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Abstract
Although N10 system in Voice Conversion Challenge 2018
(VCC 18) has achieved excellent voice conversion results
in both speech naturalness and speaker similarity, the sys-
tem’s performance is limited due to some modeling insuffi-
ciency. In this paper, we propose to overcome these limita-
tions by introducing three modifications. First, we substitute
an autoregressive-based model in order to improve the conver-
sion model capability; second, we use high-fidelity WaveNet
to model 24kHz/16bit waveform in order to improve conver-
sion speech naturalness; third, a duration adjustment strategy is
proposed to compensate the obvious speech rate difference be-
tween source and target speakers. Experimental results show
that our proposed method can improve the conversion perfor-
mance significantly. Furthermore, we validate the performance
of this system for cross-lingual voice conversion by applying
it directly to the cross-lingual task in Voice Conversion Chal-
lenge 2020 (VCC 2020). The released official subjective results
show that our system obtains the best performance in conver-
sion speech naturalness and comparable performance to the best
system in speaker similarity, which indicate that our proposed
method can achieve state-of-the-art cross-lingual voice conver-
sion performance as well.
Index Terms: non-parallel voice conversion, autoregressive
model, duration adjustment, cross-lingual voice conversion,
Voice Conversion Challenge 2020

1. Introduction
Voice Conversion (VC) aims to convert the speech from a
source speaker to that of a target speaker while keeping the lin-
guistic information unchanged [1]. It has many potential appli-
cations, such as personalized text-to-speech, voice anonymiza-
tion and dubbing.

The main task for VC is to learn a mapping function be-
tween the acoustic features of source and target speakers. Gen-
eral methods usually need a parallel corpus for training, in
which source and target speakers are asked to speak the same ut-
terances. Speeches contain entangled information of both con-
text and speaker timbre. Using such form of training data makes
learning process concentrate on timbre difference in regard-
less of context, thus decreases learning difficulty. These meth-
ods include models based on Gaussian mixture model (GMM)
[1], frequency warping [2], non-negative matrix factorization
(NMF) [3], deep neural networks, such as restricted Boltzman
machine (RBM) [4], conditional restricted Boltzman machine
(CRBM) [5, 6], long-short term memory (LSTM) based recur-

rent neural network [7] and so on. However, in most cases,
using these approaches is infeasible as parallel data is hard to
obtain. In order to make VC applicable in those scenarios,
many researchers explore methods using non-parallel training
data. These methods include phonetic posteriorgrams (PPGs)
based method [8], generative adversarial network (GAN) based
method [9], variational auto-encoder (VAE) based method [10]
and sequence-to-sequence based method [11].

N10 system achieves the best performance in both speech
naturalness and speaker similarity in the non-parallel con-
version task of Voice Conversion Challenge 2018 (VCC 18)
[12, 13]. It follows a similar approach to the PPGs-based
method: the content-related feature is extracted from the
source speech using a pre-trained speaker-independent auto-
matic speech recognition (SI-ASR) model and is used to predict
the target acoustic feature. Different from using a traditional
vocoder, it adopts a WaveNet-based neural vocoder to gener-
ate converted waveforms. Although it significantly improves
the non-parallel VC performance, there still remains some lim-
itations. First, conversion results are highly correlated with the
prediction precision of the acoustic features. This system adopts
a simple long-short term memory with projection (LSTMP)
based conversion model, so conversion model with higher ca-
pability can be further explored to improve the conversion per-
formance. Second, speech rate is a key component of speaker
features. In this system, the duration of the converted speech
is not modified and is kept as the same as that of the source
speech. So when source and target speakers have obviously dif-
ferent speech rates, the conversion similarity will be decreased.
Third, although neural vocoder is used to model 10-bit wave-
form, quantization noise still exists.

This paper aims to further improve the N10 system perfor-
mance. Our contributions in this work are as follows:

• Autoregressive models show strong acoustic modeling
ability [14, 15]. In this paper, we propose to use an au-
toregressive conversion model in order to obtain acoustic
features with higher-precision.

• A duration adjustment strategy is proposed to compen-
sate the speech rate difference between source and target
speakers.

• We use high-fidelity WaveNet-based vocoder and model
waveforms with high sampling rate in order to improve
converted speech quality.

• Previous study [16] proposed to apply a PPGs-based
method for cross-lingual VC. In this paper, we evalu-
ate the performance of our improved method for cross-
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Figure 1: The framework of the proposed system.

lingual VC by submitting a developed system for the
cross-lingual task in Voice Conversion Challenge 2020
(VCC 2020). The results indicate that this system can
achieve state-of-the-art cross-lingual VC performance.

2. Baseline
In N10 system of VCC 18 [13], a pre-trained SI-ASR model
was used to extract content-related feature. Then LSTMP-based
conversion model was built to predict the joint acoustic fea-
ture from the content-related feature. The joint acoustic fea-
ture included mel-ceptral coefficients, static logarithmic fun-
damental frequency and its delta, deltadelta components, un-
voiced/voiced (U/V) flag and band aperiodicities (BAPs). Fi-
nally, speaker-dependent WaveNet vocoder was built to model
16kHz/10bit waveform, in which a 1024-way categorical dis-
tribution [17] was used. Converted waveforms were recon-
structed from the predicted acoustic features using the obtained
WaveNet vocoder.

3. Proposed Method
3.1. Overall structure

As presented in Figure1, the proposed method mainly contains
four components: ASR model, speaker encoder, conversion
model and WaveNet vocoder. ASR model is pre-trained us-
ing a large multi-speaker English corpus and utilized to extract
speaker-independent content-related features. The structure of
speaker encoder follows our previous work [11], which is uti-
lized to extract an utterance-level speaker code. The conver-
sion model takes the content-related feature and speaker code
as inputs and learns to transform the inputs into acoustic fea-
tures. Autoregressive models show strong modeling ability for
sequence signals and obtain excellent performances in many
tasks such as text-to-speech (TTS). Our conversion model is
constructed based on an autoregressive architecture and is ex-
pected to improve the speech naturalness. WaveNet is adopted
as a neural vocoder to recover the waveform from acoustic fea-
tures.

Model parameters are optimized by a two stages training
strategy: pre-training and fine-tuning. This training strategy is
quite essential as training data of VC task is limited. During
pre-training, speaker encoder and conversion model are jointly
trained using multi-speaker corpus. The speaker encoder is op-
timized by a speaker classification loss LSC , i.e., the cross en-
tropy loss between the predicted speaker probabilities and the

target speaker labels as:

LSC = CE(I,softmax(WC)) (1)

where I is a one-hot label representing the speaker identity, W
is a trainable weight matrix of speaker encoder, C is a speaker
code for an input utterance, CE(·) represents the cross entropy
loss function.

The conversion model is optimized by a reconstruction loss
LRC calculated as:

LRC =
1

N

N∑

i=1

‖ âi − ai‖1 (2)

where âi and ai are the predicted and target acoustic feature
vectors at the i-th frame respectively, N is the number of acous-
tic frames. LRC is only used to train conversion model and
doesn’t influence speaker encoder.

Fine-tuning process is conducted for each target speaker
separately. First, a speaker code vector is generated by aver-
aging the speaker encoder outputs over all training utterances.
Then the speaker encoder network is discarded. The obtained
speaker code is fed into conversion network and kept fixed dur-
ing fine-tuning.

In conversion stage, the content-related feature is extracted
from the source speech and duration adjustment is performed
before it is fed into the conversion model. Then, WaveNet
vocoder is used to generate high-fidelity waveform with con-
verted acoustic features as conditions.

3.2. Conversion model

The conversion model maps content-related and speaker-related
features to acoustic features. It follows an encoder-decoder ar-
chitecture, which is similar to the model structure in our pre-
vious sequence-to-sequence voice conversion work [18]. Dif-
ferent from that, the input of our encoder module only includes
content-related feature. Acoustic feature of source speaker is
not used. Moreover, our model only need data of target speaker
for training. So parallel training data are not required.

As presented in Figure 2, the encoder is built based on pyra-
mid bidirectional LSTM (PBiLSTM) architecture [19]. Differ-
ent from conventional deep bidirectional LSTM (BiLSTM) [7],
the hidden cells at consecutive two steps of a layer in PBiL-
STM are concatenated and fed into next layer to generate a new
hidden cell, which results in shorter and higher-level linguistic
representations. Since a phoneme usually corresponds to many
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Figure 2: The structure of the encoder.

frames of acoustic features, it is more reasonable for the lin-
guistic representations to have a lower sampling rate than the
frame-level content-related features.

The decoder is an autoregressive model with attention,
which transforms the concatenated encoder output and speaker
code into the acoustic feature. At each decoder step, two frames
of acoustic features are predicted. It should be noticed that the
lengths of encoder and decoder outputs are equal. Although at-
tention was used in our model, we observed no duration conver-
sion was learned. The obtained attention alignment was nearly
diagonal and only neighboring frames were focused on. Fur-
thermore, our internal experiment showed that discarding atten-
tion module made no difference to conversion performance. We
conducted an experiment by conditioning on the encoder hidden
features directly. Comparable performance was obtained.

3.3. Duration adjustment

To compensate the speech rate difference between source and
target speakers, we perform duration adjustment in conver-
sion stage by interpolating the content-related feature of source
speech. The interpolation coefficient for each conversion pair
was separately estimated. It was obtained by a two stage esti-
mation. We used the average duration of each phoneme over
all training sentences to represent speaker’s speech rate. First, a
rough coefficient value was estimated by calculating the speech
rate ratio between target and source speakers. Then, given the
conversion model, we used the obtained interpolation coeffi-
cient to do conversion. The coefficient value would be modified
if speech rate difference was perceived between converted and
target speech. This process repeated until no obvious speech
rate difference was perceived. The finally obtained value was
used in conversion stage.

3.4. WaveNet-based neural vocoder

Using neural vocoder for waveform generation improves the
quality of converted speech greatly [13]. Previous work us-
ing WaveNet with categorical distribution introduces quanti-
zation noise. To relieve this problem, we adopt the high-
fidelity WaveNet model introduced in ClariNet [20] as neural
vocoder, which uses a single variance-bounded Gaussian distri-
bution for 24kHz/16bit waveform audio sample modeling. Mel-
spectrogram vector is fed as conditional feature. The mean µt

and variance σt of each audio sample distribution are predicted
by model conditioned on the samples at all previous time-steps

Table 1: Mean opinion score (MOS) and 95% confidence inter-
val in t-test of proposed method and the baseline.

Naturalness Similarity
baseline 3.858±0.073 3.488±0.079
proposed 4.016±0.071 3.588±0.080

Table 2: Mean opinion score (MOS) and 95% confidence in-
terval in t-test of proposed method with and without duration
adjustment. proposed+DA denotes the proposed method with
duration adjustment.

Naturalness Similarity
proposed 3.719±0.077 3.676±0.080
proposed+DA 3.810±0.074 3.740±0.079

and the current acoustic feature:

(µt, σt) =WaveNet(xt|x1, x2, ..., xt;h) (3)
p(xt|x1, x2, ..., xt;h) = N(µt, σt) (4)

VC system generally has several minutes training data. It
is difficult to train a stable WaveNet directly with such lim-
ited training data. In order to improve training stability, we
follow the same training strategy proposed in [13], in which
a multi-speaker model is pre-trained and used as initial model
for speaker-dependent WaveNet adaptation. More details can
be found in [13].

4. Experimental Conditions
We evaluated the performances of our proposed method on
dataset for task1 of VCC 2020, which was intra-lingual VC task.
It included 4 English source speakers (SEF1, SEF2, SEM1,
SEM2) and 4 English target speakers (TEF1, TEF2, TEM1,
TEM2). Each speaker contained 70 utterances. The wave-
form format was 24kHz/16bit. We randomly chose 64 utter-
ances for training and the remaining 6 utterances for evalua-
tion. For cross-lingual VC, we used the dataset of task2 in VCC
2020. It included 4 same English source speakers as task1 and 6
non-English target speakers, 2 Finish (TFF1, TFM1), 2 German
(TGF1, TGM1) and 2 Mandarin speakers (TMF1, TMM1). The
amount of data for training and evaluation were kept the same.

80-dimensional mel-spectrograms with 10 ms frame shift
was used as acoustic features. Content-related features were
extracted from a well-trained SI-ASR model using hundreds
of hours of recordings with aligned phonetic transcriptions.
Speaker encoder was built with two layers of BiLSTM with
512 hidden units followed by a global average pooling and a
fully connected layer with 128 hidden units, which output a
128-dimensional speaker code. The number of PBiLSTM lay-
ers in the encoder was set to 2. Each PBiLSTM layer had 512
hidden units. Dropout [21] with probability of 0.2 was used at
all BiLSTM layers for regularization.

We performed two stages of training to jointly optimize
speaker encoder and conversion model: pre-training and fine-
tuning. The pre-training was done on our internal English cor-
pus which contained 130 hours utterances of 13 speakers. The
conversion model and speaker encoder were optimized with
Adam optimizer [22] with batch size 20. The learning rate was
0.001 for the first 40,000 iterations. After 40,000 iterations,
it was exponentially decayed by 0.7 for every 5,000 iterations.
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Figure 3: Scatter plot matching naturalness of Japanese listen-
ers and English listeners for task 2 of VCC 2020.

The fine-tuning process was done on data of each target speaker,
with batch size 8. The learning rate was initialized as 0.0005
and halved every 50 iterations. The pre-training was iterated
for 70,000 steps and the fine-tuning was iterated for 500 steps.

WaveNet with a structure of 32 dilated convolution layers
was adopted to model 24kHz/16bit waveform. All the layers
were grouped into 4 dilation cycles, i.e., the dilation rate of layer
k (k = 0,1,...,31) was 2k mod 8 . The filter width was 3. The
lower bound variance was set to -10 (in log scale). For multi-
speaker WaveNet training, we used an internal dataset including
45 speakers. The total amount of pre-training data was about
200 hours. All WaveNets were optimized with Adam optimizer.

To evaluate the performance of our proposed method, three
systems were constructed using the task1 dataset of VCC 2020:

• baseline: The N10 system in VCC 18.

• proposed: The proposed method in this paper except that
duration adjustment was not used.

• proposed+DA: The proposed method in this paper with
duration adjustment.

5. Results
5.1. Comparison with baseline

We first compared our proposed method without duration ad-
justment to the baseline system. We conducted subjective lis-
tening tests in terms of both naturalness and similarity. 40 utter-
ances including all conversion pairs (F-F, F-M, M-F and M-M)
were randomly selected for evaluation. We used Amazon Me-
chanical Turk platform and 36 English listeners were involved
in our experiments. They were required to use headphone dur-
ing test and the test samples were presented in random order.
Every listener was asked to give a 5-scale opinion score on
both naturalness and similarity of each sample. And natural
speeches from target speaker were offered for reference. The
results of mean opinion score are demonstrated in Table 1. We
can observe from the table that our proposed method obtain both
higher naturalness and similarity than the baseline.

5.2. Performance of using duration adjustment

To evaluate the effectiveness of duration adjustment, a sub-
jective listening test was conducted to compare the proposed
method with and without duration adjustment. 48 English lis-
teners participated in this listening test. The total number of

Figure 4: Scatter plot matching similarity of Japanese listeners
and English listeners for task 2 of VCC 2020.

utterances for evaluation was 30. The results in Table 2 demon-
strate that by using duration adjustment, both naturalness and
similarity are improved.

5.3. VCC 2020 official results for cross-lingual VC task1

To evaluate the performance of our proposed method for cross-
lingual VC, a developed system with duration adjustment was
submitted for the task 2 of VCC 2020. Our system is denoted
as T10. The subjective listening tests were conducted on 206
Japanese listeners and 68 English listeners respectively. The
naturalness results are presented in Figure 3 . It shows that
our proposed method achieves the best naturalness among all
the participants for both Japanese and English listeners. As for
similarity results presented in Figure 4, our method achieves the
best performance for Japanese listeners and comparable perfor-
mance to the best system for English listeners. It proves that
our method can obtain state-of-the-art naturalness and similar-
ity results for cross-lingual VC as well.

6. Conclusion
In this paper, a non-parallel voice conversion method with au-
toregressive modeling and duration adjustment is proposed to
enhance modeling capability for both acoustic model and neu-
ral vocoder. We utilize a well-trained ASR model to extract
speaker-independent content-related features. An autoregres-
sive conversion model transforms the content-related feature
with the speaker code into the acoustic feature. An improved
WaveNet vocoder generates the waveform with the acoustic fea-
ture as conditions. Besides, a duration adjustment strategy is
used to compensate the speech rate difference between source
and target speakers. Experimental results show that our pro-
posed method outperforms the best system in VCC 18. Official
results of VCC 2020 show that our method achieves state-of-
the-art cross-lingual voice conversion performance in both nat-
uralness and similarity.

1This approach was also used to construct conversion systems for
SEM1-TEM1 and SEM1-TEM2 in task1. For conversion pairs of SEF1-
TGM1, SEM1-TGM1 and SEM2-TGM1 in task2, logF0s of source
speaker were linearly converted and fed into conversion model since
we found naturalness could be further improved for these systems ac-
cording to our internal experiments.
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