pre-training,
we further fine-tune several pre-trained models:
Whisper (Radford et al., 2023b) (from tiny to
medium), Conformer-WenetSpeech (CW) (Zhang
et al., 2022), and SenseVoice-small (An et al.,
2024).

In addition, we evaluate general-purpose
omni-modal LLMs in a zero-shot setting, in-
cluding Qwen2.5-Omni (Xu et al., 2025a),
Qwen3-Omni (Xu et al., 2025b), Qwen3-
ASR (Shi et al., 2026) and OpenAI’s GPT-
4o (OpenAI et al., 2024) speech transcrip-

tion endpoints (gpt-4o-transcribe and
gpt-4o-mini-transcribe). We report these
systems together as off-the-shelf zero-shot
baselines that are not fine-tuned on ChildTalk, to
contrast their performance with supervised ASR
models trained or adapted on our corpus. More
detailed model descriptions and hyperparameters
are provided in Appendix B.

4.2 Results of Training from scratch.
Table 6 summarizes the performance of models
trained from scratch on ChildTalk. Among the three
architectures, Conformer achieves the lowest error
rates across all decoding strategies (35.94% with at-
tention rescoring), followed by Branchformer and
Transformer. Greedy and beam search perform
very similarly for all models, indicating that simple
CTC decoding is already reasonably strong in this
setting. Attention-only decoding yields noticeably
higher error rates, while attention rescoring con-
sistently provides the best performance for each
architecture, suggesting that combining CTC with
an attention-based decoder offers modest but stable
gains on spontaneous child speech. Despite these
improvements, the remaining error rates also high-
light the inherent difficulty of recognizing spon-
taneous child speech and leave substantial room
for further gains from large-scale pre-training and
adaptation.

4.3 Results of Fine-tuning Pre-trained Model
Table 7 reports zero-shot and fine-tuned re-
sults for pre-trained models on both the in-

5108



Beijing Ji-L
u

Jiang-Huai

Jiao-Lia
o Jin

Lan-Yin

Southern Min

Northeaste
rn

Southweste
rn

Zhongyuan

Mandarin
Overall

0

25

50

75

100

CE
R

28.3 32.4

84.4

36.5

62.4

33.4

87.9

7.0

33.0 34.5

20.7
31.0

23.3
29.5

77.3

24.3

42.6

12.2

75.0

5.5

21.2
26.1

15.1
21.5

Zero-shot
Fine-tuned

(a) Conformer-Wenetspeech (CW)

Beijing Ji-L
u

Jiang-Huai

Jiao-Lia
o Jin

Lan-Yin

Southern Min

Northeaste
rn

Southweste
rn

Zhongyuan

Mandarin
Overall

0

20

40

60

80

CE
R

21.0
27.8

79.9

25.4

38.8

13.9

73.9

4.3

20.1
24.2

13.9
20.619.9

26.5

62.9

19.6
24.8

8.1

44.0

4.4

16.2 19.2
11.9

16.3

Zero-shot
Fine-tuned

(b) SenseVoice-small

Figure 4: Performance breakdown of SenseVoice-small and Conformer-Wenetspeech (CW) on each subdialect.

domain (ChildTalk) and cross-domain (ChildMan-
darin (Zhou et al., 2025)) test sets. Note that all fine-
tuned results are obtained by adapting the models
on the ChildTalk training set. Within the Whisper
family, performance improves steadily with model
size in all settings: larger variants obtain lower er-
ror rates in zero-shot mode and benefit more from
fine-tuning.

Fine-tuning on ChildTalk consistently yields sub-
stantial gains across all models and both evalua-
tion domains. For Whisper-medium, fine-tuning
reduces CER by 19.78 points in-domain (43.94%
→ 24.16%) and by 12.50 points cross-domain
(28.55% → 16.05%). Similar, albeit smaller, im-
provements are observed for the smaller Whis-
per variants. The two non-autoregressive models,
Conformer-WenetSpeech (CW) and SenseVoice-
small, achieve lower error rates overall than the
Whisper family at comparable or larger parameter
scales. SenseVoice-small obtains the best results in
all settings, with CERs of 16.30% (in-domain) and
10.19% (cross-domain) after fine-tuning.

Comparing the in-domain and cross-domain
columns, CER on ChildMandarin are generally
lower than on ChildTalk, which suggests that the
ChildMandarin test set is somewhat easier but also

that fine-tuning on ChildTalk improves robustness
beyond the training domain. All models benefit
from ChildTalk-based fine-tuning on the ChildMan-
darin test set, indicating that the corpus provides
useful supervision that transfers to another Man-
darin child speech dataset with different speakers
and recording conditions.

4.4 Performance Breakdown of Fine-tuned
Models

Figure 4 presents the CER breakdown of
Conformer-WenetSpeech (CW) and SenseVoice-
small on each subdialect of the ChildTalk test
set, comparing zero-shot performance with mod-
els fine-tuned on the ChildTalk training set. For
CW (Figure 4a), fine-tuning reduces errors for
most dialects, with particularly large absolute gains
on Lan–Yin (33.4% → 12.2%) and Jin (62.4%
→ 42.6%). Nevertheless, some varieties such as
Jiang–Huai and Southern Min remain challenging,
with CERs above 75% even after adaptation, while
Northeastern Mandarin is relatively easier (7.0%
→ 5.5%). Overall, the CW average CER decreases
from 31.0% to 21.5%.

SenseVoice-small (Figure 4b) achieves lower
CERs than CW for all subdialects in both zero-
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shot and fine-tuned settings. Fine-tuning again
yields improvements for nearly all dialects, includ-
ing substantial reductions on Lan–Yin (13.9% →
8.1%), Jin (38.8% → 24.8%), and Southern Min
(73.9% → 44.0%). Standard Mandarin attains rel-
atively low CERs (13.9% → 11.9%). The overall
CER for SenseVoice-small decreases from 20.6%
to 16.3% after fine-tuning, indicating that adapta-
tion on ChildTalk provides consistent gains across
a wide range of Mandarin subdialects and related
varieties.

We further examine these subdialect-wise results
in light of the age distribution summarized in Ta-
ble 5. Northeastern Mandarin has the highest av-
erage age among all groups (7.62 years), whereas
the Mandarin subset consists mainly of younger
children aged 2–4 (average 3.67 years). The rela-
tively low error rates on Northeastern thus likely
reflect a combined effect of older speakers and its
phonological proximity to standard Mandarin. In
contrast, dialects such as Southern Min and Jiang–
Huai combine smaller sample sizes, larger phono-
logical differences from standard Mandarin, and
mid-range ages, which is in line with their higher
CERs. These patterns indicate that both speaker
age and dialectal variation are closely related to
ASR performance on ChildTalk, and they should
be taken into account when interpreting subdialect-
wise results.

4.5 Results of Zero-shot API-based ASR
Systems

Table 8 summarizes the zero-shot performance of
off-the-shelf omni-modal models on the ChildTalk
test set. All systems show noticeable difficulty with
spontaneous, multi-dialect child speech, yielding
CERs above 25% without any adaptation. Among
them, Qwen2.5-Omni obtains the lowest error rate
(25.39%), with Qwen3-Omni slightly higher at
28.56%. The GPT-4o transcription endpoints per-
form substantially worse in this setting, with CERs
around 47–49%. Overall, these results indicate that,
in a pure zero-shot setup, current general-purpose
omni-modal models and API still fall short of the
accuracy typically desired for robust child ASR on
ChildTalk.

4.6 Effect of Dialogue Context length
Table 9 reports CER performance when varying
the amount of dialogue history used as a textual
prompt, where S, D, and I denote substitution, dele-
tion, and insertion errors, respectively. Without

Model Zero-shot CER (%)

GPT-4o-mini-transcribe 48.65
GPT-4o-transcribe 47.44
Qwen2.5-Omni 25.39
Qwen3-Omni 28.56

Table 8: Performance of off-the-shelf zero-shot base-
lines on ChildTalk testing set.

Context S (%) D (%) I (%) CER (%)

0 28.33 11.60 3.33 43.25
1 22.00 9.65 3.51 35.16
2 20.67 9.15 3.69 33.50
3 20.29 8.06 3.53 31.87

Table 9: Effect of dialogue context length on Whisper-
Large-V3. ”Context” denotes the number of preceding
dialogue turns used as textual prompts (C = 0 means
no context, C = 1 uses the immediately preceding turn,
etc.). ”S,D,I” denote the error rate (%) of substitution,
deletion and insertion, respectively.

any context (C = 0), Whisper-Large-V3 attains a
CER of 43.25%. Providing the immediately pre-
ceding turn as context (C = 1) reduces CER to
35.16%, with most of the gain coming from fewer
substitutions (28.33% → 22.00%) and deletions
(11.60% → 9.65%), while insertions remain rela-
tively small. Extending the prompt to two and three
previous turns (C = 2 and C = 3) yields further
but diminishing improvements, reaching a CER of
31.87% at C = 3. Overall, short dialogue history
helps the model correct substitution and deletion er-
rors, suggesting that even limited context is useful
for recognizing child speech in conversational set-
tings. We further verified this trend on additional
Qwen-3-ASR (see Appendix C), where consistent
improvements from C=0 to C=3 are observed.

5 Conclusion

In this paper, we present ChildTalk, a multi-
dialect Chinese child speech corpus with full-
length child–caregiver conversations, covering 498
children aged 2–8 and 112.5 hours of speech
across standard Mandarin and ten additional di-
alect varieties. The dataset is carefully collected,
anonymized, and released for non-commercial
research, with utterance-level transcriptions and
speaker-independent splits. ChildTalk represents
a significant step toward comprehensive, publicly
accessible Mandarin child speech resources. Its
combination of large scale, broad age coverage,
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full-dialogue recordings, and rich dialectal diver-
sity establishes a solid foundation for advancing
speech recognition, speaker and dialect modeling,
and language acquisition research for young chil-
dren, with potential impact on educational technol-
ogy, healthcare, and human–computer interaction.

Limitations

Although ChildTalk covers a broad range of di-
alects and age groups, it is not perfectly balanced.
First, the dialect distribution is skewed toward stan-
dard Mandarin and Southwestern Mandarin, while
several other dialects (e.g., Southwest Min, Jiang–
Huai, Jin Chinese) have substantially fewer speak-
ers and shorter durations. This reflects the practi-
cal difficulty of recruiting child participants from
some dialect communities, but it also means that
results may be more reliable for high-resource vari-
eties than for low-resource ones. Second, the age
distribution is uneven: older children (7–8 years)
are more frequently represented than very young
children (2–3 years), for whom data collection is
considerably more challenging. Future extensions
of the corpus could aim to increase the coverage of
underrepresented dialects and younger age ranges
to further improve the robustness and representa-
tiveness of child ASR evaluations.

Ethical Considerations

All recordings in ChildTalk were collected with
prior informed consent from parents or legal
guardians. Before any recording took place, care-
givers were informed about the purpose of the
project, the recording setup, the types of data to be
collected, and the intended use of the corpus for
academic research. Each participating family re-
ceived a compensation of 300 RMB in recognition
of their time and effort, and guardians were free to
decline or discontinue participation at any time.

To safeguard privacy, all audio and transcriptions
are anonymized before release. Personal names and
other directly identifying information are removed
or replaced with codes, and we do not distribute
fine-grained metadata that could make individual
participants easily identifiable. Any demographic
attributes reported in this paper or in the released
metadata are provided only in aggregated form. Ac-
cess to ChildTalk is restricted to non-commercial
research use. Prospective users will be asked to
agree to a data use agreement that specifies accept-
able use of the corpus. In particular, the agreement

will require that:

• Users treat removal requests from participants
or their guardians as binding, and delete the
corresponding recordings and transcripts from
their local copies of the dataset within a rea-
sonable time.

• Users do not attempt to infer the real-world
identity of any child, caregiver, or institution,
nor link the corpus with external resources for
re-identification purposes.

• Users obtain approval from their own institu-
tional ethics boards (e.g., IRB or equivalent),
where applicable, and refrain from applica-
tions that could harm participants, such as
surveillance, profiling, or discriminatory deci-
sion making.

• Users do not redistribute the original audio,
transcripts, or derived subsets that could ex-
pose individual recordings outside their re-
search group, unless they have received ex-
plicit permission from the dataset maintainers.

These measures are intended to balance the re-
search value of ChildTalk with a strong commit-
ment to the privacy and welfare of participating
children and their families.
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A Data details

Figure A.1 shows the geographic distribution of
speakers in ChildTalk by province, with child
and adult counts plotted separately. Most partici-
pants come from a handful of provinces in Main-
land China: Sichuan and Shandong contribute the
largest numbers of speakers, followed by Liaoning,
Henan, Hebei, and Ningxia. Beyond these major
contributors, the corpus also includes smaller but

non-negligible numbers of speakers from a broad
range of provinces and municipalities (e.g., Jiangsu,
Fujian, Beijing, Guangdong, Shanghai, Yunnan),
yielding a long-tail distribution. The child and adult
bars are generally aligned within each province,
indicating that caregiver recruitment tracks the re-
gional distribution of children and that ChildTalk
covers a geographically diverse set of dialect re-
gions.

B Experiment Setup

All open-source models and datasets utilized in this
study are distributed under open-source licenses, in
compliance with the terms of their respective orig-
inal distributions. For closed-source commercial
models (e.g., GPT-4o), we accessed their speech
transcription functionality via official APIs. All ex-
periments are conducted on four NVIDIA RTX
3090, NVIDIA RTX 4090 and NVIDIA A100
GPUs.

B.1 Models
Training from scratch. We consider three end-
to-end ASR architectures, implemented using the
open-source Wenet (Yao et al., 2021) toolkit:

• Transformer (Dong et al., 2018), a sequence-
to-sequence baseline with stacked self-
attention and feed-forward layers.

• Conformer (Gulati et al., 2020), which aug-
ments self-attention with convolutions to cap-
ture both global and local patterns.

• Branchformer (Peng et al., 2022), which em-
ploys a branched attention–convolution design
to balance long-range dependencies and local
feature extraction.

Fine-tuning pre-trained models. To assess the
benefits of large-scale pre-training, we further ex-
periment with the following pre-trained models:

• Whisper 2 (Radford et al., 2023b), a widely
used open-source end-to-end ASR model de-
veloped by OpenAI. We employ Whisper
models from the tiny to medium configura-
tions.

• Conformer-WenetSpeech (CW)3, a Con-
former model trained on the 10,000-hour

2https://github.com/openai/whisper
3https://github.com/wenet-e2e/wenet/blob/main/

docs/pretrained_models.md
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Table A.1: Demographic Information of Annotators.

Dialect Gender Age Education Native place

Jiao-Liao Mandarin

Male 31 Junior college Qingdao
Male 26 Bachelor’s degree Weifang
Male 23 Bachelor’s degree Binzhou
Male 37 Junior college Weifang

Southern Min Male 35 Bachelor’s degree Shantou
Male 29 Bachelor’s degree Shantou

Beijing Mandarin Female 37 Bachelor’s degree Chengde
Female 37 Bachelor’s degree Chengde

Northeastern Mandarin

Female 35 Bachelor’s degree Shenyang
Female 31 Bachelor’s degree Fushun
Male 33 Bachelor’s degree Fushun
Female 39 Junior college Shenyang
Male 31 Junior college Tonghua

Southwestern Mandarin

Female 29 Bachelor’s degree Chengdu
Female 35 Junior college Chengdu
Female 32 Junior college Chongqing
Female 30 Junior college Mianyang
Female 30 Junior college Mianyang
Female 35 Junior college Chongqing
Female 32 Junior college Chengdu
Female 31 Bachelor’s degree Yibin
Male 29 Bachelor’s degree Guang’an
Female 33 Bachelor’s degree Chongqing

Ji-Lu Mandarin

Female 40 Junior college Baoding
Male 32 Bachelor’s degree Baoding
Male 35 Junior college Baoding
Female 29 Junior college Shijiazhuang

Jin
Female 37 Junior college Datong
Female 35 Junior college Taiyuan
Male 30 Junior college Taiyuan

Jiang-Huai Mandarin

Male 28 Bachelor’s degree Changzhou
Female 34 Junior college Wuxi
Male 38 Junior college Suzhou
Female 32 Junior college Shanghai
Female 34 Junior college Hefei

Lan-Yin Mandarin

Male 31 Bachelor’s degree Zhongwei
Female 27 Bachelor’s degree Yinchuan
Female 32 Junior college Baiyin
Female 25 Junior college Lanzhou

Zhongyuan Mandarin

Female 38 Junior college Zhumadian
Female 33 Junior college Zhumadian
Female 48 Junior college Xuchang
Male 30 Bachelor’s degree Zhoukou

Mandarin

Female 43 Vocational secondary school Datong
Female 32 Bachelor’s degree Chengdu
Female 42 Junior college Zhengzhou
Female 36 Vocational secondary school Ili
Female 45 High school Qinhuangdao
Male 47 High school Qinhuangdao
Female 37 Bachelor’s degree Qinhuangdao
Female 32 Bachelor’s degree Hangzhou
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Figure A.1: Geographic distribution of child participants in ChildTalk.

WenetSpeech (Zhang et al., 2022) corpus with
joint CTC–attention training.

• SenseVoice-small 4 (An et al., 2024), a speech
foundation model pre-trained on multiple
speech understanding tasks. This model sup-
ports multiple Chinese dialect ASR tasks and
has demonstrated strong performance.

Off-the-shelf ASR: Qwen2.5-Omni 5 (Xu et al.,
2025a) and Qwen3-Omni 6 (Xu et al., 2025b)
are end-to-end omni-modal large language mod-
els from Alibaba’s Qwen series that support
unified speech, vision, and text understanding
and generation, including high-quality speech
transcription and spoken interaction. More-
over, we also include zero-shot API-based
systems in our evaluation, namely OpenAI’s
GPT-4o 7 (OpenAI et al., 2024) transcription
endpoints, including gpt-4o-transcribe and
gpt-4o-mini-transcribe.

B.2 Hyperparameters

For models trained from scratch, we use a batch
size of 32, a learning rate of 1×10−3, and 100 train-
ing epochs for both the Transformer and Conformer
architectures, while Branchformer is trained with
a smaller batch size of 16 under the same learning
rate and number of epochs. For fine-tuning the pre-
trained Conformer-WenetSpeech model, we adopt
a batch size of 16, a learning rate of 4× 10−5, and
20 training epochs. For Whisper, we use a batch

4https://github.com/FunAudioLLM/SenseVoice
5https://github.com/QwenLM/Qwen2.5-Omni
6https://github.com/QwenLM/Qwen3-Omni
7https://platform.openai.com/docs/guides/

speech-to-text

Model Batch size Learning rate #Epochs

Transformer 32 1× 10−3 100
Conformer 32 1× 10−3 100
Branchformer 16 1× 10−3 100

CW 16 4× 10−5 20
Whisper 16 1× 10−5 10
SenseVoice-small 120 s/audio† 4× 10−5 10

Table B.1: Training hyperparameters for models trained
from scratch and fine-tuned (FT) on ChildTalk. †Batch
size for SenseVoice-small is measured as the total audio
duration per batch.

size of 16, a learning rate of 1 × 10−5, and 10
training epochs. For SenseVoice-small, the batch
size is defined in terms of total audio duration (120
seconds per batch), and the model is fine-tuned for
10 epochs with a learning rate of 4× 10−5.

C Context-Length Experiments on
Qwen-3-ASR

To further validate the generality of the context-
length effect, we evaluate Qwen-3-ASR models
(0.6B and 1.7B) under different dialogue context
lengths.

Context 0 1 2 3

Qwen3-ASR (0.6B) 19.47 16.89 16.29 16.26
Qwen3-ASR (1.7B) 17.01 14.66 14.34 14.07

Table B.1: WER performance with different dialogue
context length on Qwen-3-ASR models.

The results show consistent improvements when
introducing short context from C=0 to C=3, which
aligns with the observations in Table 9.
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D AI Usage

In this work, AI tools are used exclusively for lin-
guistic refinement of the manuscript, including opti-
mizing the clarity of arguments, improving logical
coherence, and correcting grammatical errors. The
authors assume complete responsibility for the sci-
entific content, conclusions, and overall integrity
of the paper, confirming compliance with academic
ethics and the absence of plagiarism.
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