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Abstract
Multilingual speaker verification (SV) remains challenging due
to limited cross-lingual data and language-dependent informa-
tion in speaker embeddings. This paper presents a language-
invariant multilingual SV system for the TidyVoice 2026 Chal-
lenge. We adopt the multilingual self-supervised w2v-BERT
2.0 model as the backbone, enhanced with Layer Adapters
and Multi-scale Feature Aggregation to better exploit multi-
layer representations. A language-adversarial training strat-
egy with a Gradient Reversal Layer is applied to promote
language-invariant speaker embeddings. Moreover, a mul-
tilingual zero-shot text-to-speech system is used to synthe-
size speech in multiple languages, improving language diver-
sity. Experimental results demonstrate that fine-tuning the
large-scale pretrained model yields competitive performance,
while language-adversarial training further enhances robust-
ness. In addition, synthetic speech augmentation provides ad-
ditional gains under limited training data conditions. Source
code is available at https://github.com/ZXHY-82/
LI-MSV-TidyVoice2026.
Index Terms: speaker verification, cross-lingual, language-
invariant

1. Introduction
Speaker verification (SV) aims to verify the identity of speak-
ers by analyzing their voice samples. In recent years, with
the rapid development of deep neural networks and the avail-
ability of large-scale labeled speech datasets, deep learning-
based SV systems [1–4] have achieved remarkable performance
across a wide range of acoustic conditions. However, the per-
formance of SV systems degrades significantly under the lan-
guage mismatch condition, which is further exacerbated by the
field’s reliance on English-centric datasets. In addition, the lim-
ited availability of multilingual speech from individual speakers
often leads to speaker embeddings that entangle identity with
language-specific characteristics, reducing cross-lingual gener-
alization and robustness.

Large-scale self-supervised Pre-Trained Models (PTMs),
such as WavLM [5], wav2vec 2.0 [6], HuBERT [7] and w2v-
BERT 2.0 [8], are trained on hundreds of thousands or even mil-
lions of hours of unlabeled speech data and provide rich speech
representations. These models have been increasingly adopted
in research to enhance performance on various downstream
tasks, including the SV task. In particular, the w2v-BERT 2.0
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PTM is trained on 4.5 million hours of unlabeled speech span-
ning 143 languages, making it highly suitable for cross-lingual
SV tasks. Li et al. [9] built a state-of-the-art SV system based
on w2v-BERT 2.0. In their approach, Layer Adapters [10] are
applied to the outputs of each Conformer layer to reduce dimen-
sionality and facilitate domain adaptation. The adapted features
from all layers are then aggregated using a Multi-scale Feature
Aggregation (MFA) [11] framework to generate speaker em-
beddings, and Low-Rank Adaptation (LoRA) [12] is employed
during training to fine-tune the model efficiently.

Speaker embeddings extracted from multilingual data often
contain not only identity information but also language-specific
characteristics, which can reduce cross-lingual generalization
and robustness. To mitigate this issue, it is necessary to encour-
age the learning of language-invariant speaker representations.
Similar approaches have been adopted in other scenarios, such
as age-invariant speaker representation learning [13], where ad-
versarial training is used to suppress age-related information in
the embeddings.

In this work, we follow the approach in [9] to build SV
systems based on the w2v-BERT 2.0 PTM. To further im-
prove cross-lingual robustness, a language-adversarial training
strategy is introduced to encourage the learning of language-
invariant speaker representations and suppress language-related
variations in the embedding space. In addition, although the
official TidyVoiceX training set is multilingual, each speaker
typically contains only two to three languages, which lim-
its language diversity for robust cross-lingual speaker mod-
eling. Recent advances in Zero-Shot Text-To-Speech (ZS-
TTS) [14, 15] technology have made it possible to synthesize
high-quality speech that preserves the vocal characteristics of
a target speaker using only a few seconds of reference audio,
without requiring speaker-specific training. This enables flex-
ible voice cloning across different languages and textual con-
tents. Leveraging this capability, we adopt a multilingual ZS-
TTS system, Qwen3-TTS [15], to synthesize speech in addi-
tional languages for each speaker. We aim to enrich the mul-
tilingual speech data for each speaker, thereby facilitating the
learning of more language-invariant speaker representations.

2. Methods
2.1. Fine-tuning of the w2v-BERT 2.0 Pre-trained Model

W2v-BERT 2.0 is a large-scale multilingual self-supervised
speech representation model, developed as part of the Seam-
lessM4T framework [8]. It extends the original w2v-BERT ar-

https://orcid.org/0000-0002-6406-1983
https://github.com/ZXHY-82/LI-MSV-TidyVoice2026
https://github.com/ZXHY-82/LI-MSV-TidyVoice2026


Figure 1: Overview of the w2v-BERT 2.0-based speaker verification system with language-invariant learning

chitecture [16] by employing a 24-layer Conformer encoder and
jointly optimizing contrastive and masked prediction objectives.
The model is trained on approximately 4.5 million hours of un-
labeled speech data across 143 languages, enabling it to learn
rich and robust multilingual speech representations.

Our approach follows the method of [9]. As shown in
Fig.1(a), given an input utterance x, we first extract Fbank fea-
tures and feed them into the pre-trained w2v-BERT 2.0 model.
The hidden representations hi from each Conformer layer are
then passed through individual Layer Adapters [10], which re-
duce feature dimensionality and facilitate domain adaptation for
the speaker verification task. The adapted features h′

i from all
layers are concatenated and subsequently aggregated using an
attentive statistics pooling (ASP) [17] module, followed by a
linear projection layer to obtain the final speaker embedding e.
During training, we employ Low-Rank Adaptation (LoRA) [12]
to efficiently fine-tune the pre-trained model.

[h0, h1, . . . , hL] = w2v-BERT-2.0(Fbank(x)) (1)

h′
i = Layer Adapteri(hi), i = 0, 1, . . . , L (2)
e = Linear(ASP(Concat(h′

0, h
′
1, . . . , h

′
L))) (3)

2.2. Language-Invariant Speaker Representation Learning

Language mismatch introduces undesired variability into
speaker embeddings, potentially degrading the performance of
speaker verification systems in multilingual scenarios. To ad-
dress this issue, we aim to learn language-invariant speaker rep-
resentations by explicitly removing language-related informa-
tion as shown in Fig.1(b).

Specifically, we introduce an auxiliary language classifier
connected to the speaker embedding extractor through a Gra-
dient Reversal Layer (GRL) [18]. Given the extracted speaker
embedding e, the language classifier predicts the language la-
bel, while the GRL reverses the gradient during backpropaga-
tion. This adversarial learning strategy encourages the embed-
ding extractor to produce representations that are discriminative
for speaker identity while being uninformative about language
identity. The final loss is formulated as:

Lspk(e) = lspk
(
Cspk(e), yspk

)
(4)

Llang(e) = llang

(
Clang

(
GRLλGRL(e)

)
, ylang

)
(5)

Ltotal = Lspk + λlang Llang (6)
where Cspk(·) and Clang(·) are the speaker and language

classifiers, lspk(·) and llang(·) are the corresponding loss func-
tions, GRLλGRL(·) is the gradient reversal layer with scale λGRL,
λlang is a hyperparameter controlling the weight of the language
loss, and yspk and ylang are the labels of the speaker and lan-
guage, respectively.

Figure 2: Speech Synthesis Pipeline

2.3. Multilingual Synthetic Speech Data Augmentation

Recent advances in ZS-TTS have enabled high-quality speech
synthesis across multiple languages from only a few seconds of
reference audio. Leveraging this capability, we generate syn-
thetic speech for each speaker in multiple languages, aiming
to improve the language-invariance of speaker embeddings and
enhance cross-lingual speaker verification performance.

In this work, we employ Qwen3-TTS [15] for synthetic
speech generation. Qwen3-TTS is a model capable of multi-
lingual voice cloning, enabling it to generate speech in ten lan-
guages, including Chinese, English, Japanese, Korean, German,
French, Russian, Portuguese, Spanish, and Italian. As shown in
Fig.2, for the text corpus, we use English sentences from Lib-
riTTS [19], which are then translated into the target languages
using the M2M100 [20] multilingual translation model. Refer-
ence audio is processed with Whisper-large-v3 [21] to obtain
the corresponding transcript, and both the reference audio and
text are fed into Qwen3-TTS to generate synthetic speech in the
specified language and target text.

3. Experimental Setup
3.1. Datasets

To train a robust multilingual SV system, in addition to the
official TidyVoiceX training set provided by the TidyVoice
2026 Challenge [22], we also incorporate several publicly avail-
able datasets, including VoxCeleb2 [23], VoxBlink2 [24], 3D-
Speaker [25], KeSpeech [26], and CN-Celeb1&2 [27,28], to in-
crease speaker and language diversity. The SV performance is
evaluated on the official development and evaluation sets pro-
vided by the challenge. The evaluation set is further divided



into two subsets: tv26 eval-A, which contains languages seen
in the official training set, and tv26 eval-U, which consists of
38 unseen languages.

3.2. Multilingual Synthetic Speech Generation

We use the Qwen3-TTS-12Hz-1.7B-Base [15] model to per-
form multilingual voice cloning. From the TidyVoiceX train-
ing set, we select up to ten utterances longer than 3 seconds for
each speaker as reference audio, resulting in a total of 3,495 ref-
erence audios. For each reference audio, we synthesize speech
in the ten languages supported by Qwen3-TTS, generating ten
utterances per language. In total, 349,500 synthetic utterances
are generated for multilingual data augmentation.

3.3. Training Details

Our training process is divided into two stages, including (i)
Large-Scale Speaker Model Pre-training and (ii) Fine-tuning on
TidyVoiceX Training Set with Language-Invariant Learning.

3.3.1. Large-Scale Speaker Model Pre-training

In this stage, we fine-tune the pre-trained w2v-BERT 2.0
model using several large-scale public speaker datasets, includ-
ing VoxCeleb2, VoxBlink2, 3D-Speaker, KeSpeech, and CN-
Celeb1&2, to obtain a robust large-scale pre-trained speaker
model.

During the initial training phase, the w2v-BERT 2.0 param-
eters are frozen. The input acoustic features are 80-dimensional
fbank coefficients with a frame length of 25ms and a hop size
of 10ms. Mean and variance normalization are applied be-
fore feeding the features into the model. On-the-fly data aug-
mentation [29] is applied by adding background noise or con-
volutional reverberation noise. The MUSAN [30] and RIR
Noise [31] datasets are used as noise sources and room impulse
response functions, respectively. AdamW [32] optimizer with
weight decay of 1e-4 is used, along with a StepLR scheduler
with 5 epochs decay. A linear warm-up schedule is applied dur-
ing the first 5 epochs to stabilize training, followed by a StepLR
scheduler with a decay factor of 0.1, which decreases the learn-
ing rate from 1e-4 to 1e-5. ArcFace [33] loss is adopted as the
speaker classification objective, with the margin and scale set
to 0.2 and 32, respectively. The input frame length is randomly
sampled between 200 and 300 frames.

After convergence, the w2v-BERT 2.0 parameters are un-
frozen for further fine-tuning. In this phase, the learning rate
starts from 1e-5 and gradually decreases to 5e-6 using a cosine
decay schedule over 2 epochs, with a total of 4 epochs dedicated
to fine-tuning.

3.3.2. Fine-tuning on TidyVoiceX Training Set with Language-
Invariant Learning

In this stage, the TidyVoiceX training set is incorporated
into the training process for further domain adaptation, and a
language-adversarial learning strategy is introduced to encour-
age language-invariant speaker representation learning. Specif-
ically, a language classifier consisting of two linear layers is
newly added on top of the speaker embedding. To ensure sta-
ble language supervision, all other modules are first frozen, and
only the language classifier is trained until convergence. Sub-
sequently, the speaker encoder and other modules are unfrozen,
and a GRL is introduced between the speaker embedding and
the language classifier. The GRL reverses the gradient from
the language classification objective during backpropagation,

forcing the encoder to suppress language-related information
while preserving speaker-discriminative features. The coeffi-
cients λGRL and λlang are both set to 0.1 to control the strength
of adversarial learning. The model is trained using a cosine de-
cay learning rate schedule, where the learning rate starts from
1e-5 and gradually decreases to 5e-6 over 2 epochs, with a total
of 4 training epochs. The same data augmentation strategies as
in the previous stage are applied. ArcFace loss is adopted as the
default loss function due to its wide adoption. For comparison,
we also conduct several experiments using the SphereFace2
(SF2) [34] loss function in this stage.

3.4. Score Calibration

To further improve score reliability, we adopt a Quality Mea-
sure Function (QMF) [35] to calibrate the SV scores. QMF
aims to compensate for score variability caused by differences
in speech duration, signal quality, and embedding reliability.
The QMF model is trained using trials randomly generated from
the TidyVoiceX training set. As described in [36],we adopt the
following QMF qualities set q to calibrate the scores:

q = [log(de), log(dt), ∥e∥, ∥t∥, SNRe, SNRt, s] (7)

where log(de) and log(dt) denote the logarithms of the en-
rollment and test utterance durations, ∥e∥ and ∥t∥ represent the
magnitudes of the enrollment and test embeddings, SNRe and
SNRt indicate the signal-to-noise ratios of the enrollment and
test utterances, and s is the verification score. Only SNRe and
SNRt adopt the Max-Min normalization.

Logistic Regression is adopted to train the QMF model on
the generated trials:

s′ = σ(w⊤q+ b) (8)

where w and b are the learned parameters, and s′ is the
calibrated score.

During inference, the trained QMF model is applied to pro-
duce the final verification score.

4. Results
Table 1 presents the performance of the w2v-BERT 2.0-based
SV systems on the TidyVoice 2026 development and evalua-
tion sets. Compared with the official baseline system, SimAM-
ResNet34 [22, 37], which is also pre-trained on a large amount
of data, the SV systems that fine-tune the pre-trained w2v-
BERT 2.0 model demonstrate a clear advantage. Even without
using the TidyVoiceX training set, the model fine-tuned solely
on pre-training data achieves an EER of 2.74% on the tv26 dev
set, yielding an 11% relative reduction in EER compared to the
baseline value of 3.07%.

Furthermore, we also explored the effectiveness of differ-
ent loss functions and fine-tuning data configurations. For the
loss function, in addition to the widely used ArcFace loss, we
also evaluated SphereFace2 losses with A and C configurations.
The results show that models fine-tuned with SphereFace2 sig-
nificantly outperform those using ArcFace, with SphereFace2-C
achieving the best performance. This is mainly attributed to the
fact that, unlike ArcFace, which formulates SV as a multi-class
classification problem, SphereFace2 adopts a binary classifica-
tion objective in the hyperspherical space. Since both training
and evaluation in SV rely on pairwise similarity comparison,
this formulation effectively reduces the mismatch between the
training objective and the evaluation protocol.



Table 1: Performance of the w2v-BERT 2.0 based SV systems on the TidyVoice 2026 development and evaluation sets. The w2v-
BERT 2.0 Based, w2v-BERT 2.0 BasedSF2−A, and w2v-BERT 2.0 BasedSF2−C denote models trained with the default ArcFace loss,
SphereFace2-A loss, and SphereFace2-C loss, respectively.

Model Pretraining Data Fine-tuning Data tv26 dev tv26 eval-A tv26 eval-U

EER(%) mDCF0.01 EER(%) mDCF0.01 EER(%) mDCF0.01

Official Baseline [22] VoxBlink2 + VoxCeleb2 TidyVoiceX Train 3.07 0.82 9.058 0.65 11.59 0.60

w2v-BERT 2.0 Based

VoxBlink2
+ VoxCeleb2
+ 3D-Speaker
+ KeSpeech
+ CnCeleb1&2

None 2.740 0.79 - - - -
w2v-BERT 2.0 Based

Pretraining Data +
TidyVoiceX Train

1.466 0.66 - - - -
w2v-BERT 2.0 BasedSF2−A 1.089 0.63 - - - -
w2v-BERT 2.0 BasedSF2−C 1.065 0.62 3.061 0.24 4.338 0.29
w2v-BERT 2.0 Based

TidyVoiceX Train

1.191 0.63 - - - -
w2v-BERT 2.0 BasedSF2−A 0.966 0.61 - - - -
w2v-BERT 2.0 BasedSF2−C 0.950 0.61 - - - -

+GRL 0.937 0.60 2.964 0.23 5.020 0.30
++QMF 0.893 0.60 2.458 0.21 4.451 0.29

w2v-BERT 2.0 BasedSF2−C All Synthetic Data 1.022 0.60 - - - -

w2v-BERT 2.0 BasedSF2−C
TidyVoiceX Train +
All Synthetic Data

0.999 0.61 - - - -

w2v-BERT 2.0 BasedSF2−C
TidyVoiceX Train +
Sub Synthetic Data

0.954 0.61 - - - -

Figure 3: t-SNE Visualization of Real and Synthetic Speech Em-
beddings for Speaker id011337.

Regarding the fine-tuning data strategy, we compared us-
ing only the TidyVoiceX training set with mixing it with the
large-scale pre-training datasets. The results indicate that fine-
tuning solely on the TidyVoiceX training set achieves better per-
formance on tv26 dev and tv26 eval-A, where the languages
are seen during training, but performs worse on tv26 eval-U,
which contains unseen languages. This is mainly attributed to
the difference between domain specialization and generaliza-
tion. Fine-tuning exclusively on the TidyVoiceX training set
allows the model to focus more on the target domain, leading to
better performance on tv26 dev and tv26 eval-A, where the lan-
guages and acoustic conditions are similar to those seen during
training. In contrast, incorporating large-scale multilingual pre-
training data improves the model’s generalization by exposing
it to more diverse languages and acoustic variations. Moreover,
the pre-training data may include languages that overlap with
those in tv26 eval-U.

Fig. 3 shows the t-SNE visualization of real and synthetic
speech embeddings for speaker id011337. The synthetic em-
beddings are highly consistent with the real ones, indicating that
Qwen3-TTS effectively preserves speaker identity. In particu-
lar, synthetic embeddings with the same language as the real
speech (highlighted in red) are located very close to the cor-
responding real embeddings, while synthetic speech from other

languages also forms well-clustered embeddings with clear sep-
aration. However, as shown in Table 1, augmenting the train-
ing data with synthetic speech does not lead to further perfor-
mance improvements. Interestingly, training only on synthetic
data achieves 1.022% EER on tv26 dev, which is close to the
0.95% EER obtained with real data. It is noteworthy that these
synthetic samples are generated using only about one-tenth of
the real data as reference audio. This suggests that, under suf-
ficient training data conditions, domain mismatch between syn-
thetic and real data may degrade performance. In contrast, in
low-resource scenarios, synthetic data augmentation can be a
viable strategy to improve cross-lingual speaker verification.

5. Conclusion
This paper describes our SV systems for the TidyVoice2026
Challenge. In this work, we present a multilingual speaker ver-
ification system based on the large-scale self-supervised w2v-
BERT 2.0 model, leveraging Layer Adapters and an MFA
framework to extract robust speaker embeddings. To im-
prove cross-lingual generalization, a language-adversarial train-
ing strategy using a GRL is introduced, encouraging the learn-
ing of language-invariant representations. Furthermore, we em-
ploy Qwen3-TTS, a multilingual ZS-TTS system, to synthe-
size additional speech for each speaker, enhancing language
diversity in the training data. Experimental results on the
TidyVoice 2026 development and evaluation sets demonstrate
that fine-tuning on large-scale pre-trained models significantly
improves speaker verification performance. Additionally, us-
ing SphereFace2 loss yields better results than ArcFace loss,
while language-adversarial training provides modest improve-
ments in suppressing language-specific variations, and synthetic
data augmentation is effective under limited data conditions.
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