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Abstract

Cross-lingual voice cloning (CLVC) aims to
synthesize speech in a target language while
preserving the vocal identity of a source
speaker who has no recorded speech in that
language. Despite recent advances in multilin-
gual text-to-speech systems, zero-shot CLVC
remains challenging due to phonetic diver-
gence across languages and the difficulty of
maintaining speaker identity alongside linguis-
tic intelligibility. In this work, we present a
systematic evaluation of four state-of-the-art
CLVC systems spanning autoregressive and
diffusion-based architectures. Using English
source speakers from the ACL-60/60 dataset,
we evaluate zero-shot voice transfer across mul-
tiple target languages, including Arabic, Chi-
nese, French, German, Russian, and Japanese.
Systems are assessed using speaker similarity
and content consistency metrics under a uni-
fied multilingual evaluation pipeline. We an-
alyze how different modeling approaches au-
toregressive language modeling and diffusion-
based flow matching handle the tradeoff be-
tween speech accuracy and speaker identity
preservation across different architectural ap-
proaches. We further observe substantial per-
formance variation across languages, with Ara-
bic remaining particularly challenging under
zero-shot transfer settings.

1 Introduction

Speech technologies play a central role in reduc-
ing language barriers and enabling multilingual
communication. While speech translation systems
can transfer linguistic content across languages,
preserving the original speaker’s vocal identity
remains a significant challenge. speaker (Panda
et al., 2026; Jamaluddin, 2026). Cross-lingual
voice cloning (CLVC) addresses this problem by
synthesizing speech in a target language while

%Code and resources available at: https://github.com/
tb-fa-netizen/CLVO

maintaining the voice characteristics of speaker’s
unique vocal identity, including timbre, prosody,
and speaking style using limited reference audio
(Liu et al., 2025; Li et al., 2024). While recent ad-
vances in neural text-to-speech (TTS) systems have
achieved near-human naturalness and intelligibility,
extending these capabilities to cross-lingual sce-
narios remains a formidable hurdle (Zheng et al.,
2025; Xie et al., 2025; Adelani et al., 2026).

The Cross-Lingual Voice Cloning (CLVC) track
at IWSLT 2026 focuses on synthesizing speech
in a target language while preserving the vocal
characteristics of a source speaker, even when that
speaker has no recorded data in the target language.
This requires systems to generalize across both
speaker identity and linguistic boundaries simul-
taneously, ensuring that the synthesized output re-
mains natural and intelligible while strictly main-
taining the original speaker’s identity (Basher et al.,
2025; Shah et al., 2024).

Unlike conventional monolingual TTS, cross-
lingual voice cloning presents several unique scien-
tific challenges. First, a fundamental phonetic mis-
match between English and target languages, where
non-equivalent phonemes pose generation chal-
lenges (e.g., Arabic emphatics, Mandarin tones).
Second, preserving speaker identity across lan-
guages is non-trivial, as vocal traits such as pitch
and rhythm are intimately linked with language-
specific prosodic patterns. Third, systems must
maintain content consistency, ensuring the synthe-
sized audio matches the provided target text with-
out hallucinations or omissions.

In this work, we present a comparative bench-
marking of four state-of-the-art neural architectures
submitted to the IWSLT 2026 shared task: MOSS-
TTS, Qwen3-TTS , VoxCPM2, and Cosy Voice3.
Our approach evaluates the trade-offs between Au-
toregressive (AR) and Diffusion-based frameworks
in their ability to handle zero-shot identity transfer
from English source audio to Arabic, Chinese, and
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French target text. Using English source speakers
from the ACL-60/60 dataset', we evaluate these
systems based on the three official IWSLT pil-
lars: Speaker Similarity, Content Consistency, and
Speech Quality. Furthermore, we detail the techni-
cal optimizations required to deploy these models
on a consumer-grade 3x NVIDIA RTX 2080 infras-
tructure, providing insights into scalable, resource-
efficient cross-lingual synthesis. Our contributions
are summarized as follows:

* We present a unified evaluation pipeline for
benchmarking four state-of-the-art zero-shot
cross-lingual voice cloning systems under the
IWSLT 2026 CLVC task.

* We compare autoregressive, diffusion-based,
and flow-matching architectures across mul-
tiple target languages using the official task
metrics of speaker similarity and content con-
sistency.

* We provide an empirical analysis of the
trade-off between linguistic intelligibility and
speaker identity preservation, highlighting
language-dependent performance differences
in multilingual zero-shot voice cloning.

2 Related Work

Recent studies highlight key advancements in zero-
shot cross-lingual voice cloning, specifically focus-
ing on the trade-offs and methodologies for bal-
ancing linguistic intelligibility and speaker identity
(Liu et al., 2025; Zheng et al., 2025; Xie et al.,
2025; Li et al., 2024). Zero-shot multi-speaker text-
to-speech (ZS-TTS), also known as voice cloning,
aims to synthesize a target speaker’s voice using
only a few seconds of an unseen reference audio (Ji
et al., 2024; Doan et al., 2024). Early approaches
relied on speaker encoding methods that used exter-
nal encoders to provide conditioning signals (Lux
et al., 2022; Ji et al., 2024). More recent advance-
ments have shifted towards large-scale foundation
models, such as VALL-E, which uses discrete au-
dio codec codes as speaker representations, and
MetaVoice, which leverages expressive latent em-
bedding spaces to achieve high-fidelity cloning
(Doan et al., 2024; Chen et al., 2024).

To handle low-resource and unseen languages,
researchers have proposed representing inputs as

1https://huggingface.co/datasets/ymoslem/
acl-6060

articulatory feature vectors rather than phoneme
identities, making the input space more language-
agnostic (Lux et al., 2022). ControlSpeech (Ji et al.,
2025) utilizes a disentangled representation space
(via FACodec) to independently capture content,
timbre, and style. EmoKnob (Chen et al., 2024)
manipulates the latent speaker embedding space of
foundation models to apply fine-grained emotion
control.

3 Methodology

To systematically evaluate zero-shot cross-lingual
voice cloning under a controlled and reproducible
setting, we design a unified multi-layer pipeline
that decouples data preprocessing, speaker repre-
sentation, and model-specific inference. This archi-
tecture allows the above-mention state-of-the-art
models to be assessed under identical input con-
ditions, isolating the effect of architectural differ-
ences, particularly the contrast between autoregres-
sive (AR) language modeling and diffusion-based
flow matching on speaker identity preservation and
target-language intelligibility. An overview of the
complete pipeline is shown in Figure 1.

3.1 Dataset and Source Audio Preparation

We conduct experiments on the ACL-60/60 mul-
tilingual speech corpus, which covers eleven lan-
guages. We use English exclusively as the source
language for unseen speakers to enforce strict zero-
shot generalization, consistent with the IWSLT
2026 protocol. For internal evaluation, we con-
sider six target languages: Arabic (ar), German
(de), French (fr), Japanese (ja) , Russian (ru), and
Chinese (zh). For evaluation, we generate approx-
imately 3,144 synthesized utterances across six
target languages. As illustrated in Figure 1, the
pipeline begins with English reference audio and
corresponding target-language text.

We extract reference audio from waveform ar-
rays, convert it to mono float32 format, and store
it as 16-bit PCM WAV without applying silence
trimming or loudness normalization, thereby pre-
serving natural prosody. We obtain target text from
parallel corpus fields and normalize it to ensure
Unicode consistency.

3.2 Text Preprocessing and Multilingual
Representation

To address phonetic divergence between English
and target languages, we adopt a model-native pre-
processing strategy instead of enforcing a shared
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Figure 1: System architecture for zero-shot cross-lingual voice cloning.

phoneme space. Each model relies on its internal
tokenizer or grapheme-to-phoneme (G2P) system.

We apply language-specific normalization dur-
ing evaluation. For Arabic, we remove diacritics
to reduce orthographic variance. For Chinese, we
compute Character Error Rate (CER) due to its
character-level structure. For alphabetic languages,
we apply lowercasing and remove punctuations.
This preprocessing stage corresponds to the nor-
malization block shown in Figure 1. During infer-
ence, we preserve raw normalized Unicode text to
ensure compatibility with model-specific tokeniza-
tion pipelines.

3.3 Speaker Embedding and Conditioning

We condition speaker identity using only English
reference audio, thereby enforcing a strict zero-
shot setup. Conditioning mechanisms vary across
models. MOSS-TTS and Qwen3-TTS rely on mul-
timodal conditioning through audio tokenization or
x-vector embeddings. VoxCPM2 uses waveform-
based conditioning within a diffusion process with
classifier-free guidance (CFG = 2.0) and 10 de-
noising steps. CosyVoice3 employs flow-matching
conditioning, with or without reference transcrip-

tion. This stage aligns with the speaker embedding
component illustrated in Figure 1.

Speaker similarity is measured using cosine simi-
larity between ECAPA-TDNN speaker embeddings
extracted with the SpeechBrain toolkit (Desplan-
ques et al., 2020; Ravanelli et al., 2021).. We re-
sample audio to 16 kHz, cache embeddings per
speaker, and compute cosine similarity, clipping
the scores to a valid range

3.4 Model Architectures

We evaluate four systems spanning a wide range of
scale and inductive biases.

MOSS-TTS (8B, AR) is a large multimodal lan-
guage model with long-context generation and au-
dio token conditioning. MOSS-TTS enables long-
form speech generation and provides fine-grained
control over Pinyin, phoneme representations, and
timing, while supporting both multilingual and
code-switched synthesis (Gong et al., 2026).

Qwen3-TTS (1.7B, AR) is a multilingual
TTS model and supports multiple dialectal voice
styles, enabling flexible multilingual and expres-
sive speech synthesis. It combines efficient acous-
tic tokenization, an end-to-end multi-codebook ar-
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Figure 2: Overall system performance comparison across four zero-shot cross-lingual voice cloning systems
evaluated on six target languages (AR, DE, JA, FR, RU, ZH). Left: Mean content consistency measured by WER
(alphabetic scripts) and CER (Chinese), where lower values indicate higher intelligibility. Right: Mean speaker
identity preservation measured by ECAPA-TDNN cosine similarity between reference and cloned audio, where
higher values indicate stronger identity retention. Error bars reflect variance across languages and speakers.

chitecture, and low-latency streaming with natural
language—driven control over voice, emotion, and
prosody (Hu et al., 2026).

VoxCPM2 (2B, diffusion) is a waveform-
conditioned denoising model with bilingual pre-
training. VoxCPM2 is a 2B-parameter, tokenizer-
free diffusion autoregressive TTS model that sup-
ports 30 languages and generates high-quality 48
kHz speech from over 2 million hours of training
data. It achieves state-of-the-art zero-shot and con-
trollable TTS performance, and supports efficient
fine-tuning with as little as 5-10 minutes of audio
(Zhou et al., 2025).

CosyVoice3 (0.5B, flow-matching) is a
lightweight model that directly models waveform
manifolds. It is a large language model-based text-
to-speech system that improves over Cosy Voice
2.0 in content accuracy, speaker similarity, and
natural prosody. CosyVoice3 enables robust zero-
shot multilingual speech synthesis in real-world
conditions, generating expressive and consistent
speech even for unseen speakers and languages.
(Lyu et al., 2025)

3.5 Inference Pipeline and Evaluation
Protocol

We design a subprocess-based orchestration frame-
work that isolates each model by running it in its
own conda environment. We handle communica-
tion through JSON exchanged over stdin/stdout.
This orchestration layer corresponds to the central
coordination block shown in Figure 1.

We peak-normalize the generated audio and
store it as 16-bit PCM WAV files. We evaluate
content consistency using Whisper large-v3 with
language-directed decoding, applying Word Error
Rate (WER) for alphabetic languages and Charac-
ter Error Rate (CER) for Chinese. We measure
speaker similarity using ECAPA-TDNN cosine
similarity. We perform batch inference and fall
back to single-sample processing to maintain ro-
bustness under GPU memory constraints

4 Results

4.1 Opverall System Performance

Figure 2 presents the aggregated performance of
the four state-of-the-art systems across six target
languages. We observe a clear inverse relationship
between content consistency and speaker identity
preservation across most systems and languages:
models achieving lower error rates tend to show re-
duced speaker similarity, while those with stronger
identity preservation exhibit higher error rates.
Among the four systems, Qwen3-TTS achieves
the lowest mean error rate on supported lan-
guages (0.16 WER/CER) but records moderate
speaker similarity (0.50 cosine similarity). Vox-
CPM2 achieves the highest speaker similarity
(0.70) while maintaining competitive error rates
(0.28 WER/CER). CosyVoice3 provides a bal-
anced profile with low error rates (0.18) and strong
speaker similarity (0.69). MOSS-TTS, despite its
8B-parameter scale, shows the weakest balance
with the highest error rate among multilingual sys-
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Figure 3: Per-language breakdown of content consistency (left) and speaker identity preservation (right) for all

four systems across six target languages. Content consi

stency is reported as WER for Arabic (AR), German (DE),

Japanese (JA), French (FR), and Russian (RU), and as CER for Chinese (ZH). Speaker similarity is computed using
ECAPA-TDNN cosine similarity between cloned and reference audio.

Table 1: Comparison of Speaker Similarity (1) and Er-
ror Rates (|) across all target languages. Bold values
indicate the best score in each column per language.

Model Language Similarity Error Rate Metric
de 0.68 018 WER
fir 0.67 015  WER

. ja 0.70 015  WER

CosyVoice3 1, 0.70 020  WER
zh 0.69 017  CER
e 054 031  WER
de 0.53 035  WER
fr 0.51 030  WER

MOSS-TTS 0.52 030  WER
ru 0.53 038  WER
zh 0.49 043  CER
& 050 022 WER
fir 0.50 009  WER
ja 0.48 020  WER

Qwen3-TTS 0.50 025  WER
zh 0.53 010  CER
™ 0.72 025  WER
de 0.65 030  WER
fr 0.74 026  WER

VoxCPM2 ja 0.70 028  WER
ru 0.68 035  WER
zh 0.72 030  CER

tems (0.35 WER/CER) and moderate speaker sim-
ilarity (0.52), indicating that scale alone does not
guarantee strong cross-lingual transfer.

Notably, only MOSS-TTS (8B) and VoxCPM?2
officially support Arabic synthesis among the eval-
uated systems. CosyVoice3 and Qwen3-TTS lack
Arabic support, which is a significant limitation for
low-resource language applications.

4.2 Per-Language Performance Analysis

Figure 3 provides a detailed breakdown of perfor-
mance across individual target languages.

Content Consistency. As shown in Table 1, error
rates vary significantly across languages. Chinese
(zh) and French (fr) consistently show lower error
rates across supported models, with Qwen3-TTS
achieving particularly strong performance (0.09
WER on French, 0.10 CER on Chinese), suggesting
robust multilingual pretraining coverage on these
high-resource languages.

Arabic (ar) emerges as the most challenging
language due to limited model support and inher-
ent linguistic complexity. Among the two Arabic-
supporting systems, VoxCPM?2 achieves notably
lower error rate (0.25 WER) compared to MOSS-
TTS (0.31 WER), demonstrating superior linguis-
tic generalization for Arabic despite MOSS-TTS’s
larger scale. This 6 percentage point difference is
substantial and indicates that diffusion-based ar-
chitectures (VoxCPM2) may be better suited for
low-resource, morphologically complex languages
like Arabic.

German (de) and Russian (ru) show intermediate
difficulty across supported models, where Qwen3-
TTS maintains relatively stable performance (0.22
WER on German, 0.25 WER on Russian), while
diffusion-based VoxCPM2 shows slightly higher
error rates (0.30 WER on German, 0.35 WER on
Russian).

107



Speaker Similarity. Speaker similarity remains
relatively consistent across supported languages
(0.48-0.74), whereas error rates exhibit substan-
tially greater variation (0.09-0.43). VoxCPM?2
achieves the highest speaker similarity across all
languages, including Arabic (0.72), highlighting
its superior ability to preserve speaker identity dur-
ing cross-lingual synthesis. Notably, VoxCPM2
uniquely achieves both the lowest error rate AND
the highest speaker similarity on Arabic (0.25
WER, 0.72 similarity), breaking the typical trade-
off pattern observed in other language pairs.
CosyVoice3 demonstrates consistently strong
speaker preservation on supported languages (0.67—
0.70), while Qwen3-TTS and MOSS-TTS maintain
moderate similarity (0.48-0.53), consistent with
the architectural trade-off between autoregressive
token-based generation and acoustic fidelity.

4.3 Trade-off Between Identity and
Intelligibility

A consistent trade-off is observed between speaker
identity preservation and linguistic intelligibility
across most systems and languages. Autoregres-
sive models such as MOSS-TTS and Qwen3-TTS
prioritize linguistic accuracy, achieving lower error
rates but with reduced speaker fidelity. In contrast,
the diffusion-based VoxCPM?2 architecture better
preserves speaker characteristics but typically at
the cost of higher transcription error rates.

However, Arabic represents a notable exception
to this pattern. VoxCPM2 achieves superior perfor-
mance on both dimensions for Arabic, with 0.25
WER (lowest error) and 0.72 similarity (highest
similarity), while MOSS-TTS trails on both met-
rics (0.31 WER, 0.54 similarity). This suggests that
diffusion-based architectures may be inherently bet-
ter suited for handling morphologically rich, low-
resource languages where the typical architectural
trade-off can be partially mitigated through special-
ized pretraining or architectural design.

4.4 Key Observations

Our comprehensive evaluation reveals several con-
sistent patterns in multilingual voice cloning:

* Language support is a critical bottleneck:
Only two of four systems (MOSS-TTS and
VoxCPM2) officially support Arabic, the most
widely spoken language among the evaluated
targets. This limitation significantly restricts
the applicability of CosyVoice3 and Qwen3-

TTS for Arabic speech applications, despite
their strong performance on high-resource lan-
guages.

* VoxCPM2 excels on low-resource Arabic:
VoxCPM2 achieves the lowest Arabic er-
ror rate (0.25 WER) while simultaneously
achieving the highest speaker similarity (0.72),
breaking the typical trade-off observed else-
where. This dual superiority on Arabic sug-
gests diffusion-based architectures are partic-
ularly well-suited for morphologically com-
plex, low-resource languages.

* MOSS-TTS scale does not ensure robust-
ness: Despite 8B parameters, MOSS-TTS
shows the weakest balance with the highest
error rate (0.35 WER/CER average) and mod-
erate speaker similarity (0.52). On Arabic
specifically, MOSS-TTS trails VoxCPM?2 by
0.06 WER and 0.18 similarity points. This
demonstrates that architectural choices and
pretraining data diversity matter far more than
model scale alone.

* High-resource languages show strong cross-
system performance: Chinese and French
consistently demonstrate lower error rates
across all systems (0.09-0.30 range), suggest-
ing these languages benefit from extensive
multilingual pretraining. In contrast, Arabic
exhibits 2-3x higher error rates, highlighting
the significant gap between high-resource and
low-resource language support.

* CosyVoice3 and Qwen3-TTS prioritize
high-resource languages: While both
achieve excellent performance on Chinese,
French, and Japanese, neither officially sup-
ports Arabic. This design choice optimizes
for market demand (primarily high-resource
languages) but leaves practitioners without so-
lutions for Arabic-speaking users.

These findings confirm that zero-shot cross-
lingual voice cloning involves competing design
trade-offs between language coverage, speaker
preservation, linguistic accuracy, and model scale.

5 Conclusion

We presented a systematic evaluation of zero-shot
cross-lingual voice cloning across six target lan-
guages using four state-of-the-art systems. Our
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experiments reveal a consistent trade-off between
linguistic intelligibility and speaker identity preser-
vation, with an important caveat: diffusion-based
architectures like VoxCPM2 can partially overcome
this trade-off for low-resource, morphologically
complex languages like Arabic.

Key findings show that while autoregressive sys-
tems (MOSS-TTS, Qwen3-TTS) achieve stronger
transcription accuracy on high-resource languages,
their performance degrades significantly on low-
resource targets. VoxCPM2, by contrast, main-
tains robustness across language families, achiev-
ing both superior error rates and speaker preserva-
tion on Arabic—the most linguistically complex
and resource-scarce target.

Only two of four evaluated systems support
Arabic, the world’s fifth most spoken language.
CosyVoice3 and Qwen3-TTS, despite excellent
high-resource performance, lack Arabic support,
limiting their applicability for multilingual acces-
sibility applications serving Arabic-speaking com-
munities. These findings suggest that future re-
search should prioritize expanding language cov-
erage, particularly for low-resource and morpho-
logically complex languages, while investigating
whether diffusion-based architectures’ success on
Arabic can be generalized to other underrepre-
sented languages. The persistent gap between high-
resource and low-resource language performance
remains a critical challenge for truly inclusive mul-
tilingual speech synthesis.

6 Limitations

Despite the systematic evaluation presented, our
work has several limitations. Language support
varies significantly across systems, with only two
of four models supporting Arabic, limiting the
breadth of system comparison on low-resource tar-
gets. Performance on Arabic is substantially worse
than on high-resource languages, which may not
fully represent multilingual speech synthesis ca-
pabilities across all language families. Evaluation
relies solely on automatic metrics (WER/CER for
content, ECAPA-TDNN for speaker similarity),
which may not fully capture perceptual quality, nat-
uralness, or fine-grained acoustic characteristics
that human listeners find important.

The evaluation is further limited to English
source speakers from a single dataset (ACL-
60/60), which may not represent the full diver-
sity of speaker characteristics, accent variations,

or prosodic patterns present in real-world appli-
cations. Emotional expression and fine-grained
prosody transfer remain challenging across all sys-
tems but are not explicitly evaluated in our work.
The four evaluated systems represent a subset of ex-
isting CLVC architectures, and recent models may
show different trade-off patterns. Arabic support
is limited to only two systems, preventing compre-
hensive architectural comparison on this important
language.

7 Ethics Statement

Cross-lingual voice cloning raises important ethi-
cal concerns regarding data usage, speaker consent,
and the potential misuse of synthesized voices for
identity impersonation. In this work, we use only
publicly available or properly licensed datasets
(ACL-60/60) and adhere to their respective usage
policies and terms of service. We do not attempt
to replicate or impersonate identifiable individu-
als without their explicit consent. We conduct all
experiments solely for research and evaluation pur-
poses. The limited support for Arabic in current
voice cloning systems introduces an additional eth-
ical concern, as gaps in language coverage may
contribute to a digital divide and limit the accessi-
bility of voice synthesis technologies for Arabic-
speaking communities.
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