WenetSpeech-Wu: Datasets, Benchmarks, and Models for a Unified
Chinese Wu Dialect Speech Processing Ecosystem

Anonymous ACL submission

Abstract

Speech processing for low-resource dialects
remains a fundamental challenge in develop-
ing inclusive and robust speech technologies.
Despite its linguistic significance and large
speaker population, the Wu dialect of Chi-
nese has long been hindered by the lack of
large-scale speech data, standardized evalua-
tion benchmarks, and publicly available mod-
els. In this work, we present WenetSpeech-
Wau, the first large-scale, multi-dimensionally
annotated open-source speech corpus for the
Wu dialect, comprising approximately 8,000
hours of diverse speech data. Building upon
this dataset, we introduce WenetSpeech-Wu-
Bench, the first standardized and publicly
accessible benchmark for systematic evalua-
tion of Wu dialect speech processing, cov-
ering automatic speech recognition (ASR),
Wu-to-Mandarin translation, speaker attribute
prediction, speech emotion recognition, text-
to-speech (TTS) synthesis, and instruction-
following TTS (instruct TTS). Furthermore, we
release a suite of strong open-source models
trained on WenetSpeech-Wu, establishing com-
petitive performance across multiple tasks and
empirically validating the effectiveness of the
proposed dataset. Together, these contributions
lay the foundation for a comprehensive Wu
dialect speech processing ecosystem, and we
open-source proposed datasets, benchmarks,
and models to support future research on di-

alectal speech intelligence .

1 Introduction

Speech processing has become a fundamental com-
ponent of artificial intelligence, enabling natural
and efficient human—machine interaction across a
wide range of real-world applications (Peng et al.,
2025; Xu et al., 2025a). For high-resource lan-
guages such as Mandarin Chinese and English, the
speech processing ecosystem has reached a high
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Figure 1: Highlights of WenetSpeech-Wu.

level of maturity, characterized by large-scale and
diverse datasets (Zhang et al., 2022; Zen et al.,
2019; He et al., 2024), publicly available and multi-
dimensional evaluation benchmarks (Sakshi et al.,
2025; Wang et al., 2025a,b), and a growing number
of powerful open-source models (An et al., 2024;
Gao et al., 2022; Radford et al., 2023). Together,
these components form a virtuous cycle in which
data, benchmarks, and models mutually reinforce
one another, continuously driving rapid progress in
both academic research and practical deployment.
In contrast, the Wu dialect 2, a crucial Chinese
dialect that remains relatively underexplored in
speech technology community, is associated with a
severely underdeveloped speech processing ecosys-
tem. The lack of sufficient datasets, standardized
benchmarks, and accessible models has substan-
tially hindered both research advancement and real-
world adoption. To bridge this gap and promote
inclusive speech technology, this work lays the
foundation for a comprehensive speech processing
ecosystem for the Wu dialect.

The Wu dialect is a major branch of Chinese spo-
ken by approximately 100 million speakers across
Shanghai, Zhejiang, Jiangsu, and overseas com-
munities, and is linguistically characterized by ex-
ceptional complexity. It preserves the fully voiced
consonant system inherited from Old Chinese. It
features a highly intricate tone sandhi system in

2https://en.wikipedia.org/wiki/Wu_Chinese
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Table 1: Comparison of typical low-resource speech processing resources related to WenetSpeech-Wu. v', A, and
X indicate experimentally verified availability, unverified availability, and absence of dimension, respectively. Ab-
breviations: Data Comp (Data Composition; CN = China, SEA = Southeast Asia), Hrs (hours), Trans (transcription),
Para (paralinguistics), Transl (translation), Q Tier (quality grading tier), Instr TTS (instruct TTS), Sp Und. (speech

understanding), Wu-SH (Shanghai sub-dialect of Wu).

Dataset Benchmark Model

Q Instr Sp Instr
Resource Data Comp Hrs Trans Para Transl Tier ASR AST Para TTS TTS ASRTTS Und  TTS
KeSpeech 8 CN Accents 15k v A X X v X x X X v X X X
GigaSpeech2 3SEALangs 30k v X X X v X X X X v X X X
WenetSpeech-Yue CN Yue 2k vV A X X v X x Vv X v v X X
WenetSpeech-Chuan  CN Sichuan 10k v A X X v X x Vv X v v X X
Magicdata-Shanghai CN Wu-SH 4 v o X X X X X X X X X X X X
WenetSpeech-Wu  CN Wu & v v VY v v v v v v v v Y v

connected speech (Rose, 2015), both of which pose
substantial challenges for speech modeling. More-
over, substantial variation exists among its sub-
dialects, such as Shanghainese, Suzhounese, and
Hangzhounese, further complicating the develop-
ment of robust speech processing systems.

Despite its linguistic significance and broad
speaker base, the Wu dialect remains severely
under-resourced for speech processing. From a
data perspective, existing open-source resources
are extremely limited in both scale and coverage:
the only publicly available dataset, MagicData-
Shanghai®, provides merely 4.19 hours of anno-
tated Shanghainese speech for automatic speech
recognition (ASR), with no open datasets available
for other Wu sub-dialects. Moreover, high-quality
emotion annotations, speaker attributes and expres-
sive speech—text pairs are entirely absent, which
are essential for supporting a wide range of speech
processing tasks. From an evaluation perspective,
the lack of publicly available benchmarks prevents
fair comparison and systematic assessment across
different methods. At the model level, even foun-
dational speech processing systems, such as ASR
and text-to-speech synthesis (TTS) models, are ei-
ther unavailable or perform poorly, making both
open-source and commercial systems essentially
unusable for Wu dialect applications. Collectively,
these limitations underscore an urgent need to es-
tablish a comprehensive Wu dialect speech process-
ing ecosystem, so as to facilitate dialectal speech
research and foster the growth of the open-source
community.

To address these challenges, we present a com-

3https://magichub.com/datasets/
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prehensive open-source effort that lays the foun-
dation for a Wu dialect speech processing ecosys-
tem. Specifically, we construct WenetSpeech-Wu,
the first large-scale, multi-dimensionally annotated
open-source corpus for the Wu dialect, compris-
ing approximately 8,000 hours of eight Wu sub-
dialects. Building upon this dataset, we introduce
WenetSpeech-Wu-Bench, the first standardized
and publicly accessible benchmark designed for
systematic evaluation of Wu dialect speech pro-
cessing, covering ASR, Wu-to-Mandarin automatic
speech translation (AST), speaker attribute predic-
tion (gender and age), speech emotion recognition,
TTS, and instruction-following TTS (instruct TTS).
Furthermore, we release a suite of strong open-
source models trained on WenetSpeech-Wu, includ-
ing ASR, TTS, unified speech understanding, and
instruct TTS models, which substantially outper-
form existing open-source and commercial systems,
thereby establishing strong models and empirically
demonstrating the effectiveness of the proposed
dataset. Together, these contributions lay the foun-
dation for a comprehensive, publicly accessible
ecosystem for Wu dialect speech processing.
Our main contributions are threefold:

* We release WenetSpeech-Wau, the first large-
scale and multi-dimensionally annotated open-
source corpus for the Wu dialect, containing
approximately 8,000 hours of speech data.

We introduce WenetSpeech-Wu-Bench, the
first standardized benchmark for evaluating
Wau dialect speech processing, covering ASR,
Wu-to-Mandarin AST, speaker attribute pre-
diction, speech emotion recognition, TTS, and
instruct TTS tasks.
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* We open-source strong models trained on
WenetSpeech-Wu, demonstrating substantial
improvements over existing systems and vali-
dating the effectiveness of proposed dataset.

2 Related Work

2.1 Speech Datasets for Low-Resource
Languages and Chinese Dialects

Recently, significant efforts have been devoted
to constructing speech corpora for low-resource
languages and dialects, aiming to mitigate data
scarcity and promote inclusive speech technolo-
gies (Shao et al., 2025). Representative large-
scale corpora such as Common Voice (Ardila et al.,
2020), GigaSpeech2 (Yang et al., 2024), and Ke-
Speech (Tang et al., 2021) have substantially ad-
vanced research on speech processing for low-
resource or underrepresented languages. Within
the Chinese dialect family, several dialect-oriented
speech resources have been released recently, in-
cluding WenetSpeech-Yue (Li et al., 2025) for Can-
tonese and WenetSpeech-Chuan (Dai et al., 2025)
for Sichuanese. However, these datasets primarily
focus on ASR and, to a limited extent, TTS: Com-
mon Voice and GigaSpeech2 provide only tran-
scriptions, KeSpeech augments transcriptions with
dialect and basic speaker labels, and WenetSpeech-
Yue and WenetSpeech-Chuan include paralinguis-
tic annotations but evaluate their resources only
through ASR and TTS experiments, without val-
idating the effectiveness of the paralinguistic la-
bels. As a result, the usability of such resources for
broader speech processing tasks, such as speech
emotion recognition, AST, and instruct TTS, re-
mains limited.

Despite its linguistic and practical importance,
the Wu dialect remains severely under-resourced in
terms of publicly available speech data. To the best
of our knowledge, MagicData-Shanghai is the only
open-source Wu dialect dataset, providing merely
4.19 hours of annotated Shanghainese speech for
ASR. Such extreme data scarcity, together with
the lack of diverse annotations has substantially
hindered progress in Wu dialect speech processing
research.

2.2  'Wu Dialect Speech Processing: Models
and Evaluation

Early studies on Wu dialect speech processing
mainly focused on ASR or TTS for individual sub-
dialects, most notably Shanghainese, while largely

ignoring other major variants such as Suzhounese
and Hangzhounese. More recent works incorpo-
rate the Wu dialect as a minor component within
large-scale multilingual ASR or TTS systems, in-
cluding Dolphin (Meng et al., 2025), Qwen3-ASR,
Qwen3-TTS, Step-Audio2 (Wu et al., 2025), and
Qwen3-Omni (Xu et al., 2025a). In these systems,
Wau dialect speech is treated as a low-priority subset
rather than a primary research target, resulting in
foundational ASR and TTS models whose perfor-
mance remains insufficient for practical Wu dialect
applications. Beyond ASR and TTS, speech under-
standing models and instructing TTS systems tai-
lored to the Wu dialect remain largely unexplored.

More importantly, even for basic ASR and TTS
tasks, there is currently no publicly available and
standardized benchmark for evaluation. As a conse-
quence, existing studies typically evaluate models
on private test sets, severely hindering fair compar-
ison, reproducibility, and systematic progress.

In summary, as illustrated in Tabel 1, these limi-
tations motivate the introduction of WenetSpeech-
Wu, which aims to establish a complete Wu dialect
speech processing ecosystem by jointly advancing
datasets, benchmarks, and models.

3 WenetSpeech-Wu

3.1 Data Construction Pipeline

We propose an automatic and scalable pipeline
for constructing a large-scale Wu dialect speech
dataset with multi-dimensional annotations, as il-
lustrated in Figure 2. The pipeline is designed to
enable efficient data collection, robust automatic
transcription, and diverse downstream annotations.

Data Collection and Filtering. We collect large-
scale in-the-wild Wu dialect speech from diverse
domains and sub-dialects. Non-Wu data are first
removed based on metadata filtering, followed by
WebRTC VAD-based segmentation. We further
apply quality filtering using DNSMOS and signal-
to-noise ratio (SNR), resulting in a high-quality
speech corpus.

Annotation Tool Construction. To support
large-scale automatic transcription, we fine-tune
two pretrained ASR models using 880 hours of
manually annotated Wu dialect speech. Specifi-
cally, we fine-tune Tele-CTC-FT*, a Connection-
ist Temporal Classification (CTC)-based dialect
self-supervised learning (SSL) model, and Step-

4https: //huggingface.co/Tele-AL/
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Figure 2: Data construction pipeline for WenetSpeech-Wu.

Audio2-FT (Wu et al., 2025). These models are
used as complementary automatic annotators for
Wu dialect transcription.

Automatic Transcription and Fusion. We
adopt Recognizer Output Voting Error Reduction
(ROVER) (Fiscus, 1997) to fuse transcription from
multiple ASR systems. Specifically, we combine
the outputs from the two fine-tuned Wu dialect
ASR models, Dolphin (Meng et al., 2025) and
TeleASR (Chen et al., 2024), and determine the
model weights via grid search. The fused results
provide final transcriptions along with confidence
scores.

Multi-Dimensional Annotations. Each speech
sample is annotated across multiple dimensions.
Speaker attributes, including gender and age, are
inferred using the VoxProfile (Feng et al., 2025),
while multi-speaker presence is detected using
Pyannote (Bredin, 2023). Wu-to-Mandarin trans-
lations are generated through lexicon-based map-
ping and further refined using Qwen3-8B (Yang
et al., 2025), a large language model, aiming to
provide fluent standard Mandarin references. Emo-
tion annotations are obtained through a multi-stage,
cross-modal procedure. Initial predictions are pro-
duced using SenseVoice (An et al., 2024) and
Emo2Vec (Wang et al., 2020) for acoustic signals,
and Qwen3-8B for textual content. Samples jointly
identified as non-neutral are further analyzed us-
ing DeepSeek-R1 based on text and Gemini-2.5-
Pro based on acoustic information, with the final
label determined by the intersection of the two.
In addition, prosodic acoustic features, including
speech rate, loudness, energy, and pitch, are ex-

tracted by Dataspeech (Lyth and King, 2024) to
support speech generation tasks.

3.2 Datasets

WenetSpeech-Wau is the first large-scale Wu dialect
speech corpus with multidimensional annotations.
It contains rich metadata and annotations, includ-
ing transcriptions with confidence scores, Wu-to-
Mandarin translations, domain and sub-dialect la-
bels, speaker attributes, emotion annotations, and
audio quality measures. The dataset comprises ap-
proximately 8,000 hours of speech collected from
diverse domains and covers eight Wu sub-dialects.
To support a wide range of speech processing tasks
with heterogeneous quality requirements, we fur-
ther adopt a task-specific data quality grading strat-
egy. In the following, we describe the dataset statis-
tics, domain and dialect coverage, annotation distri-
butions, and quality control mechanisms in detail.
Duration and Confidence Distribution.
WenetSpeech-Wu contains 8,000 hours of speech
with 3.86M utterances, with utterance durations
up to 30 seconds and an average duration of 7.45
seconds. We use the transcription confidence
produced by the weighted ROVER as a measure
of annotation quality, and retain utterances
with confidence scores above 0.55. The detailed
distributions of utterance duration and transcription
confidence are shown in Figure 3b and Figure 3c.
Domain and Sub-Dialect Coverage.
WenetSpeech-Wu covers a wide range of
speech domains and Wu sub-dialects. The domains
include News, Culture, Vlog, Entertainment,
Education, Podcast, Commentary, Interview, Radio
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Figure 3: Statistical overview of WenetSpeech-Wu.

Table 2: Statistics of speaker attributes and emotion
annotations in WenetSpeech-Wu.

Task Category Hours
Male 4,135
Gender Female 1,331
Teenagers 372
Age Youth 1,673
& Middle-aged 2,003
Elderly 1,418
Neutral 5,102
Happy 73
Emotion Sad 81
Angry 109
Surprised 101

Drama, Music Program, and Audiobook, with
their distribution shown in Figure 3a. In terms
of dialectal coverage, approximately 37% of
the recordings cannot be reliably assigned to a
specific Wu sub-dialect and are therefore labeled
as Unknown. The remaining recordings span
multiple identified Wu sub-dialects, including
Shanghainese, Suzhounese, Shaoxingnese, Ning-
bonese, Hangzhounese, Jiaxingnese, Taizhounese,
and Wenzhounese, whose distribution is illustrated
in Figure 3d.

Audio Quality. As shown in Figure 3e and Fig-
ure 3f, most utterances have SNRs between 10 and
40 dB, with a peak at 20-30 dB. MOS scores are
primarily in the range 2.0-3.5.

Speaker Attributes and Emotion Annotations.
We annotate gender, age, and emotion labels for

single-speaker segments. Gender is categorized
into Male and Female, age into four groups includ-
ing 0-17 as Teenagers, 18-35 as Youth, 36-59 as
Middle-aged, and 60+ as Elderly, and emotion into
five classes: Neutral, Happy, Sad, Surprised, and
Angry. The distribution of each category is shown
in Table 2.

Task-Specific Data Quality Grading. To sup-
port practical training across heterogeneous speech
tasks, we adopt a task-specific data-quality grading
strategy aligned with the task-specific quality re-
quirements. For ASR and TTS, we construct two
quality tiers. The normal-quality subset is designed
for large-scale pretraining and prioritizes data cov-
erage and diversity, requiring only moderate tran-
scription confidence. In contrast, the high-quality
subset targets supervised fine-tuning (SFT) and ap-
plies stricter filtering criteria, including high tran-
scription confidence, clean acoustic conditions, and
reliable speaker segmentation, to provide strong
and stable supervision. For tasks that are more sen-
sitive to annotation noise and semantic ambiguity,
including Wu-to-Mandarin AST, speaker attribute
prediction, speech emotion recognition, TTS, and
instruct TTS, we adopt stringent selection crite-
ria, such as single-speaker recordings, high MOS,
SNR, and pitch standard deviation, and verified
annotation consistency, as shown in Table 3.

4 WenetSpeech-Wu-Bench

We introduce WenetSpeech-Wu-Bench, the first
publicly available, manually curated benchmark



Table 3: Task-specific data selection and quality tiers
in WenetSpeech-Wu. Abbreviations: Q Tier (quality
grading tier), Text Conf (transcription confidence), Spk
(speaker type, Mono = single-speaker), Pitch Std. (pitch
standard deviation), Expr (expressive data obtained via
emotion label), Spk Attr (speaker attributes), Emo (emo-
tion), Inst Pro (instruct TTS prosodic control), Inst Emo
(instruct TTS emotional control).

Text Pitch

Task Hrs Q

Tier Conf Spk SNR Std. Expr
7388 Mid >06 - - - -
ASR 795 High >08 - - - -
AST 795 High >085 - - -  —
Spk .
Attr 2986 High - Mono - - -
Emo 500 High - Mono >10 >50 v
s 7388 Mid 06 - - -
1500 High >0.65 Mono >10 >50 -
{;m 679 High >07 Mono >30  — -
10
DSUi61 High >07  Mono 10 >50
mo

for Wu dialect speech processing, covering ASR,
Wu-to-Mandarin AST, speaker attributes, emotion
recognition, TTS, and instruct TTS, and providing
a unified platform for fair evaluation.

Automatic Speech Recognition. The ASR test
set of WenetSpeech-Wu-Bench comprises 9.75
hours of Shanghainese, Suzhounese, and Mandarin
code-mixed speech, including single-speaker and
multi-speaker scenarios. Performance is evaluated
using character error rate (CER), with character-
level errors reported for detailed analysis.

Wau-to-Mandarin Speech Translation. We con-
struct a Wu-to-Mandarin AST test set. The test set
contains 3000 Wu dialect utterances totaling 4.4
hours with manually verified standard Mandarin
translations, covering multiple domains. Transla-
tion quality is evaluated using the BLEU score .

Speaker Attribute Prediction and Speech
Emotion Recognition. This test set evaluates the
prediction of age, gender, and emotion for Wu
dialect speech. For speaker attributes, gender is
coded as male or female, with 1,500 samples per
class. And age into four groups: teenagers aged 17
and under, youth aged 18 to 35, middle-aged adults
aged 36 to 59, and elderly aged 60 and above, with
500 samples in each group. For emotion, there
are 300 neutral samples, 200 happy samples, 100

Shttps://github.com/mjpost/sacrebleu

sad samples, 200 angry samples, and 200 surprised
samples, for a total of 1,000 samples. Performance
is measured by category-wise and overall classifi-
cation accuracy.

Text to Speech. We constructed a TTS testset as
part of WenetSpeech-Wu-Bench, comprising 144
easy and 98 hard test sentences. The texts were
further reviewed and refined by professional Wu
dialect experts. Prompt audio samples were se-
lected from the open-source Magicdata-Shanghai,
and 12 speakers of the Wu dialect were selected us-
ing strict filtering criteria. For evaluation, speaker
similarity is measured using WeSpeaker © based
speaker embedding similarity, while intelligibility
is assessed by computing CER with our proposed
Step-Audio2-Wu-ASR model. Additionally, sub-
jective listening tests are conducted, including intel-
ligibility MOS (IMOS), similarity MOS (SMOS),
and accent MOS (AMOS). The subjective evalua-
tion was conducted with 23 listeners, each rating
20 selected samples.

Instruct TTS. WenetSpeech-Wu-Bench in-
cludes two evaluation sets for instruct TTS. The
prosodic control test set consists of five speech
prompts, each spoken at a moderate speaking rate
and normal fundamental frequency, and synthe-
sized into 20 sentences with controlled variations in
speaking rate and pitch. For evaluation, two experi-
ments are conducted: one with a fast speaking rate
and high pitch, and another with a slow rate and low
pitch. These samples are automatically annotated
using Dataspeech (Lyth and King, 2024). Each
pair is scored as one if the relative speaking rate
and pitch match the intended instructions, and zero
otherwise. The prosodic classification metric is the
average score across all pairs, reflecting the model’s
ability to follow prosodic instructions (Kuan et al.,
2023). The emotional control test set evaluates a
model’s ability to follow emotion-related instruc-
tions. We select 10 reference prompts that contain
no explicit emotional expression. Based on each
prompt, 50 sentences are synthesized for each of
the four target emotions: anger, sadness, happiness,
and surprise. The samples are evaluated using our
Step-Audio2-Wu-Und model. A sample is consid-
ered correct if the predicted emotion matches the in-
tended target emotion, and the mean classification
accuracy is reported as the evaluation metric (Gao
et al., 2025). Additionally, subjective listening tests
are conducted to assess the quality of instruction-

®https://github.com/wenet-e2e/wespeaker
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Table 4: ASR results (CER%) on various test sets.
Gray , red, light green, and dark green rows de-
note open-source baselines, commercial models, ASR
models trained on WenetSpeech-Wu, and annotation
models trained on in-house data. Bold numbers indicate
best results; underlined numbers indicate second-best
results.

In-House WS-Wu-Bench

Model

Dialogue Reading ASR
ASR Models
Paraformer 63.13 66.85 64.92
SenseVoice-small 29.20 31.00 46.85
Whisper-medium 79.31 83.94 78.24
FireRedASR-AED-L 51.34 59.92 56.69
Step-Audio2-mini 24.27 24.01 26.72
Qwen3-ASR 23.96 24.13 29.31
Tencent-Cloud-ASR 23.25 25.26 29.48
Gemini-2.5-pro 85.50 84.67 89.99
Conformer-U2pp-Wu 15.20 12.24 15.14
Whisper-medium-Wu 14.19 11.09 14.33
Step-Audio2-Wu-ASR  8.68 7.86 12.85
Annotation Models
Dolphin-small 24.78 27.29 26.93
TeleASR 29.07 21.18 30.81
Step-Audio2-FT 8.02 6.14 15.64
Tele-CTC-FT 11.90 7.23 23.85

following. Listeners rate the samples using two
scores: the prosodic MOS (PMOS) (Chan and
Kuang, 2025) and emotional Mean Opinion Score
(EMOS) (Cho et al., 2025). The evaluation involves
23 listeners, each rating 15 samples, to provide per-
ceptual judgments on how well the synthesized
speech follows the intended emotional instructions.

5 Models & Experiments

To address the lack of Wu dialect speech process-
ing models, we develop models for the two core
aspects of speech processing, speech understanding
and speech generation trained on WenetSpeech-Wu.
These include ASR models and unified speech un-
derstanding models for understaning, as well as
TTS and instruct TTS models for generation.

5.1 Speech Understanding

ASR models. To accommodate different appli-
cation scenarios, we develop three Wu dialect
ASR models at three scales: a Conformer-U2pp-
Wu (Wu et al., 2021) model, a Whisper-Medium-
Wu (Radford et al., 2023) model, and a Step-
Audio2-Wu-ASR model. The Conformer-U2pp-
Wu and Whisper-Medium-Wu models are trained
within the Wenet framework (Yao et al., 2021),
with Conformer-U2pp-Wu trained from scratch,
and Whisper-Medium-Wau fine-tuned from publicly

Table 5: Speech understanding performance on
WenetSpeech-Wu-Bench.

Model ASR AST Gender Age Emotion
Qwen3-Omni 4427 33.31 0.977 0.541 0.667
Step-Audio2-mini 26.72 37.81 0.855 0.370 0.460

Step-Audio2-Wu-Und 13.23 53.13 0.956 0.729 0.712

available pre-trained weights. The Step-Audio2-
Wu-ASR model is a Step-Audio2-mini fine-tuned
in a parameter-efficient manner using LoRA (Hu
et al., 2021) within the MS-Swift framework (Zhao
et al., 2025). All models are pretrained on the ASR-
Mid subset and conduct SFT on the ASR-High sub-
set. Evaluation is performed on the ASR test set of
WenetSpeech-Wu-Bench as well as two in-house
manually annotated test sets covering dialogue and
reading scenarios, enabling comprehensive assess-
ment across diverse speaking conditions.

For comparison, we include both open-source
and commercial baselines, such as Dolphin, Sen-
seVoice, Paraformer (Gao et al., 2022), Fir-
eRedASR (Xu et al., 2025b) as an open-source
baseline, Qwen3-ASR, Gemini-2.5-Pro, Tele-
ASR (Chen et al., 2024), and Tencent-Cloud-
ASR as a commercial baseline. The two in-
house test sets are strictly out-of-set evaluations for
Conformer-U2pp-Wu, Whisper-medium-Wu, and
Step-Audio2-Wu-ASR. Conversely, the WS-Wu-
Bench-ASR test set serves as an out-of-set evalua-
tion for Step-Audio2-FT and Tele-CTC-FT, which
are trained exclusively on in-house data.

As shown in Table 4, all existing open-source
and commercial ASR systems perform poorly
across all three test sets, indicating that they are not
viable for Wu dialect recognition. In contrast, mod-
els trained on WenetSpeech-Wu achieve state-of-
the-art performance across all model scales, with
even the smallest Conformer-U2pp-Wu substan-
tially outperforming all prior systems.

Speech understanding models. For speech un-
derstanding, we train the Step-Audio2-Wu-Und
model on the WenetSpeech-Wu corpus using task-
aware, quality-graded data. The model is first pre-
trained on ASR-Mid and High-quality AST and
age, gender, and emotion annotations, and then
fine-tuned with the ASR-high subset alongside the
same non-ASR tasks.

For benchmarking, we compare against baseline
models, including Step-Audio2-mini and Qwen3-
Omni, for speech understanding tasks. As shown in
Table 5, after multi-task fine-tuning, the ASR per-



Table 6: TTS results on WenetSpeech-Wu-Bench. Bold and underlined values denote the best and second-best
results, respectively; light green rows indicate models trained on WenetSpeech-Wu or further fine-tuned on an

internal high-quality dataset.

WS-Wu-Eval-TTS-easy

WS-Wu-Eval-TTS-hard

Model
CER(%)| SIM1T IMOST SMOS1T AMOS?T CER(%)] SIM1T IMOST SMOS1T AMOS?T

Qwen3-TTSt 5.95 - 435 - 4.19 16.45 - 4.03 - 391
DiaMoE-TTS 57.05 0.702 3.11 3.43 3.52 82.52 0.587 2.83 3.14 3.22
Cosy Voice2 10.33  0.713 3.83 3.71 3.84 8249 0.618 324 342 3.37
CosyVoice2-Wu-CPT 635  0.727 4.01 3.84 3.92 3297 0.620 3.72  3.55 3.63
CosyVoice2-Wu-SFT ~ 6.19  0.726 432  3.78 4.11 25.00 0.601 3.96  3.48 3.76
CosyVoice2-Wu-SS* 542 - 4.37 - 4.21 1545 - 4.04 - 3.88

t Commercial system with a single fixed speaker, and speaker similarity is not considered.
* Single-speaker finetuned model, and speaker similarity is not evaluated.

formance of Step-Audio2-Wu-Und shows a slight
drop than Step-Audio2-Wu-ASR but still achieves
the second-best results. For the Wu-to-Mandarin
AST task, it significantly outperforms baseline
models. Comparison with Step-Audio2-mini il-
lustrates the mismatch between Wu dialect and
Mandarin in gender, age, and emotion prediction,
which is effectively addressed by our data. Com-
pared with Qwen3-Omni, our model shows notable
improvements in age and emotion prediction, while
performing slightly lower on gender classification.

5.2 Speech Generation

TTS models. In the continual pre-training (CPT)
stage, we continue training from the open-source
CosyVoice2 (Du et al., 2024) checkpoint using the
TTS-Mid dataset for ten epochs. In the SFT stage,
we use TTS-High dataset trained for three epochs.
Finally, we perform speaker-specific fine-tuning on
a 10-hour internal high-quality dataset.

As shown in Table 6, the experimental results
demonstrate that the staged training strategy sig-
nificantly improves CosyVoice2’s speech synthe-
sis performance in terms of Wu dialect capabil-
ity. The CPT stage, leveraging large-scale pipeline-
processed data, enhances the model’s fundamental
capabilities and robustness, particularly on chal-
lenging samples. The SFT stage, further im-
proves speech naturalness and expressiveness. Fi-
nally, the Single-Speaker Supervised Fine-Tuning
(SS-SFT) stage achieves the best performance
across CER, IMOS, and AMOS metrics. Overall,
Cosy Voice2-Wu-SS approaches or surpasses the
baseline Qwen3-TTS, DiaMoE-TTS (Chen et al.,
2025), and Cosy Voice2 in most metrics, especially
in difficult sample synthesis.

Instruct TTS models. The instruction training

Table 7: Performance of instruct TTS model.

CosyVoice2-Wu Cosy Voice2-Wu

Type Metric

-SFT -instruct
Happy?1 0.87 0.94
. Angryt 0.83 0.87
Emotion  ~ ¢ 43 0.84 0.88
Surprised? 0.67 0.73
EMOS?T 3.66 3.83
Pitch? 0.24 0.74
Prosody Speech Rate{ 0.26 0.82
PMOS?T 2.13 3.68

data are from the Inst Pro and Inst Emo datasets as
introduced in Table 3. Training was performed
on the instruction text and tags using a small
learning rate for five epochs. Compared with the
model before instruction fine-tuning, the results
showed clear improvements across all controllabil-
ity metrics on WenetSpeech-Wu-Bench, as shown
in Table 7, and subjective listening tests confirmed
strong perceptual control effects, validating the ef-
fectiveness of proposed data.

6 Conclusion

In this work, we establish a Wu dialect speech pro-
cessing ecosystem encompassing datasets, bench-
marks, and models. We introduce WenetSpeech-
Wu, an 8,000-hour large-scale corpus with rich
multi-dimensional annotations across multiple Wu
sub-dialects, and present the first public Wu dialect
benchmark covering ASR, Wu-to-Mandarin AST,
speech attribute and emotion recognition, TTS, and
instruct TTS. Building on this dataset, we release a
suite of ASR, TTS, unified speech understanding
models, and instruct TTS models, enabling commu-
nity research and demonstrating the effectiveness
of WenetSpeech-Wu.



Limitations

Despite the contributions of WenetSpeech-Wu to
the dialectal speech processing community, several
limitations remain to be addressed in future work.
Although WenetSpeech-Wu is large-scale and cov-
ers multiple Wu sub-dialects, the data distribution
across dialects and domains is not perfectly bal-
anced, which may affect model generalization to
less-represented varieties. In addition, many anno-
tations are produced through automated or semi-
automated pipelines. While we apply stringent
quality control and filtering strategies, these anno-
tations may still contain noise compared to fully
manual labeling. Finally, our baseline models are
intended to provide strong and reproducible ref-
erence points rather than task-optimal solutions,
and future work may further improve performance
through more specialized modeling and training
strategies.

Ethical Considerations

The Wu dialect speech data used in this work are
collected exclusively from publicly accessible, non-
restricted online sources intended for open dissem-
ination. No access control mechanisms were cir-
cumvented during data collection. To ensure legal
and ethical compliance, we only include audio that
is explicitly available for research use.

To further mitigate potential ethical and privacy
risks, we collaborate with a professional data ser-
vice company to conduct independent review and
filtering of the collected data. This process fo-
cuses on identifying and removing content that may
contain personally identifiable information, sensi-
tive attributes, or offensive material. In particular,
audio segments involving explicit personal identi-
fiers, such as names, phone numbers, or addresses,
are excluded. As a result, the released dataset is
anonymized and does not enable the identification
of individual speakers.

All benchmark annotations are produced by the
same professional data service company through
manual labeling, following established internal
compliance and quality control procedures. No
personally identifiable information is disclosed to
annotators, and annotation tasks are strictly limited
to speech content relevant to linguistic analysis and
benchmarking. Due to commercial confidentiality,
detailed information regarding annotator compen-
sation and internal annotation protocols cannot be
publicly disclosed; however, the service provider

confirms that all annotation activities comply with
applicable local labor regulations and professional
annotation standards.

The dataset and benchmark are constructed
solely to support academic research on Wu di-
alect speech processing. Based on our data col-
lection and filtering procedures, we think that the
intended use of the dataset and benchmark does
not introduce ethical or societal risks. To promote
transparency and responsible research practices, we
provide detailed documentation describing dataset
composition, scale, splits, and evaluation protocols,
and we clearly report experimental settings and
results. The dataset is released with explicit docu-
mentation specifying its intended non-commercial
research use.
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A Appendix
A.1 Details of Datasets

Example of an Annotated Data. Each speech
sample is represented using a unified JSON format.
An entry includes a unique key, audio duration, Wu
dialect transcription with its Mandarin translation,
and an associated confidence score. Contextual
metadata, such as domain and sub-dialect, audio
quality indicators (e.g., DNSMOS and SNR), and
paralinguistic annotations (emotion, age, and gen-
der) are organized into structured fields. In addition,
prosodic acoustic features, including speech rate,
loudness, fundamental frequency statistics, and en-
ergy statistics, are provided to support fine-grained
acoustic analysis. Figure 4 illustrates an example
of the annotated JSON entry.

{
"key": "mx90k0979 _qtmvx_8765690",
"duration": "2.3",
"transcription": "{RIFSE KK WIF
A,
"translation": "{RIFS R K SHEIFH",
"confidence": "0.89",
"meta-info": {
"domain": "Interview",
"sub-dialect": "Shanghai",

!

udio-quality": {
"DNSMOS": "3.98",
"SNR": "58.74",

"paralinguistic": {
"emotion": "Happy",
"age": "Youth",
"gender": "Male",

3

"low-level-feature": {
"speech_rate": 15.094,
"loudness": -17.72,
"f0_mean": 167.17,
"f0_std": 40.74,
"energy_mean": 0.0684,
"energy std": 0.078,

}
}

Figure 4: Example of an Annotated Data Entry in JSON
format

A.2 Statistics of the WenetSpeech-Wu-Bench

As summarized in Table 9, the WenetSpeech-Wu
Bench consists of diverse test sets tailored for mul-
tiple speech-related tasks. For each task, we report
the number of utterances and the corresponding
total duration in hours.

A.3 Details of Experiments

Optimization and Training Hyperparameters.
The training hyperparameters for different models



Table 8: Optimization and training hyperparameters for proposed ASR and TTS models.

Model Iz;gl : LR LR sched. Warmup gzzd Batch size
Whisper-Medium-Wu 769 8x 1077 WarmupLR 4000 steps 4 Dynamic (24k frames)
Conformer-U2pp-Wu 123 1x1073 WarmupLR 25000 steps 4 Dynamic (60k frames)
Step-Audio2-Wu-ASR 7000 1x107° WarmupLR 0.05 ratio 8 8

Cosy Voice2-Wu-CPT 500 1x107* WarmupLR 25000 steps 2 Dynamic (10k frames)
CosyVoice2-Wu-SFT 500 1x107° ConstantLR 0 2 Dynamic (2k frames)
CosyVoice2-Wu-SS 500 5x 1076 ConstantLR 0 2 Dynamic (1k frames)
Cosy Voice2-Wu-instruct 500 5x107° ConstantLR 0 2 Dynamic (1k frames)

Table 9: Statistics of the WenetSpeech-Wu-Bench.

Task Category Utterances Duration (h)

ASR - 4851 9.75
AST - 3000 4.4
Gender Male 1500 2.10
Female 1500 2.29

“Total 3000 439
Youth 500 0.69
Age Middle-aged 500 0.79
£ Elderly 500 0.69

“Total 1500 222
Neutral 300 0.50
Happy 200 0.23
Emotion Sad 100 0.26
Angry 200 0.15
Surprised 200 0.27

“Total 1000 41

are summarized in Table 8.

Supplementary Experimental Results. To pro-
vide a more detailed analysis of model perfor-
mance on WS-Wu-Bench, we report category-wise
classification accuracy for gender, age, and emo-
tion across WS-Wu-Und and baseline models. As
shown in Figure 5, our model achieves more bal-
anced and consistently higher performance across
different paralinguistic categories, demonstrating
stronger paralinguistic recognition capability.

Eiderly

~ Age
Middle-aged Emotion

Gender Superised

Overall Emotion

Neutral
Step-Audio2-mini
= Qwen3-Omni

= Step-Audio2-mini-Wu-Und

Figure 5: Supplementary comparison results on age,
gender, and emotion recognition tasks.

Prompt Templates Used in Experiments. For
all speech understanding tasks, the same prompt
templates are used during both training and infer-
ence to avoid potential distribution mismatch.For
instruct TTS tasks, instruction-based templates are
likewise employed in both training and inference
to enable explicit instruction control. Table 10 lists
the prompt formulations for each task. The En-
glish prompts are shown for ease of presentation,
while equivalent instructions are employed in other
languages when applicable.

Table 10: Details of prompt templates used in speech
understanding and instruct TTS experiments.

Task
Prompt Content
Type P
ASR Please transcribe the speech.
AST Please listen to this speech carefully and
translate its content into Mandarin.
Based on the acoustic features of the speech,
Age determine the speaker’s age. Choose one
label from: youth, middle-aged, or elderly.
Based on the acoustic features of the speech,
Gender  determine the speaker’s gender. Choose one
label from: male or female.
Based on the acoustic features and semantics
Emotion of the speech, determine the emotion.
Choose one label from: neutral, happy, sad,
surprised, or angry.
Inst You must speak with anger, sadness,
Emo happiness, or surprise.
Inst This is a man or woman speaking in a low or
Pro high voice and at a slow or fast pace.
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