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Abstract

Cross-Lingual Voice Conversion (XVC) aims to modify a
source speaker identity towards a target while preserving the
source linguistic content. This paper introduces a cycle con-
sistency loss on linguistic representation to ensure the speech
content unchanged after conversion. The proposed XVC model
consists of two loss functions during optimization: a spectral
reconstruction loss and a linguistic cycle consistency loss. The
cycle consistency loss seeks to maintain the source speech’s lin-
guistic content. Specifically, we utilize Phonetic PosteriorGram
(PPG) to represent the linguistic content. XVC experiments
were conducted between English and Mandarin. Both objective
and subjective evaluations demonstrated that with the proposed
cycle consistency loss, converted speech is more intelligible.
Index Terms: Cross-Lingual Voice Conversion (XVC), Cycle
Consistency Loss, Phonetic PosteriorGram (PPG)

1. Introduction

Cross-Lingual Voice Conversion (XVC) is to convert the
speaker identity of one speaker (source) to match that of another
(target), where the source and target speak different languages.
XVC can enable many applications, such as language educa-
tion, foreign movie dubbing and so on [1]. The conversion seeks
to achieve two objectives: one is to convert the speaker identity
from the source to the target [2]; the other one is to maintain the
linguistic content of the source speech. Most of the previous
studies are focusing on achieving the former objective. While
this paper aims to the optimize both objectives simultaneously.

Due to the language difference in XVC, it is difficult to ob-
tain parallel data, where the source and target data have the same
speech content [3]. Hence, non-parallel techniques become a
mainstream solution for XVC. Early works explored various
alignment techniques to find speech segment pairs between the
source and target speech across different languages [4-8]. With
the advance of deep learning, neural XVC networks have shown
their strengths in generating high quality converted speech. Ac-
cording to the submitted systems in Voice Conversion Chal-
lenge 2020 (VCC2020) [9], XVC approaches can be grouped
into three main categories including generative adversarial net-
works (GAN) [10, 11], sequence-to-sequence (seq2seq) map-
ping methods [12-14] and the encoder-decoder frameworks
[15-17]. The encoder-decoder structure is reported as one
of the most popular solutions. In such frameworks, speech
signals are first encoded into speaker-independent linguistic
representations, and then they reconstruct acoustic features or
time-domain speech signals from the linguistic representations
[15-17]. Among the encoder-decoder structures, Phonetic Pos-
teriorGram (PPG) [18, 19] has been adopted by the majority
VCC2020 systems as the linguistic representation, that could
be either the posterior probability or bottleneck features from
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a speech recognition neural network [9]. In PPG-based XVC
frameworks, the conversion model learns a feature mapping be-
tween linguistic features and the corresponding acoustic fea-
tures [20]. Besides, there are also successful attempts combin-
ing seq2seq method with the GAN model to achieve rhythm-
flexible voice conversion by modifying the PPG length [19].

Despite their success, most existing XVC approaches
mainly focus on spectral feature optimization, but do not explic-
itly force the linguistic representation of the converted speech
to match that of the source speech [9]. Although spectral fea-
tures contain linguistic information, they may not be sufficient
to preserve the speech content. In the informal listening test, we
found the converted speech by XVC sometimes sounds not na-
tive [9,21,22]. The reason might be that spectral reconstruction
loss is optimized to match the speaker identity of the target, but
the loss also leads the conversion model to capture the articu-
lation of the target speech from a different language. As a re-
sult, the conventional XVC cannot preserve the original source
speech’s native pronunciation or articulation.

This paper introduces a cycle consistency loss on the lin-
guistic representation. The loss explicitly forces the converted
speech to maintain the same linguistic content with the source
speech. The proposed XVC framework utilizes a modularized
neural network [22, 23] to reconstruct acoustic features from
PPG features in two languages. Specifically, the network is op-
timized with two losses: an acoustic feature reconstruction loss
to ensure that the converted spectral features are close to that of
the target, and a cyclic loss on PPG features to force the con-
verted speech to carry the same linguistic content as the natural
input speech. The extra loss on linguistic representation is ex-
pected to help the network generate highly intelligible speech.

2. PPG-based XVC with a Modularized
Neural Network

A Modularized Neural Network (MNN) was proposed in [22].
It maps input PPGs to output acoustic features across English
and Mandarin with multi-task learning [24]. A MNN consists
of a language-independent module and a language-specific out-
put module. The language-independent module is shared by
two languages, while the language-specific output module mod-
els the acoustic features in each language individually via two
branches: one for English and the other one for Mandarin [22].

Figure 1(a) illustrates the PPG-based XVC framework with
MNN. It utilizes both English and Mandarin speech data from
multiple speakers during training. The English and Mandarin
PPGs are first extracted from acoustic features by English and
Mandarin phone recognizers, respectively. Two linear projec-
tion layers are employed to project the English and Mandarin
PPGs into latent features, which are then concatenated to form
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Figure 1: (a) PPG-based XVC framework with the modular-
ized neural network (MNN). (a) and (b) form the proposed XVC
framework with linguistic cycle consistency loss.

a bilingual linguistic representation [20]. Concatenating with a
speaker embedding, these features are forwarded into the shared
language-independent module consisting of two bidirectional
long short-term memory (BLSTM) layers. Parameters in this
shared module are updated with both languages. Selected by the
language switch, the shared module output features will only
pass through the branch in the language of the input speech.
Each branch in the language-specific module has two dense lay-
ers, where parameters are only updated with its corresponding
language. The English and Mandarin phone recognizers are set
as non-trainable networks whose model parameters are frozen
during training. The training objective is to optimize root mean
square errors (RMSE) between reconstructed acoustic features
Yrecon and the reference ones Yger :

Eacoustic - \/Z

where N is the number of total frames in the training data.

At run-time, taking the case of converting a Mandarin
speech to an English speaker’s voice as an example, acoustic
features extracted from the source Mandarin speech are first en-
coded as the bilingual linguistic representation. Speaker em-
bedding is obtained from English speech samples uttered by
the target speaker, and concatenated with the bilingual linguis-
tic representation. After passing through the shared BLSTM
layers, the intermediate features are forwarded to the Mandarin
branch. Last, a vocoder is used to generate speech waveform
from the acoustic features [22].

(YRec()n - YRef ) 2

N k]
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3. XVC with a Linguistic Cycle Consistency
Loss

Even though spectral reconstruction loss works well in the PPG-
based XVC framework, we find the converted speech some-
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times sounds not as native as the source natural speech [22]. It
motivates us to consider introducing an extra loss on the linguis-
tic representation, which is used to force the linguistic content
of the converted speech to match that of the source speech. This
will give better intelligibility, thereby further improve the con-
verted speech quality. In this section, we first discuss the cycle
consistency loss, which motivates our research. We then detail
the proposed XVC with a cycle consistency loss on PPG.

3.1. Linguistic Cycle Consistency Loss

Cycle consistency loss assumes a reversible feature transforma-
tion process [25]. It has been applied to a number of speech-
related applications including machine translation [26], speech
recognition [25], speech synthesis [27] and voice conversion
[17,28,29]. In the context of XVC, we expect that the model
only changes the speaker identity while keeping the same un-
derlying linguistic content. To facilitate the conversion model
preserving linguistic content, the cycle consistency loss is de-
signed to minimize the difference between linguistic represen-
tations obtained from input and converted acoustic features.

3.2. XVC with a Linguistic Cycle Consistency Loss

As shown in Figure 1(b), during training, we incorporate an
extra component to extract PPGs in the XVC framework to ex-
plicitly model linguistic content for high intelligibility. It adds
on phone recognizers to the language-specific output module in
the MNN. In particular, the language of the phone recognizer
and MNN language-specific module are in accordance with the
input speech.

During training, the XVC network first extracts PPGs from
input acoustic features, which will be transformed into latent
bilingual linguistic representations for acoustic feature recon-
struction. Reconstructed acoustic features are further passed
into the phone recognizer to extract PPGs, which are called
cyclic PPG. Whereas PPGs extracted from input acoustic fea-
tures are referred to as reference PPG. The bottleneck features
are utilized as PPGs, and details can be found from Section 4.1.
The linguistic cycle consistency loss can be calculated as,

PPGeye
Lppc = \/Z ( =

where PPGcy. is cyclic PPG and P PGr.s stands for reference
PPG. N represents the total frame number in the training data.
The XVC network is trained to jointly minimize the spectral
reconstruction loss and linguistic cycle consistency loss as:

— PPGge)?
N b

(©))

Liotal = Lacoustic + ALppG 3)
where A(0 < X\ < 1) is the coefficient on the linguistic cycle
consistency loss.

At run-time, the extra component in Figure 1(b) for linguis-
tic cycle consistency is not necessary. Therefore, the conversion
process is exactly the same as the PPG-based XVC framework
described in Section 2.

4. Experiments and Results

We conducted XVC experiments between English and Man-
darin to compare performance between the PPG-based XVC
frameworks without/with the linguistic cycle consistency loss.



4.1. Data and Feature Extraction

* Phone Recognizer: Two phone recognizers for English and
Mandarin were pretrained for PPG extraction. The English
phone recognizer was trained with the Librispeech database
(460 hours) [30]. The Mandarin phone recognizer was trained
with multiple Mandarin database (1238 hours) including ai-
dataTang [31], AISHELL-1 [32], MagicShell [33], Prime-
Words [34], ST-CMDS [35] and THCHS-30 [36]. Both En-
glish and Mandarin phone recognizers shared the same model
architecture. It consisted of three 5 x 1 convolutional layers
with 512 channels in each layer. Each convolutional layer was
followed by batch normalization and ReLU activation. Then
the output was fed into three BLSTM layers of 512 units,
followed by a bottleneck dense layer with 256 units. The out-
put softmax layers had 5,808 and 9,864 units for English and
Mandarin, respectively. The input was 80-dimensional Mel-
spectrogram, and the output was the senone class. The frame
accuracy of the English phone recognizer was 73.84%, while
that was 76.37% of the Mandarin phone recognizer. Both En-
glish and Mandarin PPG dimensions were 256.

* Speaker embedding extractor: The speaker embedding ex-
tractor was trained on the TIMIT database [37] from 630
speakers, each speaker contributed 10 utterances. The net-
work had two BLSTM layers with 768 units in each layer, fol-
lowed by a bottleneck dense layer with 256 units [38]. The in-
put was 80-dimensional Mel-spectrogram, and the extracted
speaker embedding dimension was 256. The equal error rate
(EER) on 24 speakers in the TIMIT test data was 3.21%.

* XVC database: XVC experiments utilized a multi-lingual
and multi-speaker database consisting of 100 speakers (50
English speakers and 50 Mandarin speakers), each speaker
contributed 150 utterances. 50 English speakers were ran-
domly selected from the VCTK database [39] while 50 Man-
darin speakers were from the Data-Baker Mandarin Library'.
During testing, 4 bilingual speakers (MF2, MF4, MM1 and
MM?2) from the EMIME database [40] were selected, with
20 utterances from each speaker.

All speech signals were resampled to 16 kHz. The Mel-
spectrogram were extracted at 50 ms window size and 12.5 ms
frameshift with the dimension of 80.

4.2. Experimental Systems

» Baseline: The PPG-based XVC framework discussed in Sec-
tion 2 is the baseline system without linguistic cycle consis-
tency loss. Both projection dense layers had 256 units. The
BLSTM layers in the MNN language-independent module
had 768 units. The language switch was a 0/1 flag. Two dense
layers in the language-specific module had 256 units and 80
units, respectively. The network was trained with 0.001 learn-
ing rate. The batch size was set to 16.

¢ CyclePPG-XVC: The XVC framework introduced in Section
3.2 is our proposed XVC system with linguistic cycle consis-
tency loss. It shared the same neural network architecture and
hyperparameters with the Baseline system. The A value was
chosen to be 0.7 by trial and error.

We used the WaveRNN neural vocoder [41] to generate
speech waveform from Mel-spectrogram for both experimental

Ihttp: //www.data-baker.com/hc_pm_en.html
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Table 1: A summary of objective evaluation metrics includ-
ing PPG RMSE, MSD, RMSE and WER. ‘Source’ indicates the
source speech. en—scn is the case when we convert a source
English utterance to a Mandarin target speaker, and vice-versa.

[ Source | Baseline | CyclePPG-XVC

en—cn 13.89 9.64
PPG RMSE | cn—en N.A 13.76 9.19
average 13.83 9.42
en—cn 15.43 12.39 11.52
MSD (dB) | cn—en | 16.18 12.96 11.46
average | 15.81 12.68 11.49
en—cn | 17.48 14.02 12.99
RMSE (dB) | cn—en | 19.96 13.20 13.17
average | 18.72 13.61 13.08
en—cn 8.21 35.50 16.67
WER (%) | cn—en 3.75 26.63 10.33
average 5.98 31.07 13.50

systems. The details of WaveRNN model can be found in [23].

4.3. Objective Evaluations

We first report PPG RMSE as a measurement of the linguistic
content preservation. Then we compute Mel-spectrogram dis-
tortion (MSD) [42] to measure the spectral distance between the
reconstructed and reference Mel-spectrogram. Also, we calcu-
late speech RMSE to evaluate the signal distortion. Last, we
use the speech-to-text APIs to measure a voice’s intelligibility
in terms of word error rate (WER). In all objective metrics, a
lower value indicates a better result.

* PPG RMSE: It is calculated between cyclic PPG and refer-
ence PPG. From Table 1, it can be found that the average PPG
RMSE value drops from 13.83 dB to 9.42 dB for Baseline
system and CyclePPG-XVC system, respectively. It suggests
that the linguistic cycle consistency loss constrains the sys-
tem to generate acoustic features with linguistic content that
is closer to the source speech.

e MSD: With Yrecon and Yger representing the reconstructed
and reference Mel-spectrogram, MSD is defined as:

MSDIAB] = 10/In10y/2 3~ ((Yreeon — Yeet)?,  (4)
Average MSD results are presented in Table 1. It is observed
that average MSD value decreases from 12.68 dB (Baseline)
to 11.49 dB (CyclePPG-XVC). Compared to the Baseline,
the proposed CyclePPG-XVC effectively reduces the spectral
distortion by adding the linguistic cycle consistency loss.

¢ RMSE: The RMSE between converted and natural reference
speech can be computed as:

]. F en
RMSE[dB] = \/ i > (20 1og10(‘| FGR f‘|

), )

where M is the number of frequency bins, | Fgen| and | Fret]|
are the corresponding magnitude values of the generated and
reference speech, respectively. As presented in Table 1,
CyclePPG-XVC achieves a lower RMSE value (13.08 dB)
than the Baseline (13.61 dB). It confirms that with linguis-
tic cycle consistency loss, the proposed approach is able to
generate speech signals with a smaller distortion.
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Figure 2: AB test result on intelligibility with 95% confidence
intervals. A higher value accounts for a more intelligible
speech. ‘NP’ means no preference.
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Figure 3: MOS test result on speech quality with 95% confi-
dence intervals.

* WER: First, we obtain the transcripts of the English and
Mandarin utterances using the Google Cloud Speech-to-Text’
and iFLYTEK Open Platform® APIs, respectively. Then we
further calculate the Levenshtein distance for WER. In Ta-
ble 1, we find that the Baseline achieves an average WER of
31.07% while the proposed CyclePPG-XVC obtains 13.50%,
which shows that using linguistic cycle consistency loss
greatly enhances the synthesized voice intelligibility.

4.4. Subjective Evaluations

We further conduct three subjective listening tests: AB test,
Mean Opinion Score (MOS) test, and XAB test. 20 bilingual
English and Mandarin listeners have participated in all listening
tests. They are all university students and staffs aged between
20 and 40, proficient in both English and Mandarin. Each lis-
tener was presented with 12 randomly selected speech samples
from 160 converted utterances.

¢ AB Test for Intelligibility: In AB test, we focus on intelligi-
bility. A and B are two randomly selected converted speech
samples from different experimental systems. Listeners were
asked to listen and compare A and B, then choose the one
that was more intelligible. In particular, they were requested
to assess the extent of whether the converted speech are un-
derstandable at both word and sentence level including the
pronunciation and articulation. The result is presented in Fig-
ure 2. It is obvious that CyclePPG-XVC significantly outper-
forms the Baseline in both en—cn and cn—en conversions.
With linguistic cycle consistency loss, CyclePPG-XVC has
demonstrated a performance improvement on speech intelli-
gibility. Hence, we may declare the effectiveness of the pro-
posed mechanism in preserving the source linguistic content.

* MOS Speech Quality Test: In MOS test, listeners needed
to listen to each converted sample and rate the overall qual-

2https://cloud.google.com/speech-to-text
3https://www.iflyrec.com/
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XAB Test for Speaker Similarity
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Figure 4: XAB test result on speaker similarity with 95% confi-
dence intervals. ‘NP’ is short for no preference.

ity including intelligibility and naturalness at a 5-point scale.
A higher MOS score indicates a better speech quality. Re-
sults are presented in Figure 3, which show that CyclePPG-
XVC outperforms Baseline significantly in both en—cn and
cn—en conversions. It is an evidence that introducing lin-
guistic cycle consistency loss favors a XVC system to gener-
ate higher quality speech samples.

* XAB Speaker Similarity Test: In XAB test, X is given as
reference, which is the natural speech from the target speaker.
A and B are two converted samples from different experimen-
tal systems. The listeners were told to listen to both sam-
ples and to select the one that sounded closer to the reference
speech in terms of speaker identity. As shown in Figure 4,
the proposed CyclePPG-XVC outperforms the Baseline, al-
though the improvements are not significant. It is reasonable
since the proposed cyclePPG-XVC incorporates an extra cy-
cle consistency loss to preserve the linguistic content whereas
no dedicated effort has been made to improve the speaker
identity characterization during conversion.

Overall, it is noted that the proposed CyclePPG-XVC ob-
tains better results consistently than the Baseline in all objective
and subjective evaluations for both en—cn and cn—en conver-
sions. It confirms that CyclePPG-XVC achieves an enhanced
intelligibility of the converted speech while keeping a similar
result with the Baseline in terms of the speaker similarity*.

5. Conclusion

We have proposed a cycle consistency loss on linguistic rep-
resentation for XVC. The network is optimized with a spec-
tral reconstruction loss and a linguistic cycle consistency loss
jointly. The linguistic cycle consistency loss aims to ensure the
converted speech maintain the same linguistic content as the in-
put speech. Experiment results demonstrate that the proposed
method is able to enhance the converted speech quality and in-
telligibility significantly.
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