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Abstract

This paper presents HW-TSC’s submission to
the IWSLT 2026 Cross-Lingual Voice Cloning
Track. The Cross-Lingual Voice Cloning Track
includes three target languages: Arabic, Chi-
nese, and French. We take part in two lan-
guage tasks of this track, namely Chinese and
French. We employ the Qwen3-TTS-12Hz-
1.7B-Base multilingual model as the core voice
cloning model. To tackle problems such as
excessively long duration of the original refer-
ence audio and scattered features, we design
a sliding-window audio segmentation prepro-
cessing method, which continuously splits long
audio into standardized short segments with
overlapping redundancy. This method avoids
feature attenuation caused by overly long audio
and maximizes the preservation of complete
timbre information through step overlap. To
select the outputs with the highest timbre sim-
ilarity from numerous synthetic results, this
study conducts voiceprint recognition based on
the Enhanced Context-Dependent Adversarial
Time Delay Neural Network (ECAPA-TDNN),
with cosine similarity as the core quantitative
evaluation metric, and selects the result with
the highest similarity as the optimal output.

1 Introduction

In recent years, text-to-speech (TTS) systems
evolve from merely generating natural and high-
fidelity speech to enabling controllable and expres-
sive voice synthesis (Sun et al., 2026). As a crucial
research direction in personalized speech synthe-
sis, voice cloning aims to accurately capture and
replicate the unique timbre, vocal habits, intona-
tion fluctuations and prosodic characteristics of a
target speaker with only a small amount of refer-
ence audio, thereby achieving efficient and natural
customized speech generation unrestricted by text
content and language types (Pallewatta et al., 2025).
The task of cross-lingual voice cloning focuses on
transferring speaker identity across different lan-

guages while preserving speech naturalness and
intelligibility. Early speech synthesis and transcrip-
tion technologies mainly rely on rule-based frame-
works and manually curated customized datasets
(Azzuni and Saddik, 2025). Although such meth-
ods deliver stable performance in standardized and
constrained experimental environments, they fail to
fully depict the diverse expressions of natural lan-
guage, rich emotional nuances, and distinctive vo-
cal features of individual speakers. With the rapid
advancement of large-scale pre-trained speech mod-
els and generative large language models, a great
number of powerful large models emerge, includ-
ing Qwen3-TTS (Hu et al., 2026), Qwen3-Omni
(Xu et al., 2025), IndexTTS2 (Zhou et al., 2026),
CosyVoice3 (Du et al., 2025), OpenVoice2 (Qin
et al., 2023) and VoxCPM (Zhou et al., 2025).
General voice cloning technologies centered on
few-shot, zero-shot and cross-lingual paradigms
achieve rapid development, breaking the data con-
straints and language barriers of conventional voice
cloning methods. These approaches enable speaker
timbre transfer with extremely limited reference
audio and significantly improve the generalization
performance of speech synthesis systems.

Existing methods still face numerous technical
challenges in complex scenarios (Huang et al.,
2026). First, feature decoupling remains difficult.
Speech signals contain multiple coupled attributes,
including textual content, speaker timbre, emotion
and prosody, making it hard for models to fully sep-
arate linguistic information from speaker identity
features. Second, these methods lack robustness un-
der few-shot and low-quality reference conditions.
When reference audio is short or contaminated by
background noise in low-resource settings, the gen-
erated speech commonly suffers from reduced tim-
bre similarity and unnatural, robotic vocal artifacts.
Collectively, these bottlenecks impose a clear up-
per limit on the overall naturalness and authenticity
of cloned speech.
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In the IWSLT 2026 Cross-Lingual Voice Cloning
task, we adopt the end-to-end multilingual model
Qwen3-TTS-12Hz-1.7B-Base as the voice cloning
backbone for both Chinese and French target lan-
guage tracks.

2 TTS Model

For the two tracks targeting Chinese and French
as the target languages, we adopt the multilingual
model Qwen3-TTS-12Hz-1.7B-Base as the core
voice cloning model. First, it fully covers Chinese
and French and exhibits reliable speech naturalness
and content accuracy in bilingual scenarios. Sec-
ond, its native zero-shot voice cloning capability
matches our overall technical route, eliminating
extra adaptation work. In addition, its streamlined
end-to-end architecture simplifies system integra-
tion, which is favorable for fast iteration and de-
ployment in the competition. The Qwen3-TTS
speech synthesis model takes the Transformer ar-
chitecture as its fundamental backbone and consists
of three key components: a text encoding mod-
ule, a speaker encoder, and an acoustic decoder.
With a parameter scale of 1.7 billion, it realizes
efficient prosody modeling and high-naturalness
speech synthesis in end-to-end speech generation
tasks. Through a decoupled speech representation
system, Qwen3-TTS dynamically extracts, reor-
ganizes and transfers acoustic features during the
inference phase. The underlying design of Qwen3-
TTS-12Hz-1.7B-Base thoroughly avoids the cas-
caded structure of acoustic models and vocoders
adopted in conventional TTS frameworks. It uti-
lizes the 16-layer multi-codebook encoder Qwen3-
TTS-Tokenizer-12Hz to compress speech signals
into discrete token sequences, and applies a multi-
codebook language model to directly model the
generation logic of these discrete tokens. Through-
out the entire pipeline, speaker identity is no longer
treated as a trainable classification label, but as a
group of decoupled, editable and transferable latent
vectors.

3 Methods

3.1 Data Preprocessing
High-quality and fine-grained audio data is the
fundamental prerequisite for high-precision timbre
cloning. The competition organizer provides 12
original reference audio clips for timbre, each last-
ing approximately five minutes. To obtain standard-
ized reference samples suitable for voice cloning,

we adopt an overlapping sliding window strategy
for the fine-grained preprocessing of long audio.
In our experiments, the window length is set to 10
seconds with a sliding step of 5 seconds. With this
configuration, each reference audio is divided into
around 60 segments. We keep all segments through-
out the entire pipeline. Long reference audio con-
tains subtle variations in speaking rate, timbre and
prosody across different time periods, and retain-
ing all segments enables us to fully capture the
speaker’s vocal characteristics and prevent incom-
plete feature coverage caused by partial sampling.
While reducing the number of segments can cut
computational costs, it may lead to the loss of criti-
cal fine-grained voice features and lower cloning
similarity. Since our top priority is to achieve the
best cloning performance, we choose to preserve all
segments. This overlapping segmentation method
fully retains the speaker’s timbre, prosodic patterns
and voiceprint details. It also expands the volume
of reference samples and effectively avoids timbre
feature loss resulting from non-overlapping crop-
ping.

The detailed preprocessing pipeline is described
as follows:

1) Traverse all WAV audio files in the original
audio directory and load each file at its original
sampling rate to avoid audio distortion and feature
deviation introduced by resampling.

2) Calculate the total audio duration according
to the total number of sampling points, and convert
the time-based window size and sliding step into
the corresponding number of sampling points to
adapt to time-domain audio sequence processing.

3) Perform segmented clipping with the sliding
window mechanism. Starting from the beginning
of the audio, the framework extracts 10-second
audio segments each time and slides forward by 5
seconds for continuous clipping until the window
boundary exceeds the total audio length.

With the above preprocessing operations, each
long original reference audio is divided into a large
number of short standardized audio segments. This
process constructs a diverse and comprehensive
reference timbre sample library, provides suffi-
cient data support for large-scale subsequent voice
cloning generation, and effectively improves the
stability and generalization performance of timbre
replication.
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3.2 TTS-Based Voice Cloning

We adopt the Qwen3-TTS-12Hz-1.7B-Base model
to conduct the cross-lingual voice cloning task and
uniformly complete voice cloning for both Chinese
and French. The same implementation pipeline is
applied to bilingual tasks.

1) Text corpus and reference sample construc-
tion. We utilize the official standard text data chi-
nese.txt and french.txt provided by the competi-
tion. Each independent sentence in the files cor-
responds to one target speech to be synthesized.
The original text order and semantic information
are strictly retained to ensure that the generated
content fully meets the task requirements. Mean-
while, we traverse all overlapping audio segments
obtained through sliding window segmentation dur-
ing data preprocessing and summarize all reference
voice clips item by item to build a comprehensive
voice reference task list. It covers vocal details and
prosodic features of the target speaker at different
periods and provides sufficient reference sources
for diverse timbre replication.

2) Batch speech synthesis. Each standardized
audio slice serves as an independent timbre ref-
erence to perform batch inference and generation
for all text sentences. During the inference pro-
cess, the model takes the input reference segment
as a strong constraint of speaker timbre features
and captures core voiceprint information such as
vocal texture and speaking habits of the original
speaker. With the text of the corresponding lan-
guage as the semantic constraint, the model gener-
ates cross-lingual cloned speech with high timbre
similarity.

This overall solution realizes large-scale batch
generation that maps a single reference slice to mul-
tiple text utterances, greatly enriching the diversity
and coverage of candidate samples. Massive dif-
ferentiated cloning results provide a sufficient and
high-quality candidate set for the subsequent opti-
mal selection based on voiceprint embedding sim-
ilarity, and effectively improve the timbre restora-
tion performance and overall task robustness of the
final selected audio.

3.3 Optimal Result Search

A large number of cloned speech samples are gen-
erated after multi-slice batch generation. To screen
out the audio with the highest voiceprint consis-
tency to the original speaker from candidate results,
we conduct voiceprint recognition based on the

Enhanced Context-Dependent Adversarial Time
Delay Neural Network (ECAPA-TDNN) (Desplan-
ques et al., 2020). Taking cosine similarity as the
core quantitative evaluation metric, we complete
the automatic selection of optimal results relying
on objective indicators.

First, for the 12 original reference audio clips
officially provided, three 10-second segments are
randomly cropped from each audio file as the base-
line timbre samples of the original speaker, which
are used to uniformly evaluate the timbre restora-
tion performance of all cloned audio.

A standardized optimal matching pipeline is im-
plemented for each cloned speech sample:

1) Voiceprint feature extraction. The ECAPA-
TDNN speaker verification model is adopted to
extract fixed-dimensional voiceprint embedding
vectors from the three baseline segments of the
original audio and all cloned audio generated by
different reference slices under the same text. This
step converts timbre characteristics into quantifi-
able high-dimensional feature vectors.

2) Feature similarity calculation. Cosine simi-
larity is utilized to measure the matching degree
between the voiceprint vectors of cloned audio and
the original baseline voiceprint vectors. It accu-
rately describes the distribution difference in the
feature space; a higher value indicates stronger con-
sistency in timbre style and vocal characteristics
with the original speaker.

3) Global optimal selection. For all generated
audio corresponding to the same text and original
speaker timbre, all similarity scores are compared.
The audio with the peak cosine similarity is se-
lected as the best cloning result for the current text
content.

Through voiceprint feature extraction and quan-
titative similarity calculation, we construct an ob-
jective and reproducible timbre evaluation system.
It efficiently realizes the refined filtering of massive
generated samples and finally retains the speech
results with the best timbre restoration, so as to
guarantee the naturalness and voiceprint fidelity of
the final output audio of the model.

4 Experiments and Results

We evaluate the BlindData from two perspectives:
Content Consistency and Speaker Similarity.
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Audio CER(%) Cos Sim
2023.acl-long.3 1.51 0.6405
2023.acl-long.6 1.93 0.6470
2023.acl-long.12 2.03 0.6197
2023.acl-long.14 1.93 0.4236
2023.acl-long.23 1.65 0.6143
2023.acl-long.67 2.19 0.6488
2023.acl-long.193 2.10 0.7052
2023.acl-long.289 2.17 0.5317
2023.acl-long.290 2.25 0.4430
2023.acl-long.293 2.10 0.5721
2023.acl-long.809 1.82 0.5389
2023.acl-long.810 1.39 0.6359

Table 1: Quantitative results of content consistency and
speaker similarity for the chinese track.

4.1 Content Consistency

To evaluate content consistency, the generated au-
dio is transcribed into text using the Qwen3-ASR-
0.6B model (Shi et al., 2026), and the transcribed
text is then compared with the ground-truth text.
We calculate the Character Error Rate (CER) for
Chinese results and the Word Error Rate (WER)
for French results (Levenshtein et al., 1966).

As critical objective evaluation metrics, CER
and WER effectively quantify the content fidelity
of cross-lingual voice cloning outputs. A lower
error rate indicates that the synthesized speech
maintains high semantic integrity and linguistic
accuracy, with fewer omission, substitution and
insertion errors in text content.

As shown in Table 1 and Table 2, the CER val-
ues of Chinese cloned samples remain at a low
level overall, indicating that the model steadily re-
stores the original semantic information in Chinese
cross-lingual generation scenarios. The WER of
French synthesized audio is slightly higher than the
CER of Chinese samples. This difference mainly
arises from the inherent distinctions in pronuncia-
tion rules, lexical complexity, and prosodic charac-
teristics between different languages.

Even so, all WER results are within a reason-
able range, which verifies that our multi-slice batch
generation and optimal screening strategy will not
cause serious content distortion while ensuring
timbre similarity. The stable and low error rates
across bilingual datasets fully prove the strong
cross-lingual content retention capability of the
Qwen3-TTS model in voice cloning tasks.

Audio WER(%) Cos Sim
2023.acl-long.3 4.40 0.6242
2023.acl-long.6 5.01 0.5579
2023.acl-long.12 5.01 0.5985
2023.acl-long.14 5.87 0.5082
2023.acl-long.23 5.00 0.7173
2023.acl-long.67 4.44 0.5496
2023.acl-long.193 5.12 0.6674
2023.acl-long.289 8.52 0.6695
2023.acl-long.290 4.56 0.4420
2023.acl-long.293 5.09 0.5297
2023.acl-long.809 4.69 0.4758
2023.acl-long.810 4.56 0.6335

Table 2: Quantitative results of content consistency and
speaker similarity for the french track.

4.2 Speaker Similarity

Speaker similarity measures the matching degree
of voice features between generated outputs and
the source speaker, calculated based on the cosine
similarity of speaker embedding vectors extracted
by the ECAPA-TDNN model.

As shown in Table 1 and Table 2, cosine similar-
ity values (Cos Sim) effectively reflect the match-
ing degree between generated audio and the orig-
inal speaker’s voice (Salton et al., 1975). For the
Chinese track (Table 1), cosine similarity ranges
from 0.4236 to 0.7052. Sample 2023.acl-long.193
achieves the highest similarity (0.7052), indicating
the model effectively captured the speaker’s core
voice features, while sample 2023.acl-long.290
has the lowest (0.4430), possibly due to prosodic
rhythm deviations during generation.

For the French track (Table 2), similarity ranges
from 0.4420 to 0.7173, with a similar distribution
to the Chinese track. Sample 2023.acl-long.23
reaches the highest (0.7173), slightly higher than
the Chinese maximum, demonstrating the model’s
good adaptability in cross-lingual cloning. No-
tably, sample 2023.acl-long.289 has a high similar-
ity (0.6695) despite its highest WER, showing the
model maintains speaker consistency while ensur-
ing content accuracy.

We further conduct an in-depth analysis on low-
similarity failure cases. In the French track, sample
2023.acl-long.290 yields the lowest cosine similar-
ity at 0.4420, and sample 2023.acl-long.809 also
shows a below-average score of 0.4758. Different
from general content errors reflected by WER, the
performance degradation of these cases is mainly
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attributed to cross-lingual prosodic mismatches.
Since the reference audio and target generated
audio belong to different languages, there are in-
herent differences in intonation, speaking rhythm,
stress distribution and phonetic rhythm between
languages. When converting the speaker’s vocal
characteristics across languages, the model cannot
fully replicate the personalized prosodic habits of
the original speaker, which distorts the extracted
speaker embeddings and eventually leads to re-
duced similarity.

Overall, most samples in both tracks have a co-
sine similarity above 0.5, proving the method effec-
tively realizes cross-lingual voice cloning. Slight
similarity fluctuations, affected by audio prosody
and reference voice clarity, are normal and do not
affect overall performance.

5 Conclusion

In this work, we build a complete timbre cloning
pipeline for the IWSLT 2026 voice challenge, in-
cluding audio preprocessing, TTS-based bilingual
voice cloning and optimal result selection.

We adopt a sliding window overlapping segmen-
tation method to split long original reference au-
dio into standardized short clips, which fully pre-
serves the speaker’s timbre and prosodic features
and enriches reference sample diversity. Using the
Qwen3-TTS-12Hz-1.7B-Base model, we conduct
Chinese and French voice cloning in batch. With
reference audio for timbre constraint and target text
for content constraint, the one-to-many generation
mode produces abundant differentiated candidate
audio.

To select high-quality outputs, we adopt ECAPA-
TDNN to extract speaker embeddings and calcu-
late cosine similarity. Taking randomly cropped
original audio as the timbre benchmark, we quan-
titatively evaluate cloning results and select the
optimal audio for each text, eliminating subjective
evaluation bias and improving timbre consistency.

Our proposed pipeline realizes stable and high-
fidelity cross-lingual voice cloning, balancing gen-
eration efficiency and audio quality for competitive
scenarios. Future work will optimize reference se-
lection and timbre matching algorithms to further
strengthen zero-shot voice cloning robustness.
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