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Abstract

Due to the difficulty of obtaining parallel data, there are many
works focus on non-parallel voice conversion(VC) recently.
Bottleneck features(BNFs) from automatic speech recogni-
tion(ASR) and text-to-speech(TTS) models play an important
role in feature disentangling for VC. In this work, we pro-
pose Mix-Guided VC, a non-parallel any-to-many voice con-
version model by combining ASR-BNFs and TTS-BNFs. We
demonstrate that ASR-BNFs and TTS-BNFs are complemen-
tary. ASR-BNFs are more robust especially in any-to-many
tasks, but suffer from leaking source speaker’s timbre informa-
tion; TTS-BNFs are closely correlated with text, but lack ro-
bustness. Experiments show that the proposed model achieves
the best balance in speech quality, timbre similarity and robust-
ness compares with baseline models. Furthermore, the whole
modules in the proposed model can be trained jointly and no
more pre-training data is needed.

Index Terms: Voice conversion, disentangling, any-to-many,
bottleneck features

1. Introduction

Voice Conversion (VC) aims to convert a source speech’s tim-
bre to a target speaker while maintaining content and prosody
information in the source speech. Early VC systems always re-
quire expensive parallel training data. With the development
of deep learning, many recent studies focus on VC with non-
parallel training data.

From the point of training strategy, non-parallel VC re-
search can be mainly divided into two categories: auto-encoder
approaches and cyclic training approaches, and both methods
are unsupervised learning. Auto-encoder approaches, such as
[1, 2], adopt direct training method, which mean that the input
source, target speech and the output converted speech are the
same speech during training. Cyclic training approaches like
[3, 4, 5] include two steps of speech conversion, those meth-
ods convert source speech to target speech, then convert target
speech back to source speech. Both two approaches require fea-
ture disentanglement to gain content and prosody information
from source speech and speaker timbre information from target
speech.

Limited by the difficulty of unsupervised learning, the
above two methods cannot achieve robust results using only
training dataset from VC. Therefore, some external resources
have been added to help feature disentangle[6], which typically
are automatic speech recognition guided (ASR-Guided) ap-
proaches and text-to-speech guided (TTS-Guided) approaches.

ASR-Guided approaches[7, 8, 9, 10, 11] can disentangle
content and prosody information from source speech. Those
methods require a pre-trained ASR model to extract linguis-
tic representations. Phonetic posteriorgrams (PPGs) from the
last layer and bottleneck features (BNFs) from the penultimate

979-8-3503-9796-3/22/$31.00 (©)2022 IEEE

96

layer can serve as such linguistic features. [11] demonstrates
that BNFs outperform PPGs. Although ASR-Guided VC is the
mainstream method recently, those features suffer from leaking
source speaker timbre information[12], which is demonstrated
in our experiments.

In TTS-Guided approaches[6, 12], BNFs from the align-
ment layer are used to teach VC model how to disentangle con-
tent information from source speech. The strong text relevance
ensures that the timbre in target speech will be well preserved in
the converted speech[4]. However, TTS-BNFs lack robustness
in our experiments.

In this work, we analyze the different characteristics be-
tween ASR-BNFs and TTS-BNFs. Inspired by [11] which com-
bines two ASR-BNFs with different losses, we propose Mix-
Guided VC, an any-to-many auto-encoder based VC model
which combines ASR-BNFs and TTS-BNFs. The proposed
model can take full advantage of the robustness from ASR-
BNFs, and meanwhile obtain closely text correlation from TTS-
BNFs.

The main contributions in this work include:

¢ A Mix-Guided VC method is proposed which can lever-
ages the complementary information of ASR-BNFs and
TTS-BNFs. Experiments show that our method outper-
forms both the ASR-Guided and TTS-Guided baseline
systems in terms of speech quality, timbre similarity and
robustness.

The whole modules in the proposed model can be trained
jointly, which simplifies the training pipeline.

The complementarity between ASR-BNFs and TTS-
BNFs is found by feature analysis and experiments,
which demonstrate that ASR-BNFs are robust but suf-
fer from leaking speaker timbre information from source
speech, while TTS-BNFs can preserve target speaker’s
timbre well but lack robustness.

2. Approach

In this paper, the input and output acoustic features are
mel-spectrogram. We use a pretrained multi-speaker based
HiFi-GAN[13] as the vocoder to generate speech from mel-
spectrogram. To combine ASR-BNFs and TTS-BNFs into VC
system, we propose a model with multiple encoders and a sin-
gle decoder. The overview of the model architecture is shown in
Figure 1, which consists of four components: /) ASR encoder,
2) TTS encoder, 3) VC encoder and 4) Decoder. The details of
each component are below.

2.1. Multiple Encoders

The model consists of three encoders and each of them is a
conformer[14] based structure.
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Figure 1: The overview of Mix-Guided VC

ASR Encoder. The role of the ASR encoder is to ex-
tract ASR-BNFs and gain alignment information for TTS. The
input of ASR encoder is mel-spectrogram and the output is
phoneme sequence. We train the conformer based ASR encoder
with CTC loss[15] and extract ASR-BNFs from the penultimate
layer of ASR encoder. The conformer configuration in ASR en-
coder is 6 layers, 2 attention heads, 1536 feed forward dimen-
sions with convolution kernel size 31.

TTS Encoder. Inspired by [6], the role of the TTS encoder
is to extract TTS-BNFs and teach VC encoder to extract content
features. The input of TTS encoder is phoneme sequence. We
use ASR encoder to gain hard alignment for TTS as mentioned
in [16], and then the length regulator [17] expands the phoneme
hidden sequence to match the length of mel-spectrogram. The
TTS-BNFs are the output expanded phoneme hidden states of
length regulator. The convolution kernel size in TTS encoder is
7, other configuration is the same as ASR encoder.

VC Encoder. The input of VC encoder is mel-spectrogram
and the output is TTS-BNFs’. The role of VC encoder is to
learn to extract TTS-BNFs. The TTS-BNFs from TTS encoder
are used as supervision to train VC encoder. Therefore, the TTS
encoder is not required at inference stage. The configuration in
VC encoder is the same as ASR encoder.

2.2. Decoder

ASR-BNFs, TTS-BNFs and log-FO are added together firstly.
After instance normalization, those features are concatenated
with speaker embedding, and then fed into decoder which gen-
erates mel-spectrogram finally. The speaker embedding is ex-
tracted from a pretrained speaker verification model[18]. De-
coder is also a conformer-based structure which has the same
configuration as ASR encoder.

2.3. Loss

There are three loss terms in our model. The first is mel-
spectrogram reconstruction 1oss Le; as shown in Eq.1, which
uses a MAE loss. M is the input mel-spectrogram of ASR-

encoder and VC encoder and M is the output of decoder.

Loner = MAE (M, M') )

The second term is CTC loss L.¢ for ASR encoder.
The last term is content 10sS Lcontent for VC encoder, as
shown in Eq.2, in which C'F' is TTS-BNFs from TTS encoder

and CF' is TTS-BNFs’ from VC encoder.

[rcontent = MAE (CF, CF/) (2)
The total loss £ is shown in Eq.3.

L= »Cmel + £ctc + Econtent (3)

2.4. Training and Inference

In the training stage, the source, target and converted utterances
in Figure 1 are the same one. To prevent the model from tak-
ing the input mel-spectrogram directly as the output, we stop
gradients backward from the decoder to ASR encoder.

In the inference stage, the input log-FO, mel-spectrogram of
ASR encoder and VC encoder are from the source speaker. The
input speaker embedding is from the target speaker. Since the
TTS encoder is not required at inference stage, the TTS-BNFs
are the output of VC encoder.

3. Experiments

To evaluate the proposed model, we conduct experiments on
different aspects. Although we only evaluate on Mandarin

2022 13th International Symposium on Chinese Spoken Language Processing (ISCSLP) 97



Source Converted
Mel-Spectrogram Mel-Spectrogram

l Decoder }-— Target Speaker Embedding

ASR Encoder
VC Encoder

— training and inference
---» only training

Source Log FO

ASR-BNFs

Linear Layer

Phoneme Sequence

Figure 2: The overview of ASR-Guided VC

datasets, the proposed model can work when the source speech
is English. The converted samples are available at URL'.

3.1. Dataset

A private multi-speaker TTS dataset is utilized in our experi-
ments for VC. It consists of 75 speakers, the speech duration of
each speaker is about 20 minutes. We sample the raw audio to
24 kHz. The 80 dimensions mel-spectrogram features are ex-
tracted using 300 hop size, 1200 windows size and 2048 FFT
point. We split the data into 95% training set and 5% validation
set randomly. In order to convert pinyins to phones, we used
International Phonetic Alphabet (IPA) standard. The prosody
labels in the dataset are also used for modeling.

The vocoder is trained on the above TTS dataset and
AISHELL-3[19]. The speaker verification model is trained on
AISHELL-2[20], VoxCeleb[21], VoxCeleb2[22] and some pri-
vate datasets.

3.2. Baseline Models

We compare our model with two baseline models.

One is ASR-Guided VC, as shown in Figure 2 and its model
structure is modified from [10]. We use conformer instead of
transformer and the ASR model is trained jointly with other
modules using our private multi-speaker TTS dataset. So it can
be compared with our proposed model more fairly.

The other is TTS-Guided VC, as shown in Figure 3. Differ-
ent from [6], a conformer-based Fastspeech[17] is used instead
of Tacotron2[23]. For TTS alignment, we used the ASR model
in ASR-Guided VC to extract duration for length regulator like
[16].

3.3. Training Details

All models are trained for 100 epochs using batch size of 40.
The AdamW[24] optimizer with 51 = 0.9,82 = 0.98,¢ =
1076 are used for training. The initial learning rate is 0.001 and
we use polynomial decay after warming up at 10000 steps.

Thttps://zzqresearch. github.io/mixvc/
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Figure 3: The overview of TTS-Guided VC

3.4. Feature Analysis

We analyze the different characteristics between ASR-BNFs
and TTS-BNFs firstly. These two features are extracted from
ASR-Guided VC and TTS-Guided VC respectively. After av-
eraging the features of each frame, we get the feature vector of
each utterance. We visualize those vectors using t-distributed
stochastic neighbor embedding (t-SNE) algorithm[25] as shown
in Figure 4. The same color represents the same speaker, the
points in the outer clusters are the same text. As can be seen
from the figures, although these two features can separate dif-
ferent texts into different clusters, ASR-BNFs can also clas-
sify several specific people into different clusters, which reveals
ASR-BNFs leak speaker information.

3.5. Objective Evaluation

Because objective and subjective results are highly correlated as
mentioned in [26], we evaluate speech quality, timbre similarity
and robustness using objective metrics comprehensively.

3.5.1. Preparation

For speech quality and timbre similarity, all utterances in the
validation set are used as source speech. For each source utter-
ance, one seen speaker is randomly selected as target speaker.
We make sure the source and target speech are from different
speakers.

For robustness evaluation, we conduct an any-to-many sce-
nario. One utterance of each speaker in AISHLL-3 is selected
as source speech, and we randomly select 10 speakers in vali-
dation set as the target speakers.

3.5.2. Objective metrics

Inspired by [26], two objective metrics are used to evaluate
models.

Character error rate (CER) is a suitable metric for speech
quality. A private ASR system trained with internal corpus is
used to calculate CER. A lower CER means that more text in-
formation in the source speech is preserved, therefore, the con-
verted speech has higher intelligibility and quality.

Cosine similarity (CS) can measure the distance between
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Figure 4: Visualization of the BNFs clusters using t-SNE for 5
speakers. (a) is ASR-BNFss, (b) is TTS-BNFs.

two vectors. In order to show how well the converted speech
preserved the timbre from the target speaker, we calculated the
CS of speaker embedding between the converted speech and the
target speech. The same speaker verification system mentioned
in Subsection 2.2 is used to extract speaker embedding.

3.5.3. Objective evaluation results

The results are presented in Table 1. It can be seen that al-
though ASR-Guided VC gains the best CER, it has the low-
est CS, which reveals that its high speech quality comes at the
expense of leaking source speaker’s timbre information. TTS-
Guided VC has higher CS than ASR-Guided VC but gets unfa-
vorable CER especially in any-to-many scenario, which means
that it lacks robustness. The proposed Mix-Guided VC achieves
the best balance in speech quality and timbre similarity no mat-
ter in many-to-many or any-to-many scenarios. It outperforms
two baseline models in timbre similarity, reaches competitive
performance compared with ASR-Guided VC in speech qual-
ity, and meanwhile maintains strong robustness.

Table 1: The results of CER and CS on many-to-many and any-
to-many voice conversion.

| many-to-many
| CER | CS | CER | CS
ASR-Guided VC | 13.76% | 0.830 | 15.73% | 0.805

TTS-Guided VC | 31.20% | 0.853 | 52.04% | 0.841
Mix-Guided VC | 13.81% | 0.871 | 23.75% | 0.862

any-to-many

Method

3.6. Subjective Evaluation

Because subjective evaluation is expensive and time consuming,
we just conduct it on speech quality and timbre similarity in a
many-to-many scenario.

3.6.1. Preparation

We choose 20 samples from validation set as source speech
and 20 seen speakers from validation set as target speakers ran-
domly. 25 native speakers are invited for subjective evaluation.

3.6.2. Subjective metrics

Two metrics are used for subjective evaluation.
For speech quality, we use the mean opinion score (MOS)
with 95% confidence interval.

39.2% 43.4%

0% 20% 40% 60% 80% 100%

M ASR-Guided VC TTS-Guided VC  ® NP

0% 20% 40% 60% 80% 100%
TTS-Guided VC M Mix-Guided VC B NP

Figure 5: Results of ABX Test, the above is between ASR-Guided
VC and TTS-Guided VC, the below is between TTS-Guided VC
and Mix-Guided VC. NP means no preference.

For timbre similarity, we conduct a ABX Test. ”A” and
”B” are the converted speech from two methods that need to be
compared. X" is the real target speech selected from validation
set randomly.

3.6.3. Subjective evaluation results

The MOS results are presented in Table 2, which shows that the
proposed Mix-Guided VC outperforms the two baseline models
in speech quality.

The ABX Test results are presented in Figure 5, the above
chart reveals that TTS-Guided VC is better than ASR-Guided
VC, so the proposed model is just compared with TTS-Guided
VC as shown in the below chart, which indicates that Mix-
Guided VC outperforms TTS-Guided VC in timbre similarity.

Table 2: The MOS results with 95% confidence interval.

Method MOS

Ground truth 4.50 + 0.06
ASR-Guided VC | 3.56 4 0.09
TTS-Guided VC | 2.85+0.10
Mix-Guided VC | 3.73 £ 0.09

4. Conclusion

In this paper, we propose a novel any-to-many VC method
which leverages the complementary information of ASR and
TTS bottleneck features. Whole modules in the proposed model
can be trained jointly and no more pre-training data is needed.
We conduct the experiments on a private multi-speaker TTS
dataset. Feature analysis and objective evaluation demonstrate
that ASR-BNFs are more robust especially in any-to-many
tasks but suffer from leaking source speaker’s timbre informa-
tion; TTS-BNFs are closely correlated with text so the target
speaker’s timbre can be preserved well in the converted speech,
but gains unfavorable speech quality due to its lack of robust-
ness. The proposed Mix-Guided VC achieves the best balance
in speech quality, timbre similarity and robustness which out-
performs ASR-Guided VC and TTS-Guided VC in subjective
experiments.
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