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Abstract

We address the task of blind ‘zero-shot’ audio signal denois-
ing and inpainting. In the blind zero-shot setting, only the cor-
rupted audio signal is used for signal restoration (no other sig-
nals are available to train the model). For this challenging set-
ting, we apply a recent variational autoencoder that can lever-
age advanced probabilistic variational optimization in addition
to flexible data modeling enabled by deep neural networks
(DNNs). The investigated approach uses a non-amortized en-
coder and truncated posteriors as variational distributions. This
way, the posterior correlations can be approximated, and a theo-
retically grounded treatment of missing values is directly avail-
able. In benchmarks for denoising and inpainting and in com-
parison with other zero-shot approaches, we observe compet-
itive performance. Our results suggest that combining high-
quality probabilistic optimization with DNN optimization is a
very promising strategy for challenging audio restoration tasks.
Index Terms: variational autoencoders, zero-shot audio de-
noising, zero-shot audio inpainting, variational optimization

1. Introduction

Denoising and inpainting (a.k.a. missing data imputation) are
two standard audio restoration tasks (e.g., [1, 2]). Conven-
tional neural network approaches often require large amounts
of data and (ideally high quality) label information in the form
of ‘clean’ (i.e., non-noisy) data. However, requiring clean data
can be a severe limitation for many reasons: (A) it is often ex-
pensive and time-consuming to obtain the required data labels
[3, 4], (B) clean data is often difficult to obtain or not at all
available in real-world scenarios [5], (C) there can potentially
be a domain mismatch when synthetic data is used for training
[6], (D) artifacts can be introduced [7] and (E) it can be very
difficult to obtain a balanced dataset [8].

Approaches applicable in the blind zero-shot setting of-
fer a remedy to the problems mentioned above. The setting
(1) means that methods have to be trainable on noisy data; and
(2) they have to be trainable exclusively on the the data that one
seeks to restore. Methods fulfilling these conditions leverage in-
trinsic data statistics (e.g., [9] for a discussion) for data restora-
tion. As the first condition also represents a desirable property
on its own, methods trainable on noisy data have moved into the
focus of ongoing research (e.g.,[10, 11]). And full zero-shot
methods have by now repeatedly been used, e.g., for audio de-
noising [1, 12] as well as for visual data denoising [10, 11, 13].

To allow for learning without clean data, different strate-
gies have been suggested. For instance, the objective for con-
ventional DNN learning has been augmented [10, 11]. Alterna-
tively, deep probabilistic generative models such as variational
autoencoders (VAEs) [14] can be used because of their ability
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Figure 1: Schematic representation of audio restoration (here:
audio denoising) using TVAE.

to learn unsupervised (without clean data). Conventional DNN
approaches, their augmented versions for noisy data as well
as conventional VAEs usually owe their capabilities to large
DNNs with many parameters and hyperparameters. However,
large numbers of DNN parameters and hyperparameters usu-
ally require large amounts of (sufficiently high quality) data.
For the here addressed setting, we therefore apply a novel VAE
approach [15] which can provide high performance using rela-
tively small DNNs. Performance of the approach rests, in large
parts, on a novel variational optimization [15, 16] which seeks
to extract as much information as possible from each data point.
The property matches the here investigated setting well, and
we consequently explore the method’s properties for blind zero-
shot audio restoration.

2. Truncated Variational Autoencoder

Given the data  “*™Y) | we follow a maximum likelihood (ML)

approach to estimate optimal parameters of a probabilistic data

model pe (x). Concretely, we seek parameters ©*, such that

©* = argmax £(0) = argmax Y., logpe(x ™). The gen-
) 5]

erative model (i.e., the decoder) we assume to be given by [15]:

po(z) =[] (mir (1 — mn) 21, (1)

h
po(z|z) = N (z; u(z; W), 0’1), 2

where z € {0,1}* is a binary latent variable, = € [0, 1]"
are the parameters of a Bernoulli prior distribution pe (z) and
p(z; W) (for conciseness purposes, we will use pu(z) further)
is a DNN (W being the weights and biases), which determines
the mean of the Gaussian conditional distribution. For the ob-
servable distribution pe (x|z), we assume homoscedasticity of
the Gaussian distribution. The set of all model parameters is
then given by © = {m, W, o }.
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Instead of optimizing the log-likelihood directly, VAEs op-
timize a variational lower bound (ELBO) [17]:

F(®,0)=>, qu;) [log (p@(:c(”)|z))]
— 3. Dxu[ad” (2)ipe(2)],

(z) are the variational distributions with parameters

o = (oW, ..., M), E () is the expectation w.r.t. qg” and
P

Dx1, is the Kullbach-Leibler divergence.

Optimization of the Encoding Model. VAEs with discrete la-
tents usually require specific treatments to allow for gradient-
based learning, such as REINFORCE [18] with variance control
techniques [19] or ‘Gumbel-softmax’ approximation [20]. As
in previous work [15], we use a direct evolutionary optimiza-
tion of the encoding model qun). In this procedure, truncated
posteriors [21] are chosen as an alternative to a DNN-based en-
coder, which avoids gradient propagation through discrete la-
tents and an amortization gap [22]. As additional advantage for
audio inpaining, such an encoder can treat missing values di-
rectly as unknown observables [15], whereas in amortized ap-
proaches, treatment of missing values has to be addressed by
defining masks or zero-padding (which can be problematic).
Truncated posterior approximations assume that the poste-
rior mass can be represented well by a small subset of the latent
space. The family of truncated variational distributions is de-
fined as follows [16, 21], where ¢ is an indicator function:

3

where ¢

(n)
(n) — Pe (le ) (n)
gy (2) = o(z € ')
® > rcat Po(2 (™)
po(z™, z)

5(z € ™),

@
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with &™) being the subset of latent states z, i.e., for all z €
&™) the probability qfl,") (2) is proportional to pe (z|x™) and
zero for all z ¢ ®™. pe(x(™, z) is the joint distribution,
pe(x™, z) = pe(x™|z)pe(z) (joint notation will be used
from here on). The use of truncated posteriors allows for the
reformulation of the variational lower bound in Eq. (3), i.e., the
bound becomes equal to (compare [16]):

F(®,0) = Zlog (Zp@(a:("), z)).

zea(™)

&)

The reformulation in Eq. (5) offers an efficient way of optimiz-
ing the bound w.r.t. o), Concretely, the functional form of
Eq. (5) means that F(®, ©) is increased if we replace a state
z°4 ¢ (™ by a new state 2"°% ¢ &™) such that:

n)

’zold).

(0)
As in [23], we combine variational optimization with evolution-
ary optimization (EVO): first, candidates for new states are gen-
erated by mutation and crossover based on the population of old
states z°!4. Then new states z™°% are selected using the crite-
rion of Eq. (6) (see [15, 23] for details).

Optimization of the Decoding Model. Using the truncated

variational distributions q;")(z), the gradient of the objective

in Eq. (5) with respect to W can be computed as [15]:

po(z™,2"") > po(a

1 n n
ViwF(®,0)=—5 5 M (2)Vw|ja™ — p(z)|]%
n,z€<I>(n’)
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As a consequence, standard automatic differentiation tools can
be used for the decoder optimization. The update equations for
the remaining model parameters o and 7 are given by [15]:

a_ 1 (n) (n) 2
o _WZ Z ap (2)|[x™" — p(2)[|°

n z€q>(n)
_ 1 (n)
ﬂ—ﬁz Z()qq, (2) 2. @)
n zedpln

To the model and the training procedure described in this sec-
tion we will refer to as Truncated Variational Autoencoder
(TVAE) [15]. A schematic representation of the TVAE can be
seen in Fig. 1.

Audio Restoration. We use corrupted audio signals of 1-2s
sampled at 16 kHz. The corrupted signals are restored using
chunk-based estimation: First, we extract all chunks of length T'
(here T is 25 ms), while allowing for overlapping chunks (we
use maximal possible overlap, i.e., a stride of one). Signal
length, chunk length 7" and stride determine the number N of
different extracted chunks which are used as training set. En-
coder and decoder parameters ® and © are then inferred from
the training set using the procedure described above (in the fol-
lowing ® and © will refer to the optimized parameters). Given
the tth discrete time sample x; (amplitude value) of the cor-
rupted signal &, we can use a chunk 2™ which contains z; to
estimate the amplitude of the underlying clean signal [23]:

est
Tt

= Epe (212) [12(2)]- ®)

The exact posterior pe (z|x) required for this estimate is not
computationally tractable. However, we can use the encoder

qé,n) of the VAE as approximation and obtain:

S seam po(@™, 2) ui(2)
Zz'e@(n) be (m(n)’ Zl)

A time sample ¢ is contained in several chunks (for stride one in
T chunks except for the signal start and end). To obtain the final
estimate 2, we average over all estimates 2" that are provided
by the chunks containing ¢. This procedure is then executed for
all ¢ time samples to obtain the restored signal .

For inpainting we proceed analogously. Only the poste-
rior in Eq. (8) and its approximation in Eq. (9) are computed
w.r.t. the non-missing data of each chunk (see [23] for details).

o5t & qun [1e(2)] = )

3. Experiments

We benchmark TVAE-based restoration in the blind zero-shot
setting for audio denoising and audio inpainting.

Baselines. For audio denoising with additive Gaussian noise,
two baselines were selected, namely, a Geometric Approach
(GA) [24] and Minimum-Mean Square Error Short-Time Spec-
tral Amplitude Estimator (MMSE-STSA) [25] with the noise
power spectral density estimator from [26]. Additionally, a U-
Net-based architecture with dilated convolutions, namely the
‘Deep Audio Prior with Dilated Convolutions’ (we will further
refer to as DCDAP) [1] was chosen for comparison. In audio in-
painting, we use a benchmark recently suggested by Turetzky et
al. [2] (see their Sec. 5 and Tab. 2). The benchmark allows for a
comparison with two ‘Deep Audio Waveform Prior’ approaches
(we will further refer to as DAWP), which use a modified De-
mucs architecture’ and a WaveUNet [27].

I A. Defossez et al., “Music Source Separation in the Waveform Do-
main,” arXiv preprint, arXiv:1911.13254, 2019.



Datasets. Following the experimental design in [1], LIJ-
Speech?, SC09 Spoken Numbers® [28, 29] and Bach Perfor-
mances [28] datasets were used in audio denoising experiments.
LJ-Speech is an open-source dataset including 13300 audio
clips (1-10 seconds at 22 kHz) of read passages from 7 non-
fictional books. SC09 Spoken Numbers dataset includes audio
clips (~1 second at 16 kHz) of digits 0-9 spoken by a range
of speakers with various accents. Bach performances dataset
includes piano recordings of Bach compositions (audio clip du-
ration >50 seconds at 48 kHz), 0.3 hours in total. Following
the experimental design in [2], speech from VoiceBank [30],
singing from MUSDB18* and music from MedleyDB 2.0 [31]
datasets were used in the audio inpainting experiments. Voice-
Bank includes clean and noisy utterances of English speakers
at 48kHz. MUSDBI18 consists of 150 songs (individual in-
struments, vocals and mix tracks as stereo signals at 44.1 kHz).
MedleyDB 2.0 includes 74 multi-track songs of different genre
provided at 44.1 kHz.

3.1. Evaluation Metrics

PSNR and PESQ were used as evaluation metrics in audio de-
noising experiments as proposed in [1]. The PSNR is defined

as follows:
) ; (10)

where MAX; denotes the difference between the maximum
and the minimum amplitudes of the signals € (—1,1) and
MSE(s, &) is the mean-squared error between the clean signal
s and &. The scikit-image implementation was used to calcu-
late PSNR. In order to measure the PESQ scores, python-pesq
library was used (option ‘wb’).

In addition to PSNR, SI-SNR [2] was considered as eval-
vation metric. To compute SI-SNR, we used the torchmetrics
implementation, where SI-SNR is defined as in [32]:

MAX?

PSNR(s, &) = 10 log,, <MSE(3:&)

1E1

SI-SNR(s, &) = 10 log;, ell?’

an

(@, s)s

where & = H’ |s|2 ande = & — s.
s

3.2. Implementation Details

In all experiments, overlapping chunks of 7" = 400 time sam-
ples were extracted from corrupted audio signals, correspond-
ing to N = 15601 chunks (for 1s signal) and N = 31601
chunks (for 2s). The number of variational parameters S =
|®(™)| = 64, hence, N x (|®™) |+ |¢‘$122N|) states are evaluated
per epoch. Evolutionary optimization (EVO) used 5 parents,
9 children and 4 generations, ‘uniform’ mutation, no crossover
and the parent selection based on ‘fitness’ (Eq.6). We used a
decoder DNN with three fully-connected layers and ReLU ac-
tivations. We used H = 64 neurons for the first layer (which
corresponds to the number of prior variables), 512 neurons for
the middle layer, and 400 neurons for the output layer (which
is determined by the chunk size T"). The prior parameters were
initialized as 7, = 1/H, o was initialized as mean of the vari-
ances of the data points plus a constant factor 10~. The DNN

Zhttps://keithito.com/LJ-Speech-Dataset/

3P. Warden, “Speech Commands: A Dataset for Limited-Vocabulary
Speech Recognition,” arXiv preprint, arXiv:1804.03209, 2018.

47. Rafii et al., “The MUSDB18 corpus for music separation,” Dec.
2017. [Online]. Available: https://doi.org/10.5281/zenodo.1117372
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Table 1: Comparison of blind zero-shot audio denoising per-
formance (additive Gaussian noise). A denotes the score im-
provement with respect to the noisy audio signal. & denotes the
average over 3 runs. As a statistical measure, we report popu-
lation standard deviation together with the obtained results.

LJ-Speech SC09 Bach
APSNR  APESQ APSNR APESQ APSNR
GA 6.17 0.02 8.14 0.05 10.50
MMSE-STSA 9.04 0.07 8.85 0.18 13.30
DCDAP 8.51 0.03 11.02 0.03 10.40
TVAE? 12.26 048 14.99 0.25 16.06

weights were initialized as samples of Xavier normal distribu-
tion (gain factor of 1), and the biases as 0. A cycling learning
rate [33] and Adam optimizer were used for decoder optimiza-
tion, with the lowest and the highest learning rates of 10~* and
1073, correspondingly, and 20 iterations in the increasing half
of a cycle. The batch size B = 32 was used and the number of
epochs was 500. In all experiments, the audio was resampled
at 16 kHz to allow for a fair comparison with [1] and [2]. The
used GPU hardware included: NVIDIA Geforce GTX Titan X
and Titan X Pascal, NVIDIA Tesla P100 and V100 GPUs.

3.3. Audio Denoising

In this task, we applied TVAE to a noisy audio signal, which
was produced by adding Gaussian noise with a standard devia-
tion o = 0.1 to the clean audio signal. To reduce computation
times, we randomly selected five audio clips from each used
dataset, i.e.from LJ-Speech, SC09, and Bach Performances.
These (in total 15) audio clips we used for the evaluation of
all methods. The results are presented in Tab. 1. GA, MMSE-
STSA and DCDAP are each applied once to each audio clip
which results in five PSNR and PESQ scores per dataset. Tab. 1
reports the corresponding average PSNR and PESQ improve-
ments for each dataset. The TVAE method was applied three
times to each audio clip resulting in 15 PSNR and PESQ scores
per dataset. In Tab. 1 the average PSNR and PESQ improve-
ments for each dataset are reported. For non-speech Bach Per-
formances, we report only the PSNR improvements.

For all three datasets, TVAE can improve the performance
of the baseline methods in terms of both PSNR and PESQ (see
Fig. 2 for visual result comparison). We did not compare to
the recent Only-Noisy Training (ONT) method [34] because the
data and settings for our benchmark in Tab. 1 where unsuitable
for that approach: (A) ONT is optimized for speech, while the
methods of Tab. 1 are applicable to general audio signal (includ-
ing music); and (B) the sampling rate of 16 kHz of the bench-
mark in Tab. 1 did not match the sampling rate of 48 kHz which
ONT uses (we used the implementation’ for our investigations).
Due to the different expected data and settings, we found that
amendments of the code would be necessary that would signif-
icantly go beyond changing preprocessing and hyperparameter
settings.

3.4. Audio Inpainting

To investigate inpainting performance, we adapted the experi-
mental procedure from [2] in order to compare the performance
of TVAE to DAWP training with Demucs and WaveUNet archi-
tectures. The corruption process included masking a small, non-

Shttps://github.com/ligingchunnnn/Only-Noisy-Training
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Figure 2: Results of TVAE audio signal denoising compared to other baselines. The audio clip was taken from the LJ-Speech dataset.

Spectrograms are only used for illustration purposes.

silent segment in an audio clip. The missing segment lengths
include 1, 2 and 5 ms (corresponding to 16, 32 and 80 consecu-
tive time samples missing at 16 kHz).

The preprocessing included cutting the available audio sig-
nals into non-silent audio clips of 2 s, following [2]. The speech
data was taken from the 28-speaker VoiceBank clean trainset.
For singing data, 5 songs were randomly chosen from the test
set of MUSDB18 dataset and the corresponding 5 vocal tracks
were preprocessed. For music data, 4 compositions were ran-
domly chosen from Medley 2.0 and only the corresponding in-
strumental tracks (3 included mix of instruments and one single
instrument track) were preprocessed. From the preprocessed
files, 20 were randomly chosen from each dataset. To reduce
computational costs, the TVAE method was applied once to
each audio clip in every condition (1, 2 and 5 ms missing) re-
sulting in 60 SI-SNR and PSNR scores per dataset. In Tab. 2,
the average SI-SNR and PSNR scores for each dataset are re-
ported. For DAWP approaches, SI-SNR and PSNR scores re-
ported in Tab. 2 are taken directly from [2].

Table 2: Zero-shot audio inpainting performance for TVAE and
the DAWP baselines. As a statistical measure, we report popu-
lation standard deviation together with the obtained results.

SI-SNR PSNR
WUnet Demucs TVAE  WUnet Demucs TVAE
Speech -2.05 6.57 13.75 12.02  32.71 42.79
1 ms Music -1.83  6.81 12.58 11.97 34.46 43.52
Singing -3.73  4.21 10.90 11.95 3840 36.32
Speech -5.33 355 13.69 10.53 34.02 42.72
2ms Music -5.77 298 12.69 10.79 30.44 43.48
Singing -8.45 -2.35 1091 10.02 31.62 36.32
Speech -12.13 -2.60 13.76 9.73  30.46 42.81
5ms Music -948 -2.11 12.70 10.47 30.03 43.46
Singing -11.07 -4.60 10.92 10.15 31.46 36.34

As can be observed (Tab. 2), TVAE shows an improved per-
formance over DAWP approaches in most conditions (exclud-
ing “Singing” with 1 ms masked segment). The high population
standard deviation of TVAE scores for “Music” conditions can
be attributed to the convergence to a very suboptimal local op-
tima for one of the 20 audio clips. Changing the initialization
of the decoder weights (e.g., Xavier normal distribution gain
parameter set to 0.5) resulted in better convergence and conse-
quently improved results. However, for better comparison, we
decided to keep the same weight initialization (gain parameter
set to 1) for all experiments. We did not compare to the SPAIN
method [35, 36] as it is exclusively focusing on inpainting, and
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Figure 3: Resulting speech signal inpainting using TVAE. Zero-
masked audio signal (80 consecutive time samples missing), the
inpainted and the original audio signals are compared.

as the original approach [35] was not data-driven. A visual il-
lustration of the audio inpainting achieved by TVAE can be seen
in Fig. 3.

4. Conclusion

We have investigated a recent VAE approach for audio restora-
tion. Evaluation on benchmarks showed that TVAE can sig-
nificantly improve over competing approaches for both audio
denoising (Tab. 1) and audio inpainting (Tab. 2). The ob-
served performance suggests that combining flexible and high-
quality probabilistic approximations with DNN-based modeling
can partly significantly improve restored audio. TVAE acquires
its performance based on a relatively small DNN (architecture
64-512-400) for all experiments, parameter efficiency of TVAE
with ~250k parameters is thus significantly higher than, e.g.,
for DCDAP, Demucs and WaveUNet networks with ~1.1, ~1.7
and ~70 million parameters, respectively.

However, performance and parameter efficiency of TVAE
also come at a cost. To restore a 2 s signal, TVAE requires ~7.3
hours, which is long compared to approaches leveraging larger
DNNs (and which confirms long execution times reported pre-
viously [15]). For TVAE, the high computational demands are
not only due to using many chunks and the averaging used for
restoration, but also due to combinatorial, non-amortized learn-
ing procedure. TVAE consequently offers itself for offline cor-
rupted signal restoration, while other approaches are preferable
if fast or compute efficient approaches are required.
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