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ABSTRACT

Voice conversion is a common speech synthesis task which can be solved in differ-
ent ways depending on a particular real-world scenario. The most challenging one
often referred to as one-shot many-to-many voice conversion consists in copying
target voice from only one reference utterance in the most general case when
both source and target speakers do not belong to the training dataset. We present
a scalable high-quality solution based on diffusion probabilistic modeling and
demonstrate its superior quality compared to state-of-the-art one-shot voice con-
version approaches. Moreover, focusing on real-time applications, we investigate
general principles which can make diffusion models faster while keeping synthesis
quality at a high level. As a result, we develop a novel Stochastic Differential
Equations solver suitable for various diffusion model types and generative tasks as
shown through empirical studies and justify it by theoretical analysis.

1 INTRODUCTION

Voice conversion (VC) is the task of copying the target speaker’s voice while preserving the linguistic
content of the utterance pronounced by the source speaker. Practical VC applications often require a
model which is able to operate in one-shot mode (i.e. when only one reference utterance is provided
to copy the target speaker’s voice) for any source and target speakers. Such models are usually
referred to as one-shot many-to-many models (or sometimes zero-shot many-to-many models, or just
any-to-any VC models). It is challenging to build such a model since it should be able to adapt to a
new unseen voice having only one spoken utterance pronounced with it, so it was not until recently
that successful one-shot VC solutions started to appear.

Conventional one-shot VC models are designed as autoencoders whose latent space ideally contains
only the linguistic content of the encoded utterance while target voice identity information (usually
taking shape of speaker embedding) is fed to the decoder as conditioning. Whereas in the pioneering
AutoVC model (Qian et al.,|2019) only speaker embedding from the pre-trained speaker verification
network was used as conditioning, several other models improved on AutoVC enriching conditioning
with phonetic features such as pitch and loudness (Qian et al.,[2020; Nercessian,, [2020), or training
voice conversion and speaker embedding networks jointly (Chou & Leel [2019). Also, several papers
(Lin et al.l 2021} [Ishihara & Saito, [2020; [Liu et al., |2021b) made use of attention mechanism to
better fuse specific features of the reference utterance into the source utterance thus improving the
decoder performance. Apart from providing the decoder with sufficiently rich information, one of the
main problems autoencoder VC models face is to disentangle source speaker identity from speech
content in the encoder. Some models (Qian et al., 2019} |2020; Nercessian, [2020) solve this problem
by introducing an information bottleneck. Among other popular solutions of the disentanglement
problem one can mention applying vector quantization technique to the content information (Wu
et al., [2020; [Wang et al., 2021), utilizing features of Variational AutoEncoders (Luong & Tran, [2021;
Saito et al.l 2018;|Chou & Leel 2019), introducing instance normalization layers (Chou & Lee}, 2019
Chen et al.l 2021b)), and using Phonetic Posteriorgrams (PPGs) (Nercessian, 2020; |Liu et al.| [2021b)).
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The model we propose in this paper solves the disentanglement problem by employing the encoder
predicting “average voice”: it is trained to transform mel features corresponding to each phoneme
into mel features corresponding to this phoneme averaged across a large multi-speaker dataset. As for
decoder, in our VC model, it is designed as a part of a Diffusion Probabilistic Model (DPM) since this
class of generative models has shown very good results in speech-related tasks like raw waveform
generation (Chen et al.l 2021a; [Kong et al., 2021) and mel feature generation (Popov et al.l 2021}
Jeong et al} 2021). However, this decoder choice poses a problem of slow inference because DPM
forward pass scheme is iterative and to obtain high-quality results it is typically necessary to run it for
hundreds of iterations (Ho et al., 2020} Nichol & Dhariwall, 2021)). Addressing this issue, we develop
a novel inference scheme that significantly reduces the number of iterations sufficient to produce
samples of decent quality and does not require model re-training. Although several attempts have
been recently made to reduce the number of DPM inference steps (Song et al.,2021a}; [San-Roman|
et all, 202T} Watson et all, 2021 [Kong & Ping}, 2021} [Chen et al.} 202 1al), most of them apply to some
particular types of DPMs. In contrast, our approach generalizes to all popular kinds of DPMs and has
a strong connection with likelihood maximization.

This paper has the following structure: in Section 2] we present a one-shot many-to-many VC model
and describe DPM it relies on; Section [3]introduces a novel DPM sampling scheme and establishes
its connection with likelihood maximization; the experiments regarding voice conversion task as well
as those demonstrating the benefits of the proposed sampling scheme are described in Section i} we
conclude in Section[3

2  VOICE CONVERSION DIFFUSION MODEL

As with many other VC models, the one we propose belongs to the family of autoencoders. In fact,
any conditional DPM with data-dependent prior (i.e. terminal distribution of forward diffusion)
can be seen as such: forward diffusion gradually adding Gaussian noise to data can be regarded as
encoder while reverse diffusion trying to remove this noise acts as a decoder. DPMs are trained to
minimize the distance (expressed in different terms for different model types) between the trajectories
of forward and reverse diffusion processes thus, speaking from the perspective of autoencoders,
minimizing reconstruction error. Data-dependent priors have been proposed by [Popov et al.| (2021)
and [Lee et al| (2021), and we follow the former paper due to the flexibility of the continuous DPM
framework used there. Our approach is summarized in Figure([T}

Decoder = ML SDE Solver X - stop gradient
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Figure 1: VC model training and inference. Y stands for the training mel-spectrogram at training
and the target mel-spectrogram at inference. Speaker conditioning in the decoder is enabled by the
speaker conditioning network g;(Y") where Y = {Y; },¢[0,1] is the whole forward diffusion trajectory
starting at Y. Dotted arrows denote operations performed only at training.
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2.1 ENCODER

We choose average phoneme-level mel features as speaker-independent speech representation. To
train the encoder to convert input mel-spectrograms into those of “average voice”, we take three steps:
(1) first, we apply Montreal Forced Aligner (McAuliffe et al.,|2017) to a large-scale multi-speaker
LibriTTS dataset (Zen et al., [2019) to align speech frames with phonemes; (ii) next, we obtain
average mel features for each particular phoneme by aggregating its mel features across the whole
LibriTTS dataset; (iii) the encoder is then trained to minimize mean square error between output
mel-spectrograms and ground truth “average voice” mel-spectrograms (i.e. input mel-spectrograms
where each phoneme mel feature is replaced with the average one calculated on the previous step).

The encoder has exactly the same Transformer-based architecture used in Grad-TTS (Popov et al.,
2021)) except that its inputs are mel features rather than character or phoneme embeddings. Note that
unlike Grad-TTS the encoder is trained separately from the decoder described in the next section.

2.2 DECODER

Whereas the encoder parameterizes the terminal distribution of the forward diffusion (i.e. the prior),
the reverse diffusion is parameterized with the decoder. Following [Song et al.|(2021c) we use 1to
calculus and define diffusions in terms of stochastic processes rather than discrete-time Markov
chains.

The general DPM framework we utilize consists of forward and reverse diffusions given by the
following Stochastic Differential Equations (SDEs):

AX, = LBi(X — Xo)dt +/BdTT, (1)
N 1 - N ~ _
dX, = (2()( — X)) —sp(X, X, t)) Bedt + \/Edﬁi , )

— . . . . . .
where t € [0, 1], W and \7/ are two independent Wiener processes in R", 3; is non-negative function
referred to as noise schedule, sy is the score function with parameters € and X is n-dimensional
vector. It can be shown (Popov et al.|[2021) that the forward SDE @ allows for explicit solution:

Law(X,|Xo) = N (e*% Jo Bsds x4 (1 el ﬁst) X, (1 —e I MS) I) 0

where Iis n x n identity matrix. Thus, if noise follows linear schedule 8; = Sy + t(81 — Bo) for By

and B such that e~ Jo =45 s close to zero, then Law (X1) is close to (X, I) which is the prior in
this DPM. The reverse diffusion (2)) is trained by minimizing weighted Lo loss:

1

0" =argmin L£(0) = argmin/ MEx, x, |[s0(Xe, X, t) — Viog pyo(Xe| Xo)I3dt, ()
0 0 0

where py|o(X;|Xo) is the probability density function (pdf) of the conditional distribution (3)) and

NM=1—¢" Jo Bsds The distribution is Gaussian, so we have

X — Xoefé Jo Bsds _ X(1 - e~3 ks ﬁsds)

Vlogpt|0(Xt|X0) = 1 " [P Bads
— e JoBs

®)

At training, time variable ¢ is sampled uniformly from [0, 1], noisy samples X are generated according
to the formula (3) and the formula (3)) is used to calculate loss function £ on these samples. Note
that X; can be sampled without the necessity to calculate intermediate values { X }o<s<+ which
makes optimization task (@) time and memory efficient. A well-trained reverse diffusion (2)) has
trajectories that are close to those of the forward diffusion (TJ), so generating data with this DPM can

be performed by sampling X from the prior A"(X, 1) and solving SDE H backwards in time.
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The described above DPM was introduced by [Popov et al.| (2021) for text-to-speech task and we
adapt it for our purposes. We put X = (X() where ¢ is the encoder, i.e. X is the “average voice”
mel-spectrogram which we want to transform into that of the target voice. We condition the decoder
Sp = se(f(t, X, g+(Y),t) on some trainable function g;(Y") to provide it with information about the
target speaker (Y stands for forward trajectories of the target mel-spectrogram at inference and the
ones of the training mel-spectrogram at training). This function is a neural network trained jointly
with the decoder. We experimented with three input types for this network:

* d-only — the input is the speaker embedding extracted from the target mel-spectrogram Y
with the pre-trained speaker verification network employed in (Jia et al., 2018));

* wodyn — in addition, the noisy target mel-spectrogram Y; is used as input;

* whole — in addition, the whole dynamics of the target mel-spectrogram under forward
diffusion {Y;|s = 0.5/15,1.5/15,..,14.5/15} is used as input.

The decoder architecture is based on U-Net (Ronneberger et al.,[2015) and is the same as in Grad-
TTS but with four times more channels to better capture the whole range of human voices. The
speaker conditioning network g;(Y") is composed of 2D convolutions and MLPs and described in
detail in Appendix [H] Its output is 128-dimensional vector which is broadcast-concatenated to the

concatenation of X; and X as additional 128 channels.

2.3 RELATED VC MODELS

To the best of our knowledge, there exist two diffusion-based voice conversion models: VoiceGrad
(Kameoka et al., 2020) and DiffSVC (Liu et al., 2021a). The one we propose differs from them
in several important aspects. First, neither of the mentioned papers considers a one-shot many-to-
many voice conversion scenario. Next, these models take no less than 100 reverse diffusion steps at
inference while we pay special attention to reducing the number of iterations (see Section[3) achieving
good quality with as few as 6 iterations. Furthermore, VoiceGrad performs voice conversion by
running Langevin dynamics starting from the source mel-spectrogram, thus implicitly assuming that
forward diffusion trajectories starting from the mel-spectrogram we want to synthesize are likely
to pass through the neighborhood of the source mel-spectrogram on their way to Gaussian noise.
Such an assumption allowing to have only one network instead of encoder-decoder architecture is
too strong and hardly holds for real voices. Finally, DiffSVC performs singing voice conversion and
relies on PPGs as speaker-independent speech representation.

3 MAXIMUM LIKELIHOOD SDE SOLVER

In this section, we develop a fixed-step first-order reverse SDE solver that maximizes the log-
likelihood of sample paths of the forward diffusion. This solver differs from general-purpose
Euler-Maruyama SDE solver (Kloeden & Platen, |1992) by infinitesimally small values which can
however become significant when we sample from diffusion model using a few iterations.

Consider the following forward and reverse SDEs defined in Euclidean space R™ for ¢ € [0, 1]:

dX, =~ . Xudt +/BudW, (F), dX, = (;ﬂt& - @se(fft,t)) dt +\/BdW, (R), (6)

where W is a forward Wiener process (i.e. its forward increments Wt — Wy are independent of Wy
fort > s) and W is a backward Wiener process (i.e. backward increments WS — Wt are independent

of Wt for s < t). Following |Song et al.| (2021c) we will call DPM (EI) Variance Preserving (VP).
For simplicity we will derive maximum likelihood solver for this particular type of diffusion models.
The equation (I) underlying VC diffusion model described in Section [2]can be transformed into the
equation (6}F) by a constant shift and we will call such diffusion models Mean Reverting Variance
Preserving (MR-VP). VP model analysis carried out in this section can be easily extended (see
Appendices D] [E]and [F) to MR-VP model as well as to other common diffusion model types such as
sub-VP and VE described by [Song et al.[(2021c).
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The forward SDE (6} F) allows for explicit solution:

1 t
La“W(Xt‘XS) = N(’VS,tha (1 - 752,15) I), Vs,t = €Xp <_2 / ﬁud’LL), (7N

forall 0 < s < t < 1. This formula is derived by means of It6 calculus in Appendix |Al The
reverse SDE (6}R) parameterized with a neural network sy is trained to approximate gradient of the
log-density of noisy data X;:

1
0" = argamin/ MEx, ||s9(X:,t) — Viog py(Xy)||3dt, (®)
0

where the expectation is taken with respect to noisy data distribution Law (X;) with pdf p:(-) and A,
is some positive weighting function. Note that certain Lipschitz constraints should be satisfied by
coefficients of SDEs () to guarantee existence of strong solutions (Liptser & Shiryaev, [1978)), and
throughout this section we assume these conditions are satisfied as well as those from (Anderson,
1982) which guarantee that paths X generated by the reverse SDE (EI-R) for the optimal 6* equal
forward SDE (6}F) paths X in distribution.

The generative procedure of a VP DPM consists in solving the reverse SDE (6}R) backwards in
time starting from X~ N (0,1). Common Euler-Maruyama solver introduces discretization error
(Kloeden & Platen, 1992) which may harm sample quality when the number of iterations is small. At
the same time, it is possible to design unbiased (Henry-Labordere et al.l 2017) or even exact (Beskos
& Roberts| |2005) numerical solvers for some particular SDE types. The Theorem 1| shows that in the
case of diffusion models we can make use of the forward diffusion (6}F) and propose a reverse SDE
solver which is better than the general-purpose Euler-Maruyama one in terms of likelihood.

The solver proposed in the Theorem|[I]is expressed in terms of the values defined as follows:

P 1-13, B 1—92, o= Yo.) (1 —72,) ©
st =VstT—5 > Vst =Vs7 5> Osi= )
’ - 73,t ’ 11— 702,15 ot 1- ’7871&
Vient(1 — 'Yg,t) pi—ne—1  L1+rg, 1
K;h :—h -1 W;h = A + 2 9
Y0,t 5 Bt =25, 2 (10)

" 1
(Ut,h)2 = Ut{h,t + th{h,tEXt [Tr (Var (Xo|X3))],

where n is data dimensionality, Var (Xo| X ) is the covariance matrix of the conditional data distri-
bution Law (X| X%) (so, Tr(Var (Xo| X)) is the overall variance across all n dimensions) and the
expectation E x, [] is taken with respect to the unconditional noisy data distribution Law (X}).

Theorem 1. Consider a DPM characterized by SDEs ([6) with reverse diffusion trained till optimality.
Let N € N be any natural number and h = 1/N. Consider the following class of fixed step size h
reverse SDE solvers parameterized with triplets of real numbers {(k¢ n, Ot n, 0¢,n)|t = h,2h, .., 1}:

Xi—p = X¢ + Bih ((2 + Wt,h) X+ 1+ Ht,h)se*(Xt,t)> + 0¢,1é1, (11)
where 0% is given by (§), t = 1,1 — h, .., h and & are i.i.d. samples from N'(0,1). Then:

(i) Log-likelihood of sample paths X = {X kh,}kN:() under generative model X is maximized
for fun = Ky @ = Wiy, and Gy = 07,

(ii) Assume that the SDE solver starts from random variable X1 ~ Law (X1). If Xo is a
constant or a Gaussian random variable with diagonal isotropic covariance matrix (i.e. 521

for 6 > 0), then generative model X is exact for k¢ p, = K, W.p = Wy, and 6y, = 0},
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Table 1: Input types for speaker conditioning g;(Y") compared in terms of speaker similarity.

Diff-LibriTTS Diff-VCTK
d-only | wodyn | whole | d-only | wodyn | whole
Most similar | 27.0% | 38.0% | 34.1% | 27.2% | 46.7% | 23.6%
Least similar | 28.9% | 29.3% | 38.5% | 25.3% | 23.9% | 48.6%

The Theorem [I] provides an improved DPM sampling scheme which comes at no additional compu-
tational cost compared to standard methods (except for data-dependent term in o* as discussed in
Section{.3) and requires neither model re-training nor extensive search on noise schedule space. The
proof of this theorem is given in Appendix |C| Note that it establishes optimality of the reverse SDE
solver with the parameters in terms of likelihood of discrete paths X = { X}, while
the optimality of continuous model (6{R) on continuous paths {X;},c[0,1) is guaranteed for a model
with parameters § = 6* as shown in (Song et al., 2021c).

The class of reverse SDE solvers considered in the Theorem [I]is rather broad: it is the class of all
fixed-step solvers whose increments at time ¢ are linear combination of X3, sg(X;, t) and Gaussian
noise with zero mean and diagonal isotropic covariance matrix. As a particular case it includes
Euler-Maruyama solver (i, = 0, &, = 0, 0,5, = +/f:h) and for fixed ¢ and b — 0 we have
Kkip = 0(1), wf, = o(1) and o7, = /Bih(1 + 6(1)) (the proof is given in Appendix , so the
optimal SDE solver significantly differs from general-purpose Euler-Maruyama solver only when
N is rather small or ¢ has the same order as h, i.e. on the final steps of DPM inference. Appendix
[G contains toy examples demonstrating the difference of the proposed optimal SDE solver and
Euler-Maruyama one depending on step size.

The result (ii) from the Theoremﬂ] strengthens the result (i) for some particular data distributions, but
it may seem useless since in practice data distribution is far from being constant or Gaussian. However,
in case of generation with strong conditioning (e.g. mel-spectrogram inversion) the assumptions
on the data distribution may become viable: in the limiting case when our model is conditioned on
¢ = (X)) for an injective function v, random variable X|c becomes a constant 1)~ (c).

4 EXPERIMENTS

We trained two groups of models: Diff~VCTK models on VCTK (Yamagishi et al., [2019) dataset
containing 109 speakers (9 speakers were held out for testing purposes) and Diff-LibriTTS models on
LibriTTS (Zen et al.| |2019) containing approximately 1100 speakers (10 speakers were held out). For
every model both encoder and decoder were trained on the same dataset. Training hyperparameters,
implementation and data processing details can be found in Appendix [Il For mel-spectrogram
inversion, we used the pre-trained universal HiFi-GAN vocoder (Kong et al., |2020) operating at
22.05kHz. All subjective human evaluation was carried out on Amazon Mechanical Turk (AMT)
with Master assessors to ensure the reliability of the obtained Mean Opinion Scores (MOS). In all
AMT tests we considered unseen-to-unseen conversion with 25 unseen (for both Diff-VCTK and
Diff-LibriTTS) speakers: 9 VCTK speakers, 10 LibriTTS speakers and 6 internal speakers. For
VCTK source speakers we also ensured that source phrases were unseen during training. We place
other details of listening AMT tests in Appendix[J] A small subset of speech samples used in them
is available at our demo page https://diffvc-fast-ml-solver.github. io/ which we
encourage to visit. The code will soon be published at https://github.com/huawei-noah/
Speech—-Backbones.

As for sampling, we considered the following class of reverse SDE solvers:

~ ~ 1 ~ _ ~ _
Xi—n =X+ Bih ((2 + (I)t,h) (Xe—X)+(1+ "%t,h)Se(Xt,X,gt(Y)»t)) + 6,06, (12)

where t = 1,1 — h,..,h and & are i.i.d. samples from N'(0,T). For At = ki), Wrn = W)y
and 6y, = o/, (Where ;. wy, and o/, are given by ) it becomes maximum likelihood
reverse SDE solver for MR-VP DPM (I}2) as shown in Appendix [D] In practice it is not trivial
to estimate variance of the conditional distribution Law (X¢|X¢), so we skipped this term in o7,


https://diffvc-fast-ml-solver.github.io
https://github.com/huawei-noah/Speech-Backbones
https://github.com/huawei-noah/Speech-Backbones

Published as a conference paper at ICLR 2022

Table 2: Subjective evaluation (MOS) of one-shot VC models trained on VCTK. Ground truth

recordings were evaluated only for VCTK speakers.

VCTK test (9 speakers, 54 pairs) | Whole test (25 speakers, 350 pairs)
Naturalness Similarity Naturalness Similarity

AGAIN-VC 1.98 £ 0.05 1.97 £0.08 1.87 £ 0.03 1.75£0.04
FragmentVC 2.20 £ 0.06 2.45+0.09 1.91£0.03 1.93 £0.04
VOMIVC 2.89 +0.06 2.60 +0.10 2.48 £0.04 1.95£0.04
Diff-VCTK-ML-6 3.73+£0.06 3.474+0.09 3.39+0.04 2.69+0.05
Diff-VCTK-ML-30 | 3.73 £0.06 3.57+0.09 3.444+0.04 2.71+0.05
Ground truth 4.55 +0.05 4.52 +£0.07 4.55 +0.05 4.52 £ 0.07

Table 3: Subjective evaluation (MOS) of one-shot VC models trained on large-scale datasets.

VCTK test (9 speakers, 54 pairs) | Whole test (25 speakers, 350 pairs)
Naturalness Similarity Naturalness Similarity
Diff-LibriTTS-EM-6 1.68 +0.06 1.53 £ 0.07 1.57+0.02 1.47+0.03
Diff-LibriTTS-PF-6 3.11 +£0.07 2568 £0.11 2.99 +£0.03 2.50 £0.04
Diff-LibriTTS-ML-6 3.84 £0.08 3.08£0.11 3.80+£0.03 3.27+0.05
Diff-LibriTTS-ML-30 3.96 + 0.08 3.23£0.11 4.02£0.03 3.39+£0.05
BNE-PPG-VC 3.95+£0.08 3.27+£0.12 3.83 £0.03 3.03 £0.05

assuming this variance to be rather small because of strong conditioning on ¢;(Y") and just used
Gt = 0r—n, calling this sampling method ML-N (N = 1/h is the number of SDE solver steps).
We also experimented with Euler-Maruyama solver EM-N (i.e. Ay = 0, Orp = 0, 61 p = /B:h)
and “probability flow sampling” from (Song et al.,2021c) which we denote by PF-N (k¢ = —0.5,
(‘Dt,h = 0, 5-t,h == 0)

4.1 SPEAKER CONDITIONING ANALYSIS

For each dataset we trained three models — one for each input type for the speaker conditioning
network g;(Y") (see Section . Although these input types had much influence neither on speaker
similarity nor on speech naturalness, we did two experiments to choose the best models (one for
each training dataset) in terms of speaker similarity for further comparison with baseline systems.
We compared voice conversion results (produced by ML-30 sampling scheme) on 92 source-target
pairs. AMT workers were asked which of three models (if any) sounded most similar to the target
speaker and which of them (if any) sounded least similar. For Diff-VCTK and Diff-LibriTTS models
each conversion pair was evaluated 4 and 5 times respectively. Table[T|demonstrates that for both
Diff-VCTK and Diff-LibriTTS the best option is wodyn, i.e. to condition the decoder at time ¢ on the
speaker embedding together with the noisy target mel-spectrogram Y;. Conditioning on Y; allows
making use of diffusion-specific information of how the noisy target sounds whereas embedding
from the pre-trained speaker verification network contains information only about the clean target.
Taking these results into consideration, we used Diff-VCTK-wodyn and Diff-LibriTTS-wodyn in the
remaining experiments.

4.2 ANY-TO-ANY VOICE CONVERSION

We chose four recently proposed VC models capable of one-shot many-to-many synthesis as the
baselines:

* AGAIN-VC (Chen et al.| 2021b), an improved version of a conventional autoencoder AdaIN-
VC solving the disentanglement problem by means of instance normalization;

* FragmentVC (Lin et al.| 2021]), an attention-based model relying on wav2vec 2.0 (Baevski
et al.,[2020) to obtain speech content from the source utterance;
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Table 4: Reverse SDE solvers compared in terms of FID. N is the number of SDE solver steps.

VP DPM sub-VP DPM VE DPM
N=10 | N=100 | N=10 | N=100 | N=10 | N=100
Euler-Maruyama 229.6 19.68 | 312.3 19.83 | 462.1 24.777
Reverse Diffusion 679.8 | 65.95 | 312.2 | 19.74 | 461.1 | 303.2
Probability Flow 88.92 5.70 64.22 4.42 495.3 | 214.5
Ancestral Sampling 679.8 | 68.35 — — 454.7 | 17.83
Maximum Likelihood (7 = 0.1) | 260.3 4.34 317.0 6.63 461.9 | 23.63
Maximum Likelihood (7 = 0.5) | 24.45 7.82 30.90 6.43 462.0 | 10.07
Maximum Likelihood (7 = 1.0) | 41.78 7.94 48.02 6.51 48.51 | 12.37

* VOMIVC (Wang et all 2021)), state-of-the-art approach among those employing vector
quantization techniques;

* BNE-PPG-VC (Liu et al,2021b), an improved variant of PPG-based VC models combining
a bottleneck feature extractor obtained from a phoneme recognizer with a seq2seq-based
synthesis module.

As shown in (Kim et al., 2021)), PPG-based VC models provide high voice conversion quality
competitive even with that of the state-of-the-art VC models taking text transcription corresponding
to the source utterance as input. Therefore, we can consider BNE-PPG-VC a state-of-the-art model in
our setting.

Baseline voice conversion results were produced by the pre-trained VC models provided in official
GitHub repositories. Since only BNE-PPG-VC has the model pre-trained on a large-scale dataset
(namely, LibriTTS + VCTK), we did two subjective human evaluation tests: the first one comparing
Diff-VCTK with AGAIN-VC, FragmentVC and VOMIVC trained on VCTK and the second one
comparing Diff-LibriTTS with BNE-PPG-VC. The results of these tests are given in Tables 2] and
[3|respectively. Speech naturalness and speaker similarity were assessed separately. AMT workers
evaluated voice conversion quality on 350 source-target pairs on 5-point scale. In the first test, each
pair was assessed 6 times on average both in speech naturalness and speaker similarity evaluation;
as for the second one, each pair was assessed 8 and 9 times on average in speech naturalness and
speaker similarity evaluation correspondingly. No less than 41 unique assessors took part in each test.

Table [2]demonstrates that our model performs significantly better than the baselines both in terms of
naturalness and speaker similarity even when 6 reverse diffusion iterations are used. Despite working
almost equally well on VCTK speakers, the best baseline VOMIVC shows poor performance on other
speakers perhaps because of not being able to generalize to different domains with lower recording
quality. Although Diff-VCTK performance also degrades on non-VCTK speakers, it achieves good
speaker similarity of MOS 3.6 on VCTK ones when ML-30 sampling scheme is used and only slightly
worse MOS 3.5 when 5x less iterations are used at inference.

Table [3| contains human evaluation results of Diff-LibriTTS for four sampling schemes: ML-30 with
30 reverse SDE solver steps and ML-6, EM-6 and PF-6 with 6 steps of reverse diffusion. The three
schemes taking 6 steps achieved real-time factor (RTF) around 0.1 on GPU (i.e. inference was 10
times faster than real time) while the one taking 30 steps had RTF around 0.5. The proposed model
Diff-LibriTTS-ML-30 and the baseline BNE-PPG-VC show the same performance on the VCTK test
set in terms of speech naturalness the latter being slightly better in terms of speaker similarity which
can perhaps be explained by the fact that BNE-PPG-VC was trained on the union of VCTK and
LibriTTS whereas our model was trained only on LibriTTS. As for the whole test set containing
unseen LibriTTS and internal speakers also, Diff-LibriTTS-ML-30 outperforms BNE-PPG-VC model
achieving MOS 4.0 and 3.4 in terms of speech naturalness and speaker similarity respectively. Due to
employing PPG extractor trained on a large-scale ASR dataset LibriSpeech (Panayotov et al.,2015),
BNE-PPG-VC has fewer mispronunciation issues than our model but synthesized speech suffers
from more sonic artifacts. This observation makes us believe that incorporating PPG features in the
proposed diffusion VC framework is a promising direction for future research.

Table 3] also demonstrates the benefits of the proposed maximum likelihood sampling scheme over
other sampling methods for a small number of inference steps: only ML-N scheme allows us to
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use as few as N = 6 iterations with acceptable quality degradation of MOS 0.2 and 0.1 in terms of
naturalness and speaker similarity respectively while two other competing methods lead to much
more significant quality degradation.

4.3 MAXIMUM LIKELIHOOD SAMPLING

Figure 2: CIFAR-10 images randomly sampled from VP DPM by running 10 reverse diffusion steps

LLINT3 CLINT3

with the following schemes (from left to right): “euler-maruyama”, “probability flow”, “maximum
likelihood (7 = 0.5)”, “maximum likelihood (7 = 1.0)”.

To show that the maximum likelihood sampling scheme proposed in Section 3| generalizes to different
tasks and DPM types, we took the models trained by [Song et al| (2021c) on CIFAR-10 image
generation task and compared our method with other sampling schemes described in that paper in
terms of Fréchet Inception Distance (FID).

The main difficulty in applying maximum likelihood SDE solver is estimating data-dependent term
E[Tr (Var (Xo[X¢))] in o} j,. Although in the current experiments we just set this term to zero, we

can think of two possible ways to estimate it: (i) approximate Var (Xo|X;) with Var (X0|Xt =X;):
sample noisy data X, solve reverse SDE with sufficiently small step size starting from terminal
condition X + = X, several times, and calculate sample variance of the resulting solutions at initial
points X o; (i1) use the formula from Appendix |C|to calculate Var (Xo|X;) assuming that X is
distributed normally with mean and variance equal to sample mean and sample variance computed
on the training dataset. Experimenting with these techniques and exploring new ones seems to be an
interesting future research direction.

Another important practical consideration is that the proposed scheme is proven to be optimal only
for score matching networks trained till optimality. Therefore, in the experiments whose results are
reported in Table ] we apply maximum likelihood sampling scheme only when ¢ < 7 while using
standard Euler-Maruyama solver for ¢ > 7 for some hyperparameter T € [0, 1]. Such a modification
relies on the assumption that score matching network is closer to being optimal for smaller noise.

Table 4] shows that despite likelihood and FID are two metrics that do not perfectly correlate
2021b), in most cases our maximum likelihood SDE solver performs best in terms of FID. Also,
it is worth mentioning that although 7 = 1 is always rather a good choice, tuning this hyperparameter
can lead to even better performance. One can find randomly chosen generated images for various
sampling methods in Figure[2]

5 CONCLUSION

In this paper, the novel one-shot many-to-many voice conversion model has been presented. Its
encoder design and powerful diffusion-based decoder made it possible to achieve good results both in
terms of speaker similarity and speech naturalness even on out-of-domain unseen speakers. Subjective
human evaluation verified that the proposed model delivers scalable VC solution with competitive
performance. Furthermore, aiming at fast synthesis, we have developed and theoretically justified the
novel sampling scheme. The main idea behind it is to modify the general-purpose Euler-Maruyama
SDE solver so as to maximize the likelihood of discrete sample paths of the forward diffusion. Due
to the proposed sampling scheme, our VC model is capable of high-quality voice conversion with as
few as 6 reverse diffusion steps. Moreover, experiments on the image generation task show that all
known diffusion model types can benefit from the proposed SDE solver.
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A  FORWARD VP SDE SOLUTION

Since function -y, tl X, is linear in X, taking its differential does not require second order derivative
term in It6’s formula:

d(V(;,,ngt) =d (e% f(f [3uduXt)
1 rt 1 o 1
=e2 Jo Budu iﬁtXtdt +e2 Jo Budu <—2ﬁtXtdt N det> )
= \/Ee% [‘(; /Bud’LLth.

Integrating this expression from s to ¢ results in an It6’s integral:

t
e%f&ﬁuduxt—e%f(fﬁudu)(s:/ VBred I Budu gy (14)
or
1t ! 1 J! W
X, = e 3 Budux g / V/Brem 3z Budugy (15

The integrand on the right-hand side is deterministic and belongs to L[0, 1] (for practical noise
schedule choices), so its It0’s integral is a normal random variable, a martingale (meaning it has zero
mean) and satisfies [td’s isometry which allows to calculate its variance:

t
Var(X;|X,) = / Bre~dr Budu 1 dr = (1 e I BudU) I. (16)
Thus
Law(X;|X,) = N (e*% J Budux (1 e I mdu) 1) = Ny X, (1=42)T) (17

B THE OPTIMAL COEFFICIENTS ASYMPTOTICS

First derive asymptotics for ~:

¢ 1
Yin = ¢ Bl P =1 = Bk g o(h), (18)
’yg,tfh — e_fot_hﬁudu — e fg ’Bud“eftt—h Budu _ 7315(1 + Bth) + 6<h), (19)
t—h t "t 1
oton = 67% s " Budu _ 67% Jo ﬁudue% Jip Budu _ "YO,t(l + §ﬂth) + 5(]7,), (20)
Y2y = e Jn Pl = 1 gk 4 5(R). 1)

Then find asymptotics for 4, v and o2:

1 N 1 =18 —6.:8th +o(h) 1 3 4 i

_ — 1 _ 2 2 = 1—7 — 2 22
s = (1= 3o+ o) 0200 S B, 2

1 B h+olh _
Ve = (roa(1+ 28m) +o(r) AR ot g o), 23)

2 1- 0.t 1- Y0,
1
OF = ﬁ(ﬁth +0(h))(1 =5 (14 Bih) + 0(h)) = Bih + o(h). (24)
0.t
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Finally we get asymptotics for *, w* and o*:

o o vt =98) o 0an( el
o Y0,t8th Yo.t8th 05
_ Bih+o(h) (1 + 580 +0(h) | _ o)
Yo,t8th ’
o Vieht 1 . 1 'Yg,t 1 1
ﬂthwtyh = WUt—ht 1+ Yot Qﬂth =1 26th 1_ ’}/g,t Bth 1 2ﬂth —+ - %
2 (26)
W04 gt o(h) | + (k) = Beh | —1— —2E 1 +a(h) = o(h)
x | —E— _ . _ |
b ’yg’t t t 1= 78,t 1- ’Yg,t
(071)* = 0t e+ vin B, [Tr (Var (Xo|X))] /n = Beh + o(h)
A/gt 272 ~ (27)
+ mﬂt hEx, [Tr (Var (Xo|X:))] /n = Beh(1 4 0(1)).
0t

C PROOF OF THE THEOREM [I]

The key fact necessary to prove the Theorem [I]is established in the following

Lemma 1. Let py|,(-|x) be pdf of conditional distribution Law (Xo|X; = x). Then for any t € [0,1]

and x € R™ )
o (2= 20 B0 %) 8)

50*(I7t) = _1 —
0,

Proof of the Lemmam As mentioned in (Song et al., [2021c)), an expression alternative to (]g[) can be
derived for 8* under mild assumptions on the data density (Hyvirinen, [2005}; |Vincent, 201 1)

1
0" = al"g;nin/ AME X mpo(VEX, ~pyjo(-1x0) |150(Xe, 1) = Viog pyjo(Xe| Xo) [3dt,  (29)
0

where Law (Xo) is data distribution with pdf po(-) and Law (X;|Xo = x¢) has pdf pyo(-|2o). By
Bayes formula we can rewrite this in terms of pdfs p;(-) and po);(-|x¢) of distributions Law (X;) and
Law (Xo|X; = x;) correspondingly:

1
0* = argernin/ At]EXtht(‘)EXoNpth\Xt)”‘SQ(Xt’t) — Vlogpt\O(Xt|X0)||gdt- 30)
0

For any n-dimensional random variable £ with finite second moment and deterministic vector a we
have

E|l§ - all3 = E[l§ — E§ + B — al3 = E[l§ — B3 + 2(E[¢ — E¢], E€ — a)

€Y
+E[|E€ — al3 = Ell€ — E€||3 + | EE — af3.

In our case & = Vlog pyjo(X¢|Xo) and a = s¢(X, ), so E[|§ — E¢||3 is independent of 6. Thus

1
0* = argernin/ )\tEXtht(,)”Sg(Xt,t) - EXONp0|t('|Xt) [VIngﬂo(Xt‘Xo)] ||§dt (32)
0

Therefore, the optimal score estimation network sy« can be expressed as

14
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sp=(x,t) = Epo o (-l2) [Vlogpt‘o(a:p(o)] (33)

forall ¢t € [0,1] and = € supp {p:} = R™.

As proven in Appendix EI, Law (X;|X) is Gaussian with mean vector -y ; X and covariance matrix
(1 —~3.,) L so finally we obtain

,71 — ’yat (1‘ — fyoatEpo\t(‘W')XO) . (34)

1
sg+(x,t) = Epo|t(‘|1‘) ll — ﬁt

(z — WO,th)] =

O

Now let us prove the Theorem [T}

Proof of the Theorem[I} The sampling scheme (T1)) consists in adding Gaussian noise to a linear
combination of X; and sg« (X¢, t). Combining |i and the Lemmawe get

~ R ~ 1 . ~ . ~ R
Xi—n = 0e.n& + Xy + Bih ((2 + wt,h) Xi 4+ (14 Ae,p)so (Xt,t)> = 01,0t

1 5 . 1 5
+ (1 + Bih (2 + wt,h)> X+ Beh(1 + Ren) <—1 —2 (Xt - ’Yo,tEpOt(.mt)Xo)) (35)

0,t

. I 14 Rep o YouBeh(1+ R p)
=010 + (1 + Bih <2 t@tn = 7 7&)) Xe+ 1_—73¢Epmt(~\f<t)X0’

where &; are i.i.d. random variables from standard normal distribution A'(0,1) fort = 1,1 — h, .., h.
Thus, the distribution X;_j | X is also Gaussian:

Law (X; 5| X;) = N (m,ho%t,h, D) X + Pen(Ren)Ey, (50 X0: 00 I) . (36)
R . . 1 . 14 Ren
fen(Rep,wen) =14+ Beh | = +@pn — 7;’ ) 37
2 1- 0,
PR tBth(1 4 R p
Do (o) = 20tPRAE Ren) (38)
1- Y0,t
which leads to the following formula for the transition densities of the reverse diffusion:
lze—n — fie.nwe — D4 h]Epm (|= )X0||§
Dt nie(Ti—plry) = ———exp | — ’ — AN . 39
De—nje(Te—n|Tt) \/ﬂ‘ﬁh p < 27, (39
Moreover, comparing i, and 2 j, with p;_p, ¢ and v;_}, ; defined in @) we deduce that
R , ﬁ h(l+ & h R "
Uph = Vi—ht & M = Vi—ht = Rih = Ky pp- (40)

I 7§,t

If we also want fi; j, = f1:—p+ to be satisfied, then we should have
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1 14w} —ht—1 . R
1+ Bih (2 R 1_{);:) = t—h,t & <Mtgtth —wyp T+ wt,h) Beh+1 = piy_n,
(41)

ie. oy =vi_peand fiyp = pp—n ff Ry p = ’i;h and @, p, = wf,h for the parameters Ii;h and w;h
defined in (T0).

As for the corresponding densities of the forward process X, they are Gaussian when conditioned on
the initial data point Xj:

Law (X;—p| X, Xo) = N(,Ut—h,tXt + vi—h,: X0, Utz_h,t I), (42)

where coefficients fi;_p, ¢, Vi—p, and o;_p, ¢ are defined in @) This formula for Law (X;_p|X¢, Xo)
follows from the general fact about Gaussian distributions appearing in many recent works on
diffusion probabilistic modeling (Kingma et al.,[2021): if Z;|Z; ~ ./\/'(ozt|sZs, Ut2|s I) and Z;|Zy ~

N (a0 Zo, U?\o I) for 0 < s < t, then

Ufm U?\s U§|Oat2|s
Law (Zs|Zt, Zo) = N UTaﬂSZt + TO{SIOZO, 5 1. 43)

t|o Y40 T%o

This fact is a result of applying Bayes formula to normal distributions. In our case v, = st and
0.2 =1— 2
tls — Ws,t'

To get an expression for the densities p; _ h|t(:ct, k|zt) similar to 1| we need to integrate out the
dependency on data X from Gaussian distribution Law (X, | X¢, Xo):

pt—h\t(mt—h|zt) :/pt—h,O\t(xt—haI0|xt)dx0 = /pt—hn,o(xt—h,\:vt,xo)Po|t(Io|iEt)dIo (44)

= Exo~pop; (fze) Pe—nft.0(Tt—n|Tt, Xo)],

which implies the following formula:

1 thfh — Ht—h,tTt — thh,thHz
Pe—njt(Te—n|re) = WEI;W(M) [exp ( 207, 2. @5
t—h,t t—h,t

Note that in contrast with the transition densities || of the reverse process X, the corresponding
densities (45) of the forward process X are not normal in general.

Our goal is to find parameters &, @ and 6 that maximize log-likelihood of sample paths X under
probability measure with transition densities p. Put t;, = kh for k = 0,1, .., N and write down this
log-likelihood:

N-1
/p(xlvxl—hv "7I0) <Z logﬁtk\tk+1($tk|xtk+1) + logﬁ1($1)> dxldxl—h~-dx0

k=0 (46)

N-1
= Z /p(mtk7mtk:+1)logﬁtk\tk+1 (mtklxtk+l)dmtk+ld‘rtk +/p(x1)10gﬁ1(x1)dx1'
k=0

The last term does not depend on &, @ and &, so we can ignore it. Let Ry, be the k-th term in the sum
above. Since we are free to have different coefficients &y 5, @y, and 64 ;, for different steps, we can
maximize each Rj separately. Terms Ry can be expressed as
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/ xtmxtk+1 Ingtklthrl (xtk‘xth+1)dxtk+ld'rtk
/ xtk+1 ptk\tk+1 (xtk|xtk+1)10gpfk|tk+1 (xtk|xtk+1)dmtk+ldxtk (47)

= Eth+1 |:/ Py |tysa (xtk |Xt1c+1) IOgﬁtk\tk+1 (xtk |th:+1)dxtk:| .

From now on we will skip subscripts of u, v, o, i, ¥, 6, k, W, k* and w* for brevity. Denote

Q(xtk, ) th,+1 ) XO) =

( ||‘rtk — :uth+1 -
exp | —

VX0||2 ~
202 2 Ingtk\tk+1 (xtk |th+1)' (48)

2o

Using the formula (#4)) for the densities of X together with the explicit expression for the Gaussian
density py, ¢, ,.0(%t,|Xt,,, Xo) and applying Fubini’s theorem to change the order of integration,
we rewrite Ry, as

Ry = EXf,kJrl /ptk [tri1 (xtk |th+1) logptk [tri1 (xtk |th+1 )dztk:|

= Eth+1 /]EXONPO\%Jrl (1 Xtyq) [ptk\tk+1,0('rtk ‘th+1 ’ XO) IOgﬁtk\thA (xtk |th+1 )} d'rtk

= EX‘kJrl /EXONPo\tk+1 (1 Xt 1q) [Q(xtk ) th+1 ) XO)]dl‘tk]

= Exfk“EXONPOItkH (‘|th+1) |:/ Q(xtk,th+1,X0)dxtk] .
(49)

The formula implies that the integral of Q(zy, , Xy, ,, Xo) with respect to x;, can be seen as
expectation ot Tog py, |1, . , (§] X+, ) with respect to normal random variable £ with mean p Xy, +

v Xy and covariance matrix o2 I. Plugging in the expression (39) into (48)), we can calculate this
integral:

Hf - ﬂth+1 - ﬁEXéNpo\tkﬂ("th+1)X6H%
262

E¢ l— log vV2m —nlogd —
(50)

= —logV2r —nlogé — Bele R = Q]EZMM( Xerrs) 0”2.
g

Thus, terms R we want to maximize equal

Eell€ — Xt = PBpgy,, | (1X0, ) X013
262

Ry = — log vV 27T—n10g &_EX‘kJrl EXUNP0|‘k+1 (,|th+l)
(5D

Maximizing Ry, with respect to (k, @, &) is equivalent to minimizing E Xty i1 Sk where S, is given by
Sk =nlogé + ——-E E 1X. E X013 52

k — n Og0-+ @ XONPO\‘k+1('|th+1) 5”5_” tk+1 -V po\tk+1(-|th+1) 0||27 ( )

where the expectation with respect to & ~ N (uXy, ., + v Xo, o21) can be calculated using the fact
that for every vector a we can express E¢||€ — al|3 as
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E|l¢ ~ E€+E& —al|} = E|l¢ —E¢||3+2(E[§ ~E¢], B¢ —a) + E|[EE —al|} = no? + |[EE—a[)3. (53)

So, the outer expectation with respect to Law(Xo| X, , ) in (52) can be simplified:

Exonpoje,, (1Xt 1) [n02 + (= ) Xy, +vXo — ﬁExmouM(-\XtHl)XéII%]
=n0? + Bx,[|((1 — 1) X1y, +vXo — PEx; Xg3 = no? + (n— )21 Xt I3
+2((n— )Xy (v — D)Ex, Xo) + Ex, [lvXo — PEx; X 13 = (1 — )2 (| X,y 15
+2(( = ) Xty s (v = 9)Ex, Xo) + V*Ex, || Xoll3 + 22 ||Ex, Xo 3 + no®

— 2wD(Ex, Xo, Ex; Xp) = |(1t — ) X, + (v — D)Ex, X0) |13 + v*Ex, [| Xoll3

= V?||Ex, Xol|3 + no?,

(54)

where all the expectations in the formula above are taken with respect to the conditional data
distribution Law(Xo| Xy, , ). So, the resulting expression for the terms .S}, whose expectation with
respect to Law (X, , ) we want to minimize is

Sk = nlogs +

557 (n0? + (= )X, + (v = DELXol Xiy, I3

(55)
+ 12 (B [ X013 Xy ] = IE[Xo|Xe,. 1))

L * * : o * * —

Now it is clear that 7, and w/  , are optimal because /‘tk+17h("5tk+1,hv wtkﬂ’h) = Mgt
N X ! . .

and Dy, n (K7, | ) = Viy,te - For this choice of parameters we have

Ex,,., S = nlogs + (nUQ +17Ex,, , [E [IXol31Xe] — ||E[X0\th+l]||§]). (56)

202
Note that E || Xo13|X,., | — [[E[Xo| X, ][I3 = Tr (Var (Xo|Xs,,,)) is the overall variance of
Law (Xo|X,,,) along all n dimensions. Differentiating Ex, Sk with respect to & shows that the
optimal O’;C+h 5, should satisfy

n 1
: - ( y )3 (natzk’tkﬂ + Vtzk’tkﬂEthH [Tr (Var (Xolth+1>)}) = O’ (57)
Utkﬂ,h th+1:h

which is indeed satisfied by the parameters o7 ;, defined in @ Thus, the statement (i) is proven.

When it comes to proving that X is exact, we have to show that Law (X,,) = Law (X, ) for
every k = 0,1,.., N. By the assumption that Law (X;) = Law (X1) it is sufficient to prove
that py, ¢, (%6, |76, ) = Peyjtesr (Tt |24, ) since the exactness will follow from this fact by
mathematical induction. If X is a constant random variable, Law(Xy|X;) = Law (Xj) also
corresponds to the same constant, so Var (Xo|X;) = 0 meaning that 0} j, = Ot—n,t, and the formulae
(39) and (@3) imply the desired result.

Let us now consider the second case when Xy ~ N(i,0%1). It is a matter of simple but
lengthy computations to prove another property of Gaussian distributions similar to :if

2
Zy ~ N (ji, 621) and Z;|Zy ~ N (a; Zo, b2 1), then Zo| Z, ~ N(b%fg%%ﬁ + bf‘f;;a% Z, bfig’;a% I

and Z; ~ N (fiay, (b7 + 6%a7) I). In our case a; = 7yo,c and b7 = 1 — ~3 ,, therefore

1- 78,t
1- 'Vg,t + 6273,t

2 2 A2
Law (X0|Xt) N( ﬂ+ d 70,t 4 (1 VO,t) I) (58)

ty
1- 702,15 + 527§,t 1- ’Vg,t + 5273,t
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So, Var (X|X}) does not depend on X; and

VtQ—h,t 62 (1 - ’Yg,t)

* 32 2 2 2
o =0 _pt+ Ex, [Tr (Var (Xo|Xt))| = 05_p + + vi_ . (59
(ot ) t—ht e [Tr (Var (Xo|X¢))] i—ht T Vi h’tl—%%,t‘*‘(s%& (59)

Since Law (X;|X;—p), Law (X;_;) and Law (X;) are Gaussian, Bayes formula implies that
Law (X;_p|X¢) is Gaussian as well with the following mean and covariance matrix:

Youon(L =% ne)  Veent(1 =G n +0*75,4)
E[Xi—n|X:] = 1 2 1 5242 H 1 2 1 5242
=Y.t T 0V ¢ =Y.t T 0%V ¢

Xt (60)

(L= )= + 0298 )
L =5, + 6%,

Var (Xt—h|Xt) = I. (61)
The distribution Law (X;_p|X;) is also Gaussian by the formula (39), so to conclude the proof
we just need to show that E[X;_,|X; = z] = E[X;_4|X: = 2] and Var (X;_|X: =2) =
Var (X;—p| X = ) for every z € R" for the optimal parameters (10). Recall that for r ;, and wy,

we have ﬂt’h(lizh, w;h) = ly—p,¢ and ﬁt,h(n;h) = v4_p,. Utilizing the formulae (EI), , and
the fact that o ;—p, - Ve—n,t = 70,+ (following from the definition of + in ) we conclude that

]E[Xt—h|Xt =z]= ﬂt,h(ﬁ;h, W:,h)x + ﬁt,h(’f;h)Emn('lx)XO

- 1- VS,t—hm TP hl - ’YtQ—h,t 1- ’Yg,t i+ 52’70,t "
=Vt—ht— 5 =
1- 7(%,t 1- 73,t 1- ’Yg,t + 5273,t 1- 7(%.,t + 527(%,t
1— 2 (1_ 2 )(1_ 2)_,_522(1_ 2 )
— ot Vi—ht i+ vn Y0,t—h 0,t 0,t Y0,t—h .
=Y0t—hT 5 5 5 t—ht
1- ’Yg,t + 5278,:: (1- '73,1:)(1 - 'Vg,t + 52’73,t)
4o 527§,t—h(1 - 'YtQ—h,t) v = 1- ’Ytz—h,t i (62)
t—h,t =Y,t—hT 3 5 5
(1- ’Yg,t)(l - ’Yg,t + 527§,t) 1- ’Yg.,t + 527§,t
(1- Vg,tfh)(l - ’Yg,t) + 5273,%}1(1 - 'Yg,t) 1- 'Yt{h,t
+ Ve—ht T = Y0,t—h

T 5 o2 M
(1- 'Yg,t)(l - 7(%,1& + 52’73,t) 1- 'Yg,t + 527§,t
1- 7§,t7h + 5273,&}1

1- 'Yg,t + 5273,t

+ Vi—ht z=E[X;_pn|X: = 2],

Var(Xt,h|Xt:x):(g*h)2I: 0—2 h _|_1/2 h M I
t, t—h,t t— ,tl _fy&t _1_6273715

. (1- 'Yg,t—h)(l - 'Ytz—h,t) 72 62(1 - ’Y:&Q—h,t)Q
= —h
1- ’Yg,t ot (1- '78,15)(1 - ’Yg,t + 527§,t)

. 1-— ’Ytz—h,t ((1 72 )(1 72 )+52,y2 (1 72 ))I
= —0,.—n)L — 70, 0,6\1 —70,t—n

(1 - 73,t>(1 - ’Yg,t + 62’73,15) ! ¢ ¢ ! (63)
+ e (0% e—n (1 = 7ion)) 1

(1- 'Yg,t)(l - Vg,t + 52’?3,15) 0= tht

L= ’Vt2—h,t 2 2 2 2 2
= 1 -2 )1 =2, + 022, (- Yo,6-1) (1 = 70.4) + °70,4—n(1 — 70,t)) I
ot it it

(1- '72—h )1 =13 _nt 63 iy

- : 1t 2 Oyt(;z T = Var (X, | X, = ).
— Y0, T 00
O
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D REVERSE MR-VP SDE SOLVER

MR-VP DPM is characterized by the following forward and reverse diffusions:

AX, = S Bi(X — Xo)dt + /BT, (64)
X 1 . o
dXt = (2575()( — Xt) — ﬁtSQ(Xt,X,t)> dt + \/Eth (65)

Using the same method as in Appendix|A]l we can show that for s < ¢

Law (X¢|Xs) = N (76,6 Xs + (1 = 76,) X, (1 =72 ) 1), vep = e 3 Jo Pud, (66)

With the following notation:

1-73, 1—92, 5 (1=7%,)0-93)
5 Vst =075 Osp= . — (67)
1- '73,15 ’ 1- '78,1: ot 1- 78,t

Hst = Vst
we can write down the parameters of Gaussian distribution X | Xy, Xo:

E[X,|X¢, Xo] = X + p15,4(Xs — X) + v (Xo — X), Var (XX, Xo) = 02, 1. (68)

The Lemmal I| for MR-VP DPMs takes the following shape:

_ 1 _
o+, X, 1) =~ (:c (100X — 70,t1Ep0‘t(,|I)X0)
. ot i i (69)
-2, (0w o).

The class of reverse SDE solvers we consider is

~ N 1 ~ _ ~ _
Xi—n =X + Bih ((2 + C:)t,h) (X:—X)+(1+ :‘%t,h)se(Xt7X7t)> + 04,1&ts (70)

where t = 1,1 — h,..,h and & are i.i.d. samples from A (0,I). Repeating the argument of the
Theorem [T]leads to the following optimal (in terms of likelihood of the forward diffusion sample
paths) parameters:

o _Vena(l - 3 1)
bh Yo,tB¢h

. 1
(Ut,h)z = UtQ—h,t + Eytz—h,tEXt [Tr (Var (Xo|X3))],

* pe—ng—1 146, 1
-1, w,= : + —— —,
th Bih 1—7§7t 2 1)

which are actually the same as the optimal parameters (I0) for VP DPM. It is of no surprise since
MR-VP DPM and VP-DPM differ only by a constant shift.

E REVERSE SUB-VP SDE SOLVER

Sub-VP DPM is characterized by the following forward and reverse diffusions:

AX, =~ B Xt + /51 — eI Do) i, (72)
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A 1 A : A t
dX; = (—Qﬂtxt — B (1 —e2h Bud“) se<Xt,t)) dt + \/ By(1 — e=2Ji Budyaly,.  (73)
Using the same method as in Appendix [A] we can show that for s < ¢

Law (Xt|XS) = N(Vs,tha (1 + ’y(‘)l,t - 73,15(1 + 761,5)) I)a Vst = 6_% f: /Budu. (74)

Note that for s = 0 this expression simplifies to

Law (X¢| X0) = N (70,4 X0, (1 =73 ,)*1). (75)

With the following notation:

2
1 -3 1+950 — Veu(l+70,)
Hst =s,t , Vst = 70,s

1— 2 1— 2 \2 ?
0,¢ ) (4 ”Vo,t) (76)
g2 (177620 765 —12:(1+15,4))
st (1- '73,t)2
we can write down the parameters of Gaussian distribution X | Xy, Xo:
E[X,|X¢, Xo] = 16, X¢ +vs:Xo, Var (X, X¢, Xo) = 02, 1. (7
The Lemma ] for sub-VP DPMs takes the following shape:
1
s0-(0,1) =~ 7 s SN (x - 707tEpo‘t(.‘x)X0) . (78)

The class of reverse SDE solvers we consider is

. 3 T\ . ) s a) e )
Xi—pn = Xi + Bih <(2 +wt,h> Xo + (1 + Aen) (1 — e 2o Pud ) Sa(Xnt)) +6¢.né, (19)

where t = 1,1 — h,..,h and & are i.i.d. samples from N(0,I). Repeating the argument of the
Theorem [T]leads to the following optimal (in terms of likelihood of the forward diffusion sample
paths) parameters:

* thh,t<1 - ’Yg,t) wE = fi—pt—1 I (1+ ’i;h)(l + ’Yg,t) 1

K —— 5 < 5 )
bh Yo0,t8:h(1 + 73715) i Bth 1- ’Yg,t 2 (80)

. 1
(Ut,h)2 = Ut2—h,t + Eyf—h,tExt [Tr (Var (Xo| X¢))] -

F REVERSE VE SDE SOLVER

VE DPM is characterized by the following forward and reverse diffusions:

dX; = 1/ (02) dW, , @1)
X, = — (02) so(Xp, t)dt + 1/ (02) d W, (82)
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Since for s < ¢t

t
X, = X, + / (02Y dW, , (83)

similar argument as in Appendix [A]allows showing that

t
Law (X;| Xs) =N (XS,I-/ (UZYdu) = N (X, (67 — 02)1). (34)

With the following notation:

2 2 2 2 2 2Y( .2 2
_ Ys 90 _ Oy — 05 2 (Ut — Us)(as B OO) 85
Hst = 55, Vst = 5 2y Ost = 2 2 ) (85)
— 0 of — 0o ’ of — 0o

i 0 t 0 t 0

we can write down the parameters of Gaussian distribution X| Xy, Xo:

E[X,| X, Xo] = ps,e Xy + vs,: Xo, Var (X,| Xy, Xo) =02, 1. (86)

The Lemma [I| for VE DPMs takes the following shape:

1
so- (2, 1) = “— (m _ E,,W(MXO) . (87)

Repeating the argument of the Theorem [I]leads to the following optimal (in terms of likelihood of
the forward diffusion sample paths) reverse SDE solver:

Xeon = Xo+ (07 — 07_p)s0(Xe,t) + 07 p&, (88)
where
02 — 02_ 02_ — 02 1
(orn)* = o — 7 5)( o 0) —v? , Ex, [Tr (Var (Xo|X,))], (89)
of — 0§ n

t=1,1—h,..,hand & are i.i.d. samples from N(0, ).

G ToYy EXAMPLES

In this section we consider toy examples where data distribution X is represented by a single
point (corresponding to the case (ii) of the Theorem|[I]) and by two points (corresponding to more
general case (i)). In the first case the point is unit vector ¢ = (1,1,..,1) of dimensionality 100,
in the second one two points ¢ and —2¢ have the same probability. We compare performance of
two solvers, Euler-Maruyama and the proposed Maximum Likelihood, depending on the number
N € {1,2,5,10,100, 1000} of solver steps. The output of the perfectly trained score matching
network sg~ is computed analytically and Gaussian noise with variance e € {0.0,0.1,0.5} is added
to approximate the realistic case when the network sy we use is not trained till optimality. We
considered VP diffusion model (6) with 5y = 0.05 and 3; = 20.0.

The results of the comparison are given in Table[5]and can be summarized in the following:

* for both methods, larger N means better quality;
* for both methods, more accurate score matching networks (smaller €) means better quality;
* for large number of steps, both methods perform the same;

* it takes less number of steps for the proposed Maximum Likelihood solver to converge with
a good accuracy to data distribution than it does for Euler-Maruyama solver;

22



Published as a conference paper at ICLR 2022

Table 5: Maximum Likelihood (ML) and Euler-Maruyama (EM) solvers comparison in terms of
Mean Square Error (MSE). MSE < 0.001 is denoted by conv, MSE > 1.0 is denoted by div. N is the
number of SDE solver steps, ¢ is variance of Gaussian noise added to perfect scores sg«.

MSE Xo = {i} Xo = {i,—2i}

ML /EM e=0.0 e=0.1 e¢=0.5 e=20.0 e=0.1 e=0.5
N=1 conv | div div / div div / div div / div div | div div / div
N =2 conv [/ div div | div div | div 0.15/ div div | div div | div
N=5 conv | div 0.017/div | 0.085/div conv [ div 0.017/div | 0.085/div
N =10 conv/0.57 | 0.001/0.59 | 0.005/0.67 | conv/0.57 | 0.001/0.59 | 0.006/0.67

N =100 | conv/0.01 | conv/0.01 | conv/0.01 | conv/0.01 | conv/0.01 | conv/0.01

N =1000 | conv/conv | conv/conv | conv/conv | conv/conv | conv/conv | conv/ conv

* in accordance with the statement (ii) of the Theorem (I} the optimal Maximum Likelihood
solver leads to exact data reconstruction in the case when data distribution is constant and
score matching network is trained till optimality (i.e. € = 0.0) irrespective of the number of
steps V.

Also, in the second example where X € {4, —2i} the Maximum Likelihood SDE solver reconstructs
the probabilities of these two points better than Euler-Maruyama which tends to output “i-samples”
(which are closer to the origin) more frequently than “—2¢-samples”. E.g. fore = 0.0 and N = 10
the frequency of “i-samples” generated by Euler-Maruyama scheme is 54% while this frequency
for Maximum Likelihood scheme is 50% (500k independent runs were used to calculate these
frequencies).

H SPEAKER CONDITIONING NETWORK

The function z - tanh(softplus(x)) is used as a non-linearity in the speaker conditioning network
g+(Y). First, time embedding t. is obtained by the following procedure: time ¢t € [0,1] is en-
coded with positional encoding (Song et al., [2021c), then resulting 256-dimensional vector ¢’ is
passed through the first linear module with 1024 units, then a non-linearity is applied to it and
then it is passed through the second linear module with 256 units. Next, noisy mel-spectrogram
Y} for wodyn input type or Y; concatenated with {Ys|s = 0.5/15,1.5/15, ..,14.5/15} for whole is
passed through 6 blocks consisting of 2D convolutional layers each followed by instance normal-
ization and Gated Linear Unit. The number of input and output channels of these convolutions is
(1,64), (32,64), (32,128), (64, 128), (64, 256), (128, 256) for wodyn input type and the same but
with 16 input channels in the first convolution for whole input type. After the 2nd and 4th blocks
MLP(t.) and M LPs(t.) are broadcast-added where M LP; (M LPy) are composed of a non-
linearity followed by a linear module with 32 (64) units. After the last 6th block the result is passed
through the final convolution with 128 output channels and average pooling along both time and
frequency axes is applied resulting in 128-dimensional vector. All convolutions except for the final
one have (kernel, stride, zero padding) = (3, 1, 1) while for the final one the corresponding parameters
are (1,0,0). Denote the result of such processing of Y by ¢ for wodyn and whole input types.

Clean target mel-spectrogram Yj is used to obtain 256-dimensional speaker embedding d with the
pre-trained speaker verification network (Jia et al.,2018)) which is not trained. Vectors d, ¢ and ¢’ are
concatenated (except for d-only input type where we concatenate only d and t'), passed through a
linear module with 512 units followed by a non-linearity and a linear module with 128 units. The
resulting 128-dimensional vector is the output of the speaker conditioning network g;(Y").

I TRAINING HYPERPARAMETERS AND OTHER DETAILS

Encoders and decoders were trained with batch sizes 128 and 32 and Adam optimizer with initial
learning rates 0.0005 and 0.0001 correspondingly. Encoders and decoders in VCTK models were
trained for 500 and 200 epochs respectively; as for LibriTTS models, they were trained for 300 and
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110 epochs. The datasets were downsampled to 22.05kHz which was the operating rate of our VC
models. VCTK recordings were preprocessed by removing silence in the beginning and in the end of
utterances. To fit GPU memory, decoders were trained on random speech segments of approximately
1.5 seconds rather than on the whole utterances. Training segments for reconstruction and the ones
used as input to the speaker conditioning network g:(Y") were different random segments extracted
from the same training utterances. Noise schedule parameters 3y and 3; were set to 0.05 and 20.0.

Our VC models operated on mel-spectrograms with 80 mel features and sampling rate 22.05kHz.
Short-Time Fourier Transform was used to calculate spectra with 1024 frequency bins. Hann window
of length 1024 was applied with hop size 256.

For Diff-LibriTTS models we used simple spectral subtraction algorithm in mel domain with spectral
floor parameter 5 = 0.02 as post-processing to reduce background noise sometimes produced by
these models. Noise spectrum was estimated on speech fragments automatically detected as the ones
corresponding to silence in source mel-spectrogram.

J  DETAILS OF AMT TESTS

For fair comparison with the baselines all the recordings were downsampled to 16kHz; we also
normalized their loudness. In speech naturalness tests workers chosen by geographic criterion were
asked to assess the overall quality of the synthesized speech, i.e to estimate how clean and natural
(human-sounding) it was. Five-point Likert scale was used: 1 - “Bad”, 2 - “Poor”, 3 - “Fair”, 4 -
“Good”, b - “Excellent”. Assessors were asked to wear headphones and work in a quiet environment.
As for speaker similarity tests, workers were asked to assess how similar synthesized samples sounded
to target speech samples in terms of speaker similarity. Assessors were asked not to pay attention
to the overall quality of the synthesized speech (e.g. background noise or incorrect pronunciation).
Five-point scale was used: 1 - “Different: absolutely sure”, 2 - “Different: moderately sure”, 3 -
“Cannot decide more same or more different”, 4 - “Same: moderately sure”, 5 - “Same: absolutely
sure”.
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