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Abstract

This paper describes a knowledge distillation approach
to non-parallel many-to-many voice conversion (VC) using
self-supervised speech representation techniques: perturbation-
resistant variational autoencoder (PRVAE) and a hidden-unit
BERT (HuBERT). PRVAE has achieved a breakthrough by sig-
nificantly improving non-streaming and low-latency streaming
VC performances. However, a notable gap persists between the
real target and converted speech, posing a continuing challenge.
To narrow this gap, we present PRVAE-VC2, an improved ver-
sion of PRVAE-VC that leverages rich and contextually in-
formed representations derived from pre-trained HuBERT. Fur-
thermore, we apply knowledge distillation techniques to make
PRVAE-VC2 a streamable method, ensuring that the advantage
of PRVAE-VC as a streamable VC is not compromised. Evalu-
ation results demonstrate that our approaches effectively reduce
discrepancies between the converted speech and the target. Au-
dio samples can be accessed at our webpage '.

Index Terms: Voice conversion, speech representation, knowl-
edge distillation, variational autoencoder, self-supervised learn-
ing

1. Introduction

Voice conversion (VC) is a technique that transforms the speech
of one speaker to sound like that of another while preserving
linguistic content. This technique finds applications in vari-
ous domains, including speaker conversion, assistive systems
for overcoming speech and hearing impairments, and pronun-
ciation and accent conversions for language learning. In this
paper, we specifically focus on speaker timbre conversion.
Three frameworks for learning conversion models exist par-
allel VC, ASR-TTS VC, and non-parallel VC. Parallel VC [1-4]
requires a parallel speech corpus consisting of recordings of
the same sentences spoken by both source and target speak-
ers. Collecting such a corpus is time-consuming and expensive,
but it can be optimized directly based on the target speech, po-
tentially yielding high-quality results. ASR-TTS VC [5, 6], as
the name implies, is an approach cascading automatic speech
recognition (ASR) and text-to-speech synthesis (TTS). It uti-
lizes a phoneme recognizer to extract phonetic information from
the input speech, which is then fed to TTS to generate the out-
put speech. This method has shown the best performance in the
Voice Conversion Challenge [7], but it requires text data paired
with speech to train ASR and TTS, which is a limiting fac-
tor. Non-parallel VC [8-14], on the other hand, converts source
speech to target speech without relying on any paired data, such

"http://www.kecl.ntt.co.jp/people/tanaka.ko/
projects/prvaevc2/
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Figure 1: An overview of semantic information compression.
The sentence is ‘Auther.’ Both methods reduce the dimensional-
ity of the input space along different axes. Therefore, our pro-
posal incorporates both methods in an additive manner.

as text aligned with speech or target speech aligned with source
speech. This makes the task more challenging, as the model
has to learn the correspondence between the source and target
speech without any guidance from parallel data. However, non-
parallel VC has become an active research area in recent years
due to the availability of many non-parallel speech data.

Early attempts [8—12] at non-parallel VC employ tech-
niques such as autoencoders (AE) [15], variational autoen-
coders (VAE), and generative adversarial networks (GAN) [16].
These methods assume that finding better intermediate features
enables the model to generalize more effectively to unseen data
and different speakers. Among them, perturbation-resistant
VAE-based VC (PRVAE-VC) [17] is a powerful method for
learning less speaker-dependent speech representations. It
achieves this by imposing a simple constraint that aligns the
latent features of perturbed-speech with those of the original
speech, as shown in Fig. 1(a). The perturbed-speech is gener-
ated through content-preserving transformations of the original
speech’s fundamental frequency and spectral envelope, simulat-
ing the manipulation of speaker identity. Thanks to this straight-
forward constraint, the conversion performance has been im-
proved for non-streaming VC and low-latency streaming VC.
However, a notable gap persists between the real target and con-
verted speech.

Latter attempts [13, 14] at non-parallel VC involve hier-
archical and unsupervised models for learning speech repre-
sentations, such as contrastive predictive coding (CPC) [18],
wav2vec [19, 20], hidden-unit BERT (HuBERT) [21], and
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Figure 2: A system overview of the conventional PRVAE-VC and the proposed PRVAE-VC2. Black and red solid arrows indicate the

conversion flow and the loss calculation, respectively.

WavLM [22]. These speech representation learning methods
aim to capture rich, contextual, and meaningful features from
speech signals without the need for manual annotations or la-
beled training data. By pre-training on large amounts of unla-
beled audio data, these models learn to extract domain-agnostic
features that are robust and generalizable across various down-
stream tasks, including ASR, TTS, and VC. The key idea be-
hind these methods is that discretization creates an information
bottleneck that separates content and speaker details. By map-
ping similar continuous values to the same discrete symbols,
discretization helps compress semantic information in the in-
put space, as shown in Fig. 1(b). This compression forces the
model to capture the most salient features of the audio signal
while discarding redundant or less informative details. As a
result, the representations learned by the model become more
compact and semantically meaningful.

Inspired by speech representation learning methods,
PRVAE-VC [17] and HuBERT [21], we propose PRVAE-VC2,
which improves upon PRVAE-VC by leveraging rich, con-
textually informed representations from pre-trained HuBERT.
PRVAE-VC and HuBERT obtain meaningful speech represen-
tation by reducing the dimensionality of the input space on dif-
ferent axes. Therefore, we expect both methods of compressing
semantic information in the input space to be additively effec-
tive. Furthermore, as HuBERT is not a lightweight model, we
apply knowledge distillation techniques to make PRVAE-VC2 a
streamable method, ensuring that the advantages of PRVAE-VC
as a streamable VC method are not compromised. Our exper-
imental results demonstrated that introducing perturbation re-
sistance for the output of the pre-trained HuBERT successfully
improved the speaker similarity score, sound quality score, and
character error rate of the converted speech. Moreover, the re-
sults of the knowledge distillation to make the proposed method
streamable also showed that the performance of PRVAE-VC2
significantly surpassed that of PRVAE-VC.

Our main contributions are as follows:
¢ The constraints that were effective in PRVAE-VC and the dis-

cretization that was effective in HuBERT are shown to be ef-
fective in an additive manner.
* We find that better performance is obtained when the loss

term £, is not considered, as shown in Fig. 2(b). (Namely,
the latent variable does not follow a standard Gaussian distri-
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bution in PRVAE-VC2.)

* We show that our knowledge distillation approach is efficient
for high-fidelity streaming VC.

2. Conventional PRVAE-VC

A perturbation-resistant (PR) variant [17] of VAE [23], called
PRVAE, is a neural network model that includes speaker en-
coder, content encoder, and decoder networks, as shown in
Fig. 2(a). The speaker encoder takes the mel-spectrogram a
as input and produces a speaker vector c as output. Then, to ob-
tain the reconstructed mel-spectrogram &, the content encoder
and decoder networks are designed to generate the sequences of
the means and logarithmic variances, p and o, as follows:

¢ =SpeakerEncoder(x), (1)

[p,z; log ai] =ContentEncoder(z, ¢), ?2)

[ui; log a;] =Decoder(pu, + 0. © €, ¢), 3)
T=p;+ 0z Q€ “4)

where z, €, [;], and ® denote a latent space variable, Gaussian

noise, concatenation along the channel dimension, and element-
wise multiplication.

One unique aspect of PRVAE-VC is its ability to train the
latent variable representations of the original speech and the
speech altered by content-preserving transformation to be as
consistent as possible. To obtain parameters for the distribution
of latent space variable z,, of content-preserving transformed
speech, the mel-spectrogram @,,, extracted from the speech per-
formed Fp shift and frequency warping is fed to the speaker
encoder and content encoder, as follows:

¢, =SpeakerEncoder(z, ),

(&)
6

To train the content encoder to match the two distributions of the
latent space variables z and z.,,, PR loss is defined as follows:

ﬁpr = APTFKLD (N(p’zv Ui)|N(’J’zm7 Jim ))7 (7)

where N (*), Fxrup, and Apy denote a Gaussian distribution,
a KL divergence loss function, and a regularization parame-
ter controlling the importance of the PR regularization, respec-
tively.

(1., ;log oz, | =ContentEncoder(@m, cm).



The full objective function £ of PRVAE-VC is given as,

L :ACZ + Acmel + L"pra (8)
£z :FKLD(N(MZ7U§)|N(O?I))3 (9)
Linet =FaniL (2, N (pg,log o3)), (10)

where Fenir, denotes a Gaussian negative log-likelihood loss
function.

3. PRVAE-VC2

The proposed method’s model is learned in a two-stage learning
process, which is a teacher-student model training, as shown
in Fig. 2(b) and 2(c). The teacher model uses the pre-trained
HuBERT model instead of the mel-spectrogram extractor for
more accurate modeling. We train a streamable VC model as a
student model by applying knowledge distillation techniques to
the trained teacher model.

3.1. Stagel: Teacher model training with HuBERT and PR
regularization

As mentioned in Sec. 1, both HuBERT and PRVAE-VC are
speech representation learning methods. However, these two
methods reduce the dimensionality of the input space along dif-
ferent axes by using discretization and PR regularization, re-
spectively. Based on the above, we expect the discretization
and PR regularization to be additively effective, and we use both
techniques to train the teacher model.

The model architectures of the teacher model are un-
changed from those of the conventional method PRVAE-VC,
except that HuBERT features are used as input for the speaker
encoder and content encoder instead of mel-spectrograms. On
the other hand, for the objective function Ltcacher, the loss term
L, is excluded, as follows:

['teacher = L‘amel + Lpr- (11)
Note that Sec. 4.3.1 will describe that the loss term £, is unnec-
essary when the discretization and PR regularization are used.

3.2. Stage2: Student model training by using knowledge
distillation techniques

While the conventional PRVAE-VC consists only of streamable
architectures and achieves low-latency streaming VC, the pro-
posed teacher model is unsuitable for low-latency streaming VC
because HuBERT is generally not a lightweight model. In or-
der to use PRVAE-VC2 as a low-latency streaming VC in the
same way as conventional PRVAE-VC, knowledge distillation
techniques are applied to well-trained teacher models to train
streamable student models.

When the low-latency streaming VC is used, the speaker
vectors of both source and target speakers are usually pre-
calculated. Therefore, the speaker encoder’s model size does
not adversely affect the operating speed of the low-latency
streaming VC. To ensure the operational feasibility of PRVAE-
VC2, the architecture of the student model should be the same
as the conventional PRVAE-VC, except for the speaker encoder.

We train student models under different conditions and
evaluate their performance to find the best-performing student
model that can extract knowledge from the trained teacher
model. Although the results of the ablation study will be de-
scribed in Sec. 4.3.2, the model shown in Fig. 2(c) achieved the
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best performance and was trained with the objective function
Lstudent as follows:

[/student :[’mel + Ldistil,
Laistt =FkLp (Mi(p,, 02)Na(p,, 02)),

(12)
13)

where N; and N5 denote the Gaussian distributions with the
distribution parameters derived from the teacher and student
models, respectively. Using the loss term Laistil, the effects
of discretization by HuBERT and regularization by PRVAE are
carried over to the student model. Note that the speaker encoder
is copied from the teacher model and fixed during the training.

The remaining conditions not used in the training of the
best-performing student model but used in the ablation study
are defined as follows: (pl) a method of learning the speaker
encoder of the student model rather than copying the speaker
encoder of the teacher model and fixing it during the training,
(p2) a method that uses the decoder of the teacher model as that
of the student model and fixes it during the training, (p3) mel-
spectrograms converted by the teacher model to have the voice
timbre of other speakers are used as pseudo-target paired with
source speech.

4. Experiments
4.1. Implementation details

The architectures of the speaker encoder, content encoder, and
decoder were the same as those of the large model reported
in [17], except that the number of dimensions of the input of
encoders was 80 for mel-spectrograms and 768 for HuBERT
features. mel-spectrograms were extracted from 16 kHz speech
with a hop length of 10 ms and a Han window of 64 ms. On the
other hand, the hop length of pre-trained HuBERT was 20 ms
because we used HuBERT-Base model reported in [21]. There-
fore, we achieved a hop length of 10 ms by alternately placing
HuBERT features extracted from 10 ms shifted speech and Hu-
BERT features from the original. Any neural vocoders condi-
tioned on mel-spectrograms as input can be used to generate the
waveform from the given mel-spectrogram. In the experiment,
iSTFTNet [24] was used as the neural vocoder. We set a regu-
larization parameter Ap; to 1.0. Other model settings were the
same as those reported in [17].

4.2. Other experimental conditions

We conducted experimental evaluations using the CMU ARC-
TIC database [25], which contains parallel recordings of profes-
sional US English speakers. To train VC models, we used 1000
sentences per speaker. To evaluate the performance, we used
132 sentences per speaker. All models were trained on many-
to-many condition, which is 4-speaker input and 4-speaker out-
put. Therefore, the number of speech samples evaluated is 1584
(132 sentences x 12 speaker pairs) on each VC system.

As the evaluation metrics, we used character error rate
(CER) [%], speaker similarity score (SIM), and 5-scaled pseudo
mean opinion score (MOS) on sound quality. The CER was
calculated by the joint CTC-attention Transformer-based ASR
model [26] trained on LibriSpeech [27], provided by ESP-
net [28]. Given the converted speech and the reference speech
of the target speaker, the SIM was calculated by the ECAPA-
TDNN model [29] trained on VoxCeleb [30,31], provided by
SpeechBrain [32]. The MOS was calculated by the official
UTMOS-strong model [33] trained on the Voice-MOS Chal-
lenge 2022 dataset [34].



Table 1: Evaluation results. The lower the CER, the bet-
ter the performance. The higher the SIM and MOS, the bet-
ter the performance. The values following + indicate confi-
dence intervals. “AnaSyn” and “voc.” indicate the analysis-
by-synthesized speech and vocoder, respectively. The method
B1, T1, and S1 are shown in Fig. 2. The SIM of X1 and X2
were calculated using speech pairs of the same speaker but dif-
ferent sentences. Note that the SIM was 0.087 £ 0.006 for the
same sentence with different speakers.

No. Method CER | SIM 1
X1 Recorded 1.31

MOS T
0.722:&().0[)7 4.39:k0.()1

X2 AnaSyn 1.36 0.717 o007 4.22100
Baseline
Bl PRVAE-VC 6.80 0.661+0004  3.63+002
B2 w/0o Lo 1092 0.625+000s  3.37+002
B3 w/o L, 1.52 0.266+0007  3.53+002
B4 w/o L, and Ly 1.46 0.118+0005s  2.94 1004

" BF  w/finetuned voc.  6.79  0.703zo0¢ 3.91xo01
Proposed (teacher)
T1 PRVAE-VC2 1.40 0.700+0004  3.87 001
T2 w/ L, and w/o L 2.37 0.703+0004  3.71x001
T3 w/ L, 2.14 0.700+0004  3.69+0.02
T4 w/o Lpr 1.44  0.614+0005  3.80:+002

"TF ~ w/finetuned voc. 141  0.741xooms 4224001
Proposed (student with teacher as T1)
S1 PRVAE-VC2 1.59 0.691+0004  3.96+001
S2 w/ pl in Sec. 3.2 170 0.694+0004  3.97+001
S3 w/ p2in Sec. 3.2 1.63 0.682+0004  3.73 2002
S4 w/ p3in Sec. 3.2 1.70 0.683+0004  3.75+00,

" SF  w/finetuned voc.  1.58  0.718%o0¢ 4.21x001

4.3. Results
4.3.1. Effect of using HuBERT and PR regularization

To evaluate the effectiveness of the PRVAE-VC2 proposed in
Sec. 3, we comprehensively compared the use/non-use of loss
terms for the model training. The evaluation results are shown
in Table 1. First, a comparison between the conventional model
B1 and the proposed teacher model T3 shows that when learn-
ing from scratch, the use of HuBERT features performs better
than the use of mel-spectrogram in terms of CER, SIM, and
MOS. Moreover, comparing teacher models T3 and T2 shows
that PR regularization is effective even when using HuBERT
features. Therefore, we found that the discretization by Hu-
BERT and regularization by PRVAE are additively effective.
Next, by comparing the teacher models T1 and T3 of the
proposed method, we confirmed that the model T1 trained with-
out the loss term L, achieved the better performance. This
means that when using HuBERT and PR regularization, it is
better to eliminate the constraint that the latent variables follow
the standard normal distribution commonly employed in VAE.

4.3.2. Effect of knowledge distillation approaches

The effectiveness of using HUBERT and PR regularization in
an additive manner was demonstrated in the previous section.
Here, we will confirm that the generalization capabilities of T1
can be distilled to student models which have the same model
architecture as the conventional approach. Table 1 shows that,
Similar to the results of the teacher model, the proposed student
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Figure 3: Visualization of speaker vectors on the training data.
a), b) and c) are the results on the system B1, S1, and S2, re-
spectively. Note that b) is also the result on T1, S3, and S4 be-
cause of the same speaker encoder. Each color indicates each
speaker. The points circled in red indicate the centroid of each
speaker.

model S1 outperformed the conventional method B1 in all of
CER, SIM, and MOS. This indicates that the knowledge distilla-
tion works well. The student model uses a content encoder with
mel-spectrogram as input, similar to the conventional method,
but thanks to the knowledge distillation loss Lagistil, it Shows
that it is able to learn a better speech representation than that of
the conventional method.

Next, the student models S1, S2, S3, and S4 of the proposed
method are compared to be clear which distillation method is
preferred. The result that the CER of S2 is worse than that of
S1 indicates that it is better not to train the speaker encoder of
the student model but to use the speaker encoder of the teacher
model as that of the student model. As shown in Fig. 3, the
speaker encoder of S1 may estimate more generalized speaker
representations than those of B1 and S2. Furthermore, the com-
parison of S1, S3, and S4 shows that it is better to constrain only
the intermediate features than to constrain the decoder side that
generates the mel-spectrogram.

4.3.3. Effect of vocoder finetuning

To investigate the final results, the vocoder finetuning technique
was applied to B1 as the conventional method, T1 as the teacher
model of the proposed method, and S1 as the student model.
The reconstructed mel-spectrograms via each method and the
corresponding speech waveform are used as the paired data to
train the finetuned vocoder.

Comparing the CER, SIM, and MOS of the methods using
finetuned vocoder (BF, TF, and SF) with those of the methods
using conventional vocoders (B1, T1, and S1), we found that
SIM and MOS are significantly improved by vocoder finetun-
ing. In particular, the SIM and MOS of the converted speech
on the proposed methods TF and SF are comparable to those of
the analysis-by-synthesis speech denoted as X2.

5. Conclusions

We proposed a knowledge distillation approach for non-parallel
many-to-many VC integrating PRVAE and HuBERT, which are
self-supervised speech representation techniques. As the re-
sults, we showed that 1) the constraints that were effective in
PRVAE-VC and the discretization that was effective in Hu-
BERT are shown to be effective in an additive manner, and 2)
the knowledge distillation technique makes it possible to dra-
matically improve performance even if using the same size con-
tent encoder and decoder as the conventional PRVAE-VC.
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