Interspeech 2024
1-5 September 2024, Kos, Greece

Pre-training Neural Transducer-based Streaming Voice Conversion
for Faster Convergence and Alignment-free Training

Hiroki Kanagawa, Takafumi Moriya, Yusuke ljima

NTT Corporation, Japan

hiroki.kanagawa@ntt.com

Abstract

Seq2seq-based voice conversion (seq2seq VC) can model with-
out pre-aligning speech lengths, but non-monotonic attention
matrices may cause unnatural VC. The VC-T, a streaming
VC based on neural transducer, ensures monotonic alignments,
outperforming seq2seq VC. However, VC-T demands guiding
alignments and time-consuming training due to tensor compu-
tations. The guiding alignments are generated from manually
annotated phoneme labels with labor-intensive efforts, and they
are essential for eliminating improbable paths, thus stabilizing
VC-T training. This work proposes a two-stage VC-T train-
ing pipeline for fast convergence: 1) VC-T pre-training to learn
probable paths, which form a matrix, optimized by L1 loss, 2)
Fine-tuning refines the pre-trained VC-T, outputting a probable
tensor from the start. This enables VC-T training without the
guiding alignment. Experiments show our pipeline achieves su-
perior streaming VC while significantly reducing training time
compared to conventional VC-T.

Index Terms: streaming voice conversion, neural transducer,
pre-training

1. Introduction

Voice conversion (VC) is a technique that modifies the speaker
characteristics from a source speaker to a target speaker while
preserving the linguistic content. Recent neural network based
approaches can be categorized into non-parallel and parallel
VCs. Non-parallel VC methods enable learning without par-
allel data between the source and target speakers. Most of these
approaches separate the input speech into content and speaker
information, training to reconstruct the input speech from these
separated components [1-9]. However, since the reconstruction
loss is calculated from the input and predicted speech of the
same length, this makes VC challenging for speaking rate con-
version, which is an important factor of speaker characteristics.
An approach combining automatic speech recognition (ASR)
and text-to-speech (TTS) enables speaking rate conversion but
requires audio/text pairs for training [10]. Therefore, our focus
is on parallel VC, which can easily convert speaking rates and
can also be learned using only audio data.

Parallel VC provides more stable training with less data
compared to non-parallel VC because it utilizes the same speech
content for training between the source and target speakers.
Early approaches using dynamic time warping (DTW) for frame
alignment removed duration information, making speaking rate
conversion impossible, similar to many non-parallel VC meth-
ods [11-14]. In contrast, modern sequence-to-sequence VC
models that employ an attention-based encoder-decoder archi-
tecture account for differences in both duration and spectral
characteristics [15-17]. Since these approaches are independent
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of DTW, they enable voice conversion with modified speaking
rates. However, if monotonic attention is not achieved, the re-
sulting VC may contain speech drops and repetitions, leading to
unnatural conversion. This issue is especially acute for stream-
ing operations, since future contexts are not available.

To overcome this drawback of seq2seq VC, VC-T [18] in-
troduced a neural transducer (RNNT) [19] into VC framework.
RNNT is ideal for streaming ASR [20] and TTS [21, 22], as
it guarantees the monotonic alignment generation. The VC-T
offers enhanced naturalness compared to conventional seq2seq
VC while preserving linguistic content, thanks to the robust
alignment prediction of RNNT. However, its training demands
a substantial amount of memory because it involves a three-
dimensional tensor, whereas seq2seq VC training uses a two-
dimensional matrix. This requires time-consuming operations
during training and makes VC-T difficult to handle. Moreover,
stable VC-T training heavily depends on guiding alignments,
which are generated from manually annotated phoneme labels
with laborious efforts, to avoid improbable paths.

To address these issues, we propose the pre-training ap-
proach for VC-T. This approach 1) ensures faster convergence,
and 2) enables alignment-free training. This idea stems from
SimpleFlat [23], which pre-trains all model parameters us-
ing frame-level cross-entropy loss. Our proposed method first
aligns the source and target speech sequences to have the same
length using DTW. Since the input and output lengths match,
the VC-T outputs during pre-training form a 2D matrix. This al-
lows pre-training all VC-T parameters faster using frame-level
L1 loss, thanks to reduced memory demands. Then, we finetune
the pre-trained VC-T model with the modified VC-T loss, using
only unaligned speech spectra. At the start of fine-tuning, the
pre-trained model can transduce the alignments between speak-
ers. Thus, this step does not require labor-intensive alignment
data. Moreover, our pre-trained VC-T converges much faster
than training a VC-T from scratch. On one-to-one VC tasks, the
most basic setup of parallel VC, our fine-tuned streaming VC-T
initialized by the proposed pre-training, outperforms conven-
tional seq2seq VC and the original VC-T by both objective and
subjective measures. Surprisingly, this improvement required
only one-tenth of the original training steps’.

2. VC-T: Voice conversion based on RNNT

Figure 1 is a schematic diagram of VC-T [18] training. The
VC-T model is composed of the source and target speaker’s
speech encoders, and the joiner. The source and target speaker’s
speech encoders convert the source and target speaker’s speech
into their respective hidden representations. These are then fed

'Sample audios are available here:
https://hkanagawa.github.io/interspeech2024vct-pt/
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Figure 1: Overview of VC-T.

to the joiner, which outputs [y, ¢¢,.]: the predictions of the
spectrum, Yz ., and its transition probability, ¢ .. Note that
¢, 18 pre-activated by a sigmoid function. The forward vari-
able a,,, for VC-T loss is calculated as follows;

(€]

where 1" and U are the frame lengths of the source spectra X &

RT*P and target spectra Y € RY*P | respectively. ¢ and u
indicate the respective indices. Thus, the VC-T loss is given by:

Aty = atfl,ud)tfl,u + Qg y—1 (1 - (z)t,ufl) B

T U
Lyer =Y > T{(t,u) € T} aru (1= ¢tu) [Yut1 — t,ul,
t=1u=1
2)

where y, 11 € R is the u 4 1-th frame of target speaker’s
spectrum. §:., € R is the t-th and u-th predicted spectrum.
To stabilize training, we omit improbable paths using an indica-
tor function, IT{(¢,u) € 7}, to identify whether the index (¢, u)
is within the guiding alignment with bandwidth 7. The actual
guiding alignment (7 = 0) is depicted in Fig. 3 (a).

The guiding alignment helps with VC-T training, and VC-T
consistently generates monotonic alignment, resulting in natu-
ral VC [18]. However, the joiner’s output Y € RT*Ux(D+1)
forms a three-dimensional tensor, resulting in severe memory
consumption during training. This is due to the different lengths
of the source and target audio. Moreover, while I{(¢,u) € 7}
is generated from the guiding alignment, its generation requires
laboriously annotated phoneme labels.

3. Proposed VC-T training pipeline

In this section, we first explain our pre-training proposal
for faster convergence, followed by the proposed guiding
alignment-free fine-tuning. Then, we also introduce a multi-
frame prediction scheme for faster training and accurate predic-
tion.

3.1. Pre-training step for VC-T

VC-T requires simultaneous learning of spectra and alignments,
which increases the training difficulty resulting in more train-
ing steps being needed steps for the convergence. To ad-
dress these concerns, we propose VC-T pre-training, inspired
by Simpleflat [23], for the ASR task. Simpleflat performs en-
tire RNNT network pre-training, and its parameters are opti-
mized with cross-entropy loss using the RNNT’s predictions
and coarse frame-level alignments, which represent the pre-
aligned sequence lengths of input and output. This yields better
initialization than a random approach and results in improved
ASR performance. In this work, we modified Simpleflat for
VC-T.

Figure 2 overviews our pre-training proposal for VC-T. We
align the input and output spectra using DTW based on their
spectral similarity to ensure they have the same length, resulting
in X°en ¢ RU'XP and Ylien ¢ RY'*P, where U’ is the
aligned spectrum frame length. Thus, the VC-T joiner output
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Figure 2: Overview of the proposed pre-training phase for VC-
T
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Figure 3: The actual alignments of (a) ground-truth guiding
alignment, (b), and (c) obtained from VC-T with random ini-
tialization or pre-trained parameters, respectively. Note that
(b) and (c) illustrate the magnitudes of |Yu+1 — Yt,u| before
training with each VC-T loss (i.e., the 0-th epoch).

forms a two-dimensional matrix, Y *!i&" ¢ RV xD , during pre-
training, which allows us to optimize it using a simple L1 loss
as follows:

U/
_ z : align ~align
»Cpt - yu/ — Yy ) (3)
u/=1
N i . -
where y*/®" and §%®" are u'-th spectra of Y"*&" and Y *!'&",

respectively. This pre-training ensures that VC-T can output a
better spectral prediction at the start of fine-tuning phase, lead-
ing to faster convergence and easing training complexity.

In Figs. 3 (b) and (c), we show the magnitudes of
|Yu+1 — Yt,u| obtained from VC-T’s output with either ran-
dom initialization or pre-trained parameters, respectively. Fig-
ure 3 (b) reveals an alignment resulting for randomly initialized
parameters, indicating the absence of any meaningful path of at
this stage. Consequently, original VC-T training requires addi-
tional assistance, i.e., the guiding alignment shown in Fig. 3 (a),
to establish a probable path. In contrast, when employing
pre-trained VC-T models, the resulting alignment can effec-
tively capture the probable path, appearing as a diagonal line
in Fig. 3 (c). Each dense square on the grid in Fig. 3 (c) rep-
resents the pause interval. As we can see, the diagonal line
closely follows the guiding alignment in Fig. 3 (a), highlighting
the effectiveness of our proposed pre-training. Importantly, our
pre-training method does not rely on explicit guidance, such as
manually annotated phoneme labels.

3.2. Fine-tuning phase for pre-trained VC-T

We also introduce an enhanced VC-T loss that does not require
the guiding alignment. The fine-tuning phase adopts the pre-
trained VC-T (in §3.1) as the initialized parameters and opti-
mizes it with a modified VC-T loss, similar to Eq. (2) using the
unaligned spectra, i.e., X and Y. The modified VC-T loss is
defined as follows;

T U
Elvc.T = Z Z at,u (1 - d)t,u) ‘yu+1 - Qt,u|~ (4)

t=1u=1

Equation (2) needs I{(¢,u) € 7} which makes VC-T train-
ing more complicated due to the use of manually annotated



phoneme labels. On the other hand, as we can see, Eq. (4) elim-
inates the term I{(¢,u) € 7}, and thus it is obviously much
simpler than original VC-T training.

3.3. Multi-frame prediction

Beside pre-training, we further reduce computational complex-
ity by introducing multiple frame prediction into VC-T, which
has traditionally involved in conventional acoustic modeling
[15,24,25]. The reason is that shorter series make the mapping
problem easier.

Multi-frame prediction concatenates the source and target

speakers’ spectra every N frames, yielding X’ € RN *ND for
the source and Y’ € R¥ NP for the target speaker. Thus, the

VC-T output forms Y’ € R~ X% *NP_ This results in a sig-
nificantly reduced trellis size, which is approximately ﬁ times
smaller. Shorter series do not always make the mapping prob-
lem easier, and thus the tuning N involves a trade-off. In this
paper, we investigate the effectiveness of multi-frame prediction
for VC-T.

4. Experiments
4.1. Setup

For training VC models, we used multi-speaker speech data
from three professional Japanese narrators, one male and two
females. The sampling rate was 22.05 kHz. Each speaker had
1000 parallel utterances, forty were used as the evaluation set
(about 3.3 minutes) and the rest as the training data (about 2.9
hours). We used a 80-dimensional log mel-spectrograms as the
acoustic features. The analysis frame shift was 12.5 ms. Note
that these are exactly same setups as used in [18].

All evaluations were conducted only with streaming VC,
since [18] mentioned that streaming VC-T performs compara-
ble to its offline one. Three types of one-to-one VC models were
trained for each method: homo-gender conversion (F2—F1),
hetero-gender ones (M—F1, and F1—+M). As the conventional
seq2seq VC, we used ConvS2S-VC [16] with convolutional
gated linear units with residual connections (ConvGLU) [26].
To run this in streaming mode, the source and target speaker’s
speech encoders and decoders were built using six causal Con-
vGLU blocks with 256 channels. We configured VC-T, the
source and target speakers’ encoders, with the same number of
ConvGLUs channels. Its joiner has three blocks consisting of a
linear layer and layer normalization with 256 hidden units and
ReLU. These VC models have approximately the same number
of model parameters 12.4 and 10.7 million, respectively. For the
indicator design of Eq. (2) described in § 2, the guiding align-
ment derived from the manually annotated phoneme labels was
used and 7 was set to 1. All of these VC models were optimized
in 1000k steps with a batch size of 32 by Adam [27] with a fixed
learning rate of 1 x 10~* using an Intel Xeon Gold 6338 CPU
2.0GHz, and NVIDIA Tesla A100 GPU 80GB. For waveform
generation, the speaker-independent HiFi-GAN (v1) [28] was
used. We trained it in 1500k steps with the same optimizer setup
as VC models, using data from our 1,050 in-house Japanese
speakers (about 312.9 hours), including VC training data.

For objective evaluations, we used word error rate (WER),
mel-cepstrum distortion (MCD), and FO root mean square error
(RMSE) to cover the three aspects of reproduction, linguistic
content, spectral, and prosodic, respectively. WER was cal-
culated for the recognition hypothesises obtained from Whis-
per (large) [29]. MCD was obtained by converting the mel-
spectrogram from VC into a 40-dimensional mel-cepstrum and
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Table 1: Elapsed time to train Original VC-T for 500k steps and
WERs of each VC output obtained from all evaluation data. N
denotes the number of multi-frame predictions. The numbers in
parentheses represent the processing time per 1k steps.

No. of multi-frame N | Elappsed time for 500k steps [day] | WER [%]
1 99.1 (287.8 min. / k steps) 214
2 44.1 (126.9 min. / k steps) 18.6
4 24.9 (71.6 min. / k steps) 17.8
6 17.9 (51.7 min. / k steps) 30.7

—8— WER [%]
--@--MCD [dB]

0

52
50 100 500 1000

Pre-training steps [k step]
Figure 4: WERs and MCDs of our pre-trained VC-T for each
pre-training step.

then aligning the sequence length with that of the target speaker
natural speech by DTW. For the FO RMSE calculation, we first
extracted the FO from the converted speech using the Swipe al-
gorithm [30]. Then, after aligning it with the target speaker’s
extracted FO using the DTW paths from the MCD calculation,
the RMSE across both voiced segments was calculated.

4.2. Parametric study of multi-frame predictions

First, we investigate the best hyperparameter, /N, for multi-
frame prediction. Table 1 shows WER variation of each VC-
T model with N = 1,2,4,6 and its elapsed time. As we can
see, the training time for 500k steps becomes shorter as IV is in-
creased. However, WERs improved up to N = 4 but worsened
markedly at N = 6. Thus, it is evident that simply increas-
ing N is not an appropriate approach. In this work, four-frame
concatenation, denoted as VC-T with N = 4, achieved the best
WER, indicating that this configuration preserves linguistic in-
formation most effectively. Actually, by setting N = 4 to re-
duce memory usage, we could update the model every four ac-
cumulations, calculating gradients with eight utterances in each
batch of 32. Then, the training time for 500k steps was re-
duced from the original 24.9 days to just 6.2 days. Hereafter,
we adopted N = 4 for all VC-T models.

4.3. Effectiveness of our proposed VC-T pre-training

We evaluated the performance of the pre-trained VC-T without
fine-tuning. The transition probability within VC-T output was
not trained during pre-training, but it is assumed that the source
and target speakers have the same speaking rate. Therefore, for
inference we estimated the target speaker’s spectrum from the
VC with the source spectrum input that was forced to transi-
tion by sequentially incrementing both frame indices, ¢ and .
Figure 4 depicts the WERs and MCDs of the pre-trained VC-T
models at each pre-training step. We can see that both WERs
and MCDs improved as the pre-training progressed. In partic-
ular, the performance of the pre-trained VC-T, even with only
1.7 days of pre-training for the 500k steps, achieved competi-
tive results comparable to the VC-T model trained from scratch
using the original VC-T loss equation (Eq. (2)). This impressive
result was achieved while significantly reducing the training
time from the 6.2 days discussed in §4.2 to only 1.7 days (3.6x
faster). We emphasize that our pre-trained VC-T was not fine-
tuned and did not use the manually annotated phoneme labels,
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Figure 5: WER, and MCD, and FO RMSE comparison with that
of CONVS2S-VC for each VC-T training step. The WERs are
calculated not only for the VC methods, but also for the original
speech (GT) and the analytic re-synthesized one by HiFi-GAN
(RESYN).

which are needed for guiding alignment creation. For the sub-
sequent experiments, we used the 1000k-step pre-trained VC-T,
which took 3.4 days to train.

4.4. Overall objective evaluations

We evaluated each method via multiple objective metrics. All
compared methods were streaming VCs: CONVS2S-VC, the
original VC-T (ORIGINAL VC-T), pre-trained VC-T described
in § 43 (VC-T pT), VC-T using VC-T PT as initial model
(VC-T FT W/ ALI), and also its variant without guiding align-
ment (VC-T FT W/0 ALI)?. Only the results for 1000k steps are
shown for CONVS2S-VC and VC-T PT . The other VC-Ts pro-
vided results for each training step to confirm the effectiveness
of our proposed pre-training. Note that WERs are calculated not
only for the speech converted by VC, but also for the original
speech (GT) and the analytic re-synthesized one by HiFi-GAN
(RESYN) so as to understand the upper limit performance of the
ASR model used.

Figure 5 displays objective evaluation metrics for VC-T at
various steps. ORIGINAL VC-T improved in all metrics as steps
increase but took 500k steps to surpass CONVS2S-VC’s WER.
VC-T PT and 50k steps of VC-T FT W/ ALI and VC-T FT
W/0 ALI surpass both in WER and MCD. In terms of these
metrics, VC-T FT W/ ALI and VC-T FT W/O ALI stabilized
around 100k and 500k steps, respectively, indicating effective
initial values from our pre-training (VC-T PT). While VC-T FT
W/ ALI converged to ORIGINAL VC-T’s WER, VC-T FT w/0
ALI outperformed all VCs in terms of WER. This indicates that
our pre-training helps train VC-T even without guiding align-
ment. While guiding alignment enhanced training stability, it
assumed a diagonal mapping between source and target speaker
phonemes, acting as a constraint on finding the best paths. Thus,
VC-T FT W/ ALI doesn’t guarantee optimal alignment. The FO
RMSE of VC-T PT is less favorable, likely due to non-trainable
alignments via external DTWs, negatively impacting FO predic-
tion. However, alignment-trainable VCs (all except VC-T PT)
performed well.

4.5. Subjective evaluations

We subjectively evaluated the naturalness of the converted
speech, including RESYN, using a mean opinion score (MOS)
on a five-point scale from 5: very natural to 1: very unnatural.
The speaker similarity of converted speech to that of the target
speaker was also compared to that of ground truth using degra-
dation MOS (DMOS) on a five-point scale from 5: very similar
to 1: very dissimilar. Fifteen listeners participated in these tests,

2Training original VC-T without guiding alignment resulted in gra-
dient vanishing and learning failure.
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Figure 6: Subjective evaluation results.

with six randomly chosen utterances for each VC’s gender set-
ting, resulting in 162 utterances for naturalness evaluation and
144 for speaker similarity one across all methods. The com-
parison methods are the same as for § 4.4. With the exception
of VC-T pPT, we prepared two variations of VC-T with 100k-
and 1000k-steps to demonstrate the convergence speed of our
proposed method.

Figure 6 (a) presents the naturalness scores, with the aver-
age scores shown due to space constraints. All of VCs scored
lower in naturalness compared to RESYN because the predicted
spectrum degraded from the extracted one. ORIGINAL VC-T
100K scored worse than CONVS2S-VC, but its 1000k-step ver-
sion (ORIGINAL VC-T 1000K) outperformed it. This improve-
ment is attributed to VC-T’s ability to refine alignments and
spectra with training progress, as seen in § 4.4. VC-T PT per-
formed better than CONVS2S-VC or ORIGINAL VC-T 100K
but worse than ORIGINAL VC-T 1000K. This is because VC-
T PT was affected by DTW errors, resulting in unnatural spec-
tra. VC-T FT W/ ALI 100K achieved comparable naturalness to
ORIGINAL VC-T 1000k with fewer training steps, revealing
the effectiveness of our proposed pre-training. VC-T FT W/0
ALI 100K significantly outperformed them even without guid-
ing alignments. We argue that this model only took a total of 4.8
days (3.4+1.4 days for 1000k-steps pre-training and 100k-steps
fine-tuning), whereas ORIGINAL VC-T 1000K took 14.4 days
(three times faster). Furthermore, VC-T FT W/0O ALI 1000K
achieved the best naturalness among all VC models. This recon-
firms that guiding alignment aids training stability but doesn’t
necessarily yield optimal alignment, as discussed in § 4.4.

Figure 6 (b) presents the speaker similarity scores. The
same tendency as naturalness was observed again demonstrat-
ing that 1) our pre-training gives better performance and 2)
guiding alignment is not necessary in the fine-tuning phase.

5. Conclusion

This paper proposed a novel training pipeline, combining pre-
training and fine-tuning, resulting in a faster-converging and
higher-performing VC-T without requiring guiding alignment.
Applying this approach to streaming VC-T produces commend-
able WERs and MCDs with significantly fewer training steps.
Objective and subjective evaluations showed our finetuned VC-
T outperforms models trained from scratch with just one-tenth
of the training steps. Notably, our approach enabled VC-T to
1) reduce training time and 2) eliminate need for guiding align-
ments.
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