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Abstract—Voice conversion (VC) seeks to transform the voice
of a source speaker’s voice to a target speaker while preserving
the original linguistic content. A persistent challenge in this task
is source speaker timbre leakage, where residual characteristics
of the source voice remain after conversion. Existing methods
face a tradeoff: using narrow bottleneck features often removes
source speaker timbre but at the expense of linguistic fidelity,
whereas wide bottlenecks preserve more content but risk retaining
speaker traits. To address this trade-off, we propose ASRQ-VC,
a voice conversion framework that integrates automatic speech
recognition (ASR) loss into the VQ-VAE encoder with finite
scalar quantization (FSQ) to enforce speaker-invariant linguistic
content representations. These discrete representations are then
utilized within a VITS-based synthesis architecture enhanced
with speaker verification embeddings and a timbre encoder
for fine-grained identity modeling. Experiments on LibriTTS
and VCTK datasets show state-of-the-art performance, achieving
11.2% WER and 0.460 SECS, surpassing prior SOTA method by
absolute value 2.6% and 2.7% respectively. Audio samples are
available on https://asq-vc.github.io/

I. INTRODUCTION

Voice conversion (VC) aims to transform source speech
to match a target speaker’s voice while preserving linguistic
content. A key challenge lies in open-domain any-to-any sce-
narios, where systems must disentangle speaker-independent
content (e.g., phonemes, prosody) from speaker-specific at-
tributes (e.g., timbre, accent) without requiring paired training
data.

Existing methods to generate content representation for VC
frameworks face inherent trade-offs. While self-supervised
learning (SSL) models like HUBERT [1] provide rich content
representations, their continuous features suffer from speaker
timbre leakage. To addresss leakage, quantization-based ap-
proaches (e.g., K-means clustering, VQ-VAE [2]) can be used
to suppress speaker information but it could degrade content
fidelity through overly restrictive bottlenecks. Recent attempts
to balance these objectives (e.g. ContentVec [3], CosyVoice
[4]) still struggle with residual speaker traces or linguistic
inaccuracies in zero-shot settings.

To address the above, we propose ASRQ-VC, a frame-
work which exploits automatic speech recognition (ASR) as
additional cost function to focus on linguistic content, with
finite scalar Quantization (FSQ [5]) as the process to sup-
press speaker information in the VQ-VAE encoder stage. This
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content representation is then applied to a VITS [6] synthesis
architecture. Our key contributions include the following:

e A FSQ bottleneck feature trained via VQ-VAE with
explicit ASR supervision, forcing discrete representations
to retain more linguistic content while reducing speakers’
timbre.

o A hierarchical synthesis model integrating transformer-
based timbre encoding, speaker verification embeddings,
and adaptive codebook designs for robust any-to-any
conversion.

To demonstrate the effectiveness of our approach, evalua-
tions on LibriTTS and VCTK show that our method outper-
forms existing approaches by 2.6% absolute WER reduction
(11.2% vs. 13.8% in Vec2Wav2 [7]) and 2.7% absolute SECS
improvement (0.460 vs. 0.433 in Vec2Wav2), with metrics
computed using HuBERT-large ASR and WavLM-large TDNN
speaker verification models. Ablation studies further validate
the necessity of ASR supervision. We also note that careful
tuning of codebook sizing is necessary. Our proposed ASRQ-
VC advances the practical deployment of voice conversion
systems by mitigating the content-speaker fidelity trade-off.

II. RELATED WORKS

A core challenge in voice conversion lies in disentangling
speaker-independent linguistic content from speaker-specific
characteristics. Early approaches like AutoVC [8] introduced
information bottlenecks to achieve unsupervised decomposi-
tion, but suffered from limited content fidelity. Recent methods
leverage self-supervised learning (SSL) models (e.g., HuBERT,
WavLM [9]) for rich content representations, yet their contin-
uous features inherently retain source speaker residual timbre
information. To mitigate this, quantization-based techniques
such as VQ-VAE in Speech Resynthesis [10] map SSL features
to discrete tokens, trading off between content preservation
(narrow bottlenecks) and speaker leakage suppression (wider
bottlenecks).

For any-to-any voice conversion, recent works focus on
zero-shot generalization to unseen speakers. YourTTS [11] in-
tegrates text supervision during training but requires transcrip-
tions, limiting scalability. FreeVC [12] achieves strong zero-
shot performance through continuous SSL features and data
augmentation, yet suffers from timbre leakage. Discrete token-
based approaches like Vec2Wav 2.0 and CosyVoice combine
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Fig. 1. This figure illustrates the ASR-guided VQ-VAE module in ASRQ-
VC framework. The dash-box shows the additional ASR objective to guide the

discrete bottleneck in preserving linguistic content while discarding speaker
information.

‘ Training module

© Quantized linguistic

VQ-VAE module content feature

quantized SSL or ASR tokens with advanced vocoders, achiev-
ing conversions with high speaker similarity, but struggles
in keeping content fidelity. While these methods demonstrate
progress, they either rely on suboptimal quantization strategies
or lack explicit supervision for content preservation. Our pro-
posed ASRQ-VC bridges this gap through ASR-guided finite
scalar quantization and hierarchical synthesis with timbre-
aware conditioning. Our approach is described below.

III. METHODS

A. Problem Formulation

Voice conversion aims to transform speech from a source
speaker’s voice to a target speaker’s voice while preserving the
linguistic content. Formally, given a source speech utterance
A and a reference speech utterance B, the goal is to synthesize
speech C that maintains the linguistic content of A while
adopting the speaker identity of B. This task requires two
key components: a speaker-independent content extractor and
a speaker information extractor. The content extractor removes
speaker-specific characteristics from the source speech A,
while the speaker information extractor captures the target
speaker’s identity information in reference speech B. During
training, we simplify this process by using the same utterance
as the source, reference, and the target (A = B = C), allowing
the model to learn to map content and speaker information
back to the original speech. This approach provides direct
supervision for the synthesis process while maintaining the
essential disentanglement between content and speaker char-
acteristics.

B. Content Extraction with Guided Quantization

We propose to add an additional ASR objective to guide
VQ-VAE training, as depicted in Figure 1. Our key insight
is that traditional VQ-VAE training with L1/L.2 reconstruction
loss treats all information equally, lacking explicit guidance for
preserving content while discarding speaker characteristics. We
address this by incorporating an ASR objective that actively
guides the quantization process toward maintaining linguistic
content. Our model architecture consists of three primary
components:

VQ-VAE Encoder: Maps SSL features X to a latent space
through vector quantization:

¢ = VQ(F¢(X)) ey

The output from VQ-VAE encoder are quantized linguistic
content features, which will serve as the VC model input.
VQ-VAE Decoder: Reconstructs the SSL features from
the quantized representations. Since SSL features inherently
contain speaker-dependent characteristics. This contradicts the
objective of learning speaker-invariant representations via the
VQ bottleneck. To resolve this conflict, we explicitly provide
the speaker embedding g from pretrained speaker verification
model CAM++ [13] as conditioning inputs to the decoder:

X = Fq(c,g) )

VQ-VAE decoder is only used during VQ-VAE training. It
only provides gradient flow to train VQ-VAE encoder but will
not be used in VC model training or inference.

ASR Head: To include ASR cost function into VQ-VA, an
auto-regressive transformer [14] is included during training to
predict the N-token transcript to,t1,...,tn given the recon-
structed features:

P(t,|X, to,t1, ey tp_1),n <= N 3)

The ASR head takes the reconstructed features from decoder
output as prefix conditions and performs next-token prediction
of the corresponding transcript. Same as the VQ-VAE decoder,
ASR head is only used in VQ-VAE training.

The overall training objective combines reconstruction loss
with teacher-forced cross-entropy loss from the ASR predic-
tion:

Ltot = A1 Erecon + )\2£asr (4)

where L,¢con is the L1 loss between original and reconstructed
features, and L, is the cross-entropy loss for transcript
prediction. For simplicity, we set both A\; and A5 to be 1.0
in the following experiments.

C. Finite Scalar Quantization

We adopt finite scalar quantization [5] to discretize SSL
features into speaker-agnostic content representations. Unlike
standard vector quantization (VQ), FSQ applies per-dimension
scalar quantization with hierarchical codebooks, enabling effi-
cient codebook utilization without auxiliary losses. Concretely,
given SSL features X € RT*P | the content encoder projects
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Fig. 2. Training architecture of the VITS-based voice conversion system.
During training, the VITS model takes in linguistic content feauture, speaker
embedding and timbre latent from input speech as optimized to reconstruct
the input speech waveform. The timbre encoder is introduced to provide more
fine-grained timbre details besides speaker embedding. To avoid inference time
out-of-distribution, input speech is randomly segmented into source part and
reference part, where the source part serves as VITS reconstruction target, and
the reference part is used as input of timbre encoder and SV model to capture
speaker identity features.

them to a latent space ¢ € RTxd  which is then quan-
tized into discrete codes through scalar thresholding across
multiple resolution levels (e.g., [8,5,5] for 200-vocab). The
key innovation lies in joint training with ASR supervision:
the cross-entropy loss from the ASR head explicitly penalizes
quantization-induced content distortion, forcing the bottleneck
to preserve phonemic information while discarding speaker
traits.

D. Voice Conversion Framework

The discrete content representations obtained from the VQ-
VAE encoder are applied into a modified VITS [6] archi-
tecture for high-quality speech synthesis. VITS (Variational
Inference Text-to-Speech) originally is a state-of-the-art, end-
to-end neural network architecture designed for text-to-speech
(TTS) synthesis. VITS takes text as input along with desired
target speaker’s identify to generate speech in target speaker’s
timbre. Its internal modules are a text encoder, conditional
VAE framework, adversarial learning (GANs), normalizing
flows, and vocoder.

In recent years, VITS has been adapted for voice conversion
(VC) to enabling it to transform source speaker’s voice into
another while preserving the source content and prosody For
voice conversion, the text input of VITS is replaced with
linguistic content and prosody features from the source audio.

Figures 2 shows the training and pipeline. During training,
each source utterance is randomly split into two segments:
source part and reference part. The reference part serves as
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Fig. 3. Inference pipeline of ARSQ-VC. the VITS-based voice conversion
system. The difference between training is that timbre latent and speaker
embedding are now from reference speech rather than source speech. The
model performs voice conversion by performing non-parallel reconstruction
with linguistic content feature from source speech and speaker information
from reference speech.

a timbre reference, while the source segment is used as the
reconstruction target.

During training, the VITS model learns to resynthesize
speech using the quantized linguistic content features alongside
speaker identity features. Specifically, the linguistic content
is extracted using the pretrained VQ-VAE encoder (described
in Figure 1), while speaker identity is represented through
embeddings from a pretrained speaker verification (SV) model
and an additional timbre encoder. The timbre encoder, jointly
trained with the VITS model, captures more nuanced speaker
characteristics beyond the global speaker embedding, and
passed the timbre latent information to VITS through cross-
attention mechanism, thus enhancing voice similarity in the
converted speech. This dual-path speaker conditioning allows
the model to perform high-fidelity any-to-any voice conversion
with improved control over fine-grained timbre attributes.

Finally, Figure 3 illustrates the inference pipeline. Here the
reference speech is a segment of the desired target speaker’s
voice, while the source speech comes from a different person.

IV. EXPERIMENTS

A. Implementation Details

1) VQ-VAE Training: The VQ-VAE was trained on a com-
bined English-only dataset of Gigaspeech [15] (10k hours)
and MLS English subset [16] (40k hours) for 300k steps with
equivalent batch size of 64. The ASR vocabulary consist of 32
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tokens, including 26 English letters, space, and special charac-
ters. The VQ-VAE architecture employs 12-layer ConvNeXt v2
[17] blocks for both encoder and decoder. We experiment with
two codebook configurations: a smaller version with 40 vocab
size and a larger version with 200 vocab size. The SSL features
are extracted from the 18th layer of HuBERT-large model.
The ASR head is a decoder-only transformer incorporating
RoPE [18] embedding, RMS Norm [19], and SwiGLU [20]
activation, taking VQ-VAE output as prefix conditions.

2) Voice Conversion Model Training: We modify the VITS
architecture by replacing its phoneme encoder with a content
encoder of similar design to our ASR head: 8 transformer
layers with 512 hidden dimension and 1536 intermediate
dimension. Each layer includes an additional cross-attention
module to attend to timbre encoder outputs. The timbre
encoder processes downsampled (2x) reference audio mel-
spectrograms through an identical transformer architecture. We
utilize the pretrained CAM++ [13] model to extract speaker
embeddings. The vocoder operates at 22.05kHz sampling rate
with window size 1024, hop size 256, and 80 mel bins. The
model was trained on LibriTTS (train-clean-100, train-clean-
360, and train-other-500) for 300k with equivalent batch size
of 32. We employ AdamW optimizer with initial learning rate
0.0001 and exponential decay of 0.999875 per step.

B. Evaluation Setup

For evaluation, we randomly selected 100 utterances from
VCTK as source speech and 10 speakers as targets, with one
reference utterance per target speaker. We assess the conversion
quality through multiple metrics:

o Word Error Rate (WER) using HuBERT-large-1s960-ft!

for speech intelligibility and source content preservation;

o Speaker Embedding Cosine Similarity (SECS) using

WavLM-large TDNN? to measure the speaker similarity
of the converted speech to both source speech and refer-
ence speech;

« DNSMOS [21] for speech quality (SIG, BAK, and OVRL

scores) assessment.

C. Results and Analysis

The experimental results, as summarized in Table I, demon-
strate that our proposed model achieves state-of-the-art perfor-
mance in both source speaker information removal and target
speaker similarity.

Effective Removal of Source Speaker Information. Our
ASRQ-VC achieves the lowest similarity to the source speech
(SECS=0.103 with the 40-vocab configuration), indicating its
effectiveness in suppressing residual timbre leakage. This sug-
gests that our ASR-guided quantization successfully eliminates
speaker-specific characteristics while preserving linguistic con-
tent.

Superior Target Speaker Mimicry. Simultaneously, our
approach achieves the highest similarity to the reference

Thttps://huggingface.co/facebook/hubert-large-1s960- ft
Zhttps://github.com/microsoft/UniSpeech/tree/main/downstreams/speaker_
verification

TABLE I
PERFORMANCE COMPARISON WITH BASELINE METHODS ON VCTK TEST
SET. WER EVALUATE CONTENT PRESERVATION, SECS MEASURES
SPEAKER SIMILARITY TO BOTH SOURCE AND REFERENCE SPEECH, AND
DNSMOS (OVRL) ASSESSES SPEECH QUALITY. BEST RESULTS ARE
MARKED IN BOLD. * INDICATES DATA-INTENSIVE BASELINES.

Training SECS?T SECS]|[DNSMOS
Model Data | VERH (o ref) (to sre)| (OVRL)T
Ground Truth - 6.1 | 0.645 0.062 3.19
YourTTS 2.1 (0331 0.101 | 327
FreeVC o 113 0373 0182 321
Diff-Hier VC [22] LE?;‘STSS 163 | 0298 0.197 | 3.13
DDDM-VC [23] 185 | 0276 0.182| 3.06
Vec2Wav2 13.8 | 0433 0.164 | 327
LibriLight
FAcodec* GOk | 109 | 0340 0.183 | 323
. Proprietary
Cosy Voice* (170kh) 19.0 | 0.464 0.175 3.28
ASRQ-VC-40 (Ours) | LibriTTS | 13.0 [ 0.460 0.103 | 3.28
ASRQ-VC-200 (Ours)| (585h) | 11.2 | 0452 0.121 | 3.30
TABLE 11

ABLATION STUDY RESULTS COMPARING DIFFERENT CODEBOOK SIZES,
THE IMPACT OF ASR LOSS AND TIMBRE ENCODER. INTEGER LISTS IN
BRACKETS INDICATES FSQ CODEBOOK LEVEL CONFIGURATIONS

Vocab  ASR Timbre WER/ SECS1T SECS|
Size Loss Encoder (to ref) (to src)
GT - - 6.1 0.645 0.062

X X 25.3 0.4211 0.106

8 v X 19.8 043 0.085
([8DH X v 27.6 0461 0.105
v v 20.0 0.467 0.088

X X 172 0415 0.122

40 v X 129 0424 0.107
(I8, 5D X v 16.5 0.448 0.129
v v 13.0 046 0.103

X X 11.7 0.407 0.136

200 v X 11.1 0414 0.120
(I8,5,5D X v 124 0435 0.132
v v 11.2 0452 0.121

X X 1.2 0.397 0.164

1000 v X 10.1 0.404 0.139
([8,5,5,5]) X v 11.3 0429 0.159
v v 10.6 0.439 0.137

speaker (SECS=0.460), outperforming previous methods such
as Vec2Wav2. This demonstrates the effectiveness of our tim-
bre encoder and speaker verification embeddings in capturing
and reconstructing speaker identity.

Maintaining a Relatively Low WER. Despite its strong
speaker information suppression, ASRQ-VC maintains a com-
petitive word error rate (WER=11.2% with 200-vocab), show-
ing that it effectively balances linguistic content preservation
and speaker conversion performance.

Trade-off Between WER and Speaker Similarity. Com-
paring the results for the 40-vocab and 200-vocab configura-
tions reveals a trade-off between WER and speaker similarity.
Increasing the vocabulary size from 40 to 200 leads to an
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improvement in WER (13.0% — 11.2%) but slightly reduces
SECS to the reference speaker (0.460 — 0.452). This suggests
that while larger codebooks retain more linguistic details, they
also preserve minor speaker-specific features.

Comparison with Large-Scale Baselines. Even when com-
pared with baselines trained on significantly larger datasets,
such as FAcodec (LibriLight 60k hours) and CosyVoice (pro-
prietary dataset 170k hours), ASRQ-VC demonstrates re-
markable efficiency. Specifically, it significantly outperforms
CosyVoice in WER (11.2% vs. 19.0%) and FAcodec in
SECS (0.460 vs. 0.349). This highlights the effectiveness of
our method in achieving a strong balance between content
preservation and speaker adaptation, even with limited training
data.

These results validate our ASRQ-VC’s ability to perform
high-quality voice conversion with a strong trade-off between
linguistic fidelity and speaker similarity, making it a viable
solution for practical applications.

V. ABLATION STUDIES

We conduct comprehensive ablation studies to investigate
two key aspects of our method: (1) the impact of codebook
size on the overall performance, (2) the effectiveness of incor-
porating ASR loss during content extractor training, and (3)
the impact of adding timbre encoder for local timbre feature.
We experiment with four different bottleneck sizes: 8, 40, 200,
and 1000. For each configuration, we train two variants of
the content extractor: one with ASR loss and one without.
Subsequently, we train separate VITS voice conversion models
with/without timbre encoder using these content extractors.
The results are presented in Table II.

Table II reveals three key insights: First, ASR supervision
consistently improves WER across all vocab size, confirming
its role in enhancing content preservation. Second, the timbre
encoder significantly boosts reference similarity, proving its
effectiveness in capturing fine-grained vocal characteristics.
Third, increasing vocab size progressively improves both WER
(25.3—10.6) and source similarity (0.088—0.137), while re-
ducing reference similarity (0.467—0.439), indicating a vocab
size around 200 better resolves the content-speaker trade-off.

VI. CONCLUSION

We present ASRQ-VC, a novel voice conversion frame-
work that effectively disentangles speech content from speaker
characteristics through ASR-guided VQ-VAE training and
VITS-based synthesis. Our method achieves state-of-the-art
performance in both speaker similarity and content preser-
vation, significantly outperforming existing approaches. The
ablation studies reveal crucial design insights: ASR supervi-
sion strengthens content retention, timbre encoding enhances
speaker mimicry, and larger codebooks better balance these
objectives. Future work will explore cross-lingual conversion
cases and accent conversion task.

044

SECS

WER 042 (toref)

8 40 200 1000

EnoTE,NOASR mnoTE no ASR full

Fig. 4. Visualization of Table II. The bar chart clearly shows that WER
decreases significantly with increasing vocab size, while the line chart shows
that SECS (to reference) decreases slightly with increasing vocab size.
Removing ASR loss or removing timbre encoder (TE) decreases WER and
SECS (to reference) significantly.
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