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Abstract—Audio compression is still an up-to-date topic be-
cause the demand for big data streams is rapidly increasing. Deep
learning has brought up new algorithms that decrease bitrates
with good perception quality. The novel approach in generative
artificial intelligence is to produce new data from prior stored in
network parameters, called a deep prior. The deep audio prior
framework shows its success in various tasks such as inpainting,
declipping, and bandwidth extension, but it has not been tested
for compression. In this paper, we test this method with a pre-
built network for inpainting. Our idea of compression is based
on reducing the number of time-frequency coefficients in the
spectrogram while allowing the reconstruction of the original
signal with high quality.

Index Terms—audio processing, deep learning, deep audio
prior, compression

I. INTRODUCTION

The problem of signal compression is as old as the commu-
nication itself [1]. Despite the increased speed of the transmis-
sion channels, user demands also follow this trend. Currently
in audio, there is a demand for real-time applications, such
as music shows that take place at multiple locations simul-
taneously that require a fast data stream and are especially
sensitive to latency. On the contrary, some applications need
better sound quality than low latency. This makes the topic
of audio compression attractive and opens up various research
directions for improvement.

The operation of a generic codec, which stands for coder–
decoder, can be categorised into two key parts. The encoder
compresses the original data into a smaller size while main-
taining the quality of perception as much as possible. The
fundamental component of the encoder is quantiser where
compressed data are effectively encoded for transmission.
The decoder reconstructs the received signal with minimal
deviation from the original unprocessed signal.

The key properties of an audio codec are decoded quality
(ability to restore compressed audio with minimal loss), com-
pression efficiency (low bitrate), generation speed, and latency
(minimum time to initialise the codec) [2]. Audio codecs
are split into two variants: waveform codecs and parametric
codecs. The parametric codecs saves storage in underlying
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features such as the time-frequency (TF) characteristic. Pop-
ular TF representations are the Short-time Fourier Transform
(STFT), Constant-Q Transform (CQT), or Modified Discrete
Cosine Transform (MDCT). These are used by most successful
coders. The most popular audio codec is the MPEG layer 3
(mp3) as a part of the video codec [3]. Its efficiency is
based mostly on psychoacoustical principles. The ear tract
is a mechanical system and is imperfect. The codec sup-
presses information below the absolute threshold of hearing
and exploits frequency masking. The subsequent technologies,
Advanced Audio Codec (AAC) [4] and the open-source Vorbis
[5], enhance the concepts of the mp3 and result in more
efficient storage utilization. These codecs are significant for
low bitrate, but the decoded quality is generally worse than
waveform codecs.

In contrast, waveform codecs manipulate with raw audio
signal. The simplest idea is to downsample waveform data
and then interpolate the dropped samples. The first digital
codecs were built upon this idea. Algorithms for coder are
fast and this technique is still present [6]. The advent of deep
learning has also affected the area of codecs. For example,
SoundStream [7], Encodec [8] as end-to-end waveform codecs.
They used residual vector quantisation to reduce bitrate, while
utilising the loss of the HiFi-GAN vocoder [9] to ensure
the fidelity of the decoded audio. The novel state-of-the-art
combines the strengths of the parametric and waveform codec,
APCodec [2].

Deep neural networks also open up quite different ways
of approaching problems in signal processing and restoration.
Instead of an end-to-end or parametric approach in audio, we
can optimise the prior of data hidden in network layers. These
methods have shown success in image restoration tasks, e.g.
Deep Image Prior – DIP [10]. Additional applications were
developed from DIP, including variations with audio, e.g. the
Deep audio prior [11] and Deep prior audio inpainting (DPAI)
[12]. They have shown success for a variety of different
restoration problems. Compression is a task that has not yet
been tested with deep prior networks to our best knowledge.
The similarity of data (de)compression and inpainting prob-
lems motivates the use of DPAI as a decoder of subsampled,
i.e. compressed, data [6].

This paper is organised as follows. Section II describes
the tools used to solve inpainting problems with the deep
prior neural network. Section III contains the setup of the
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experiment and the choice of TF masks. Sections IV and V
summarise the results and future work.

II. PROBLEM FORMULATION

Assume a single channel audio signal x ∈ RL sampled at
sampled at the sampling rate of fs (Hz) where L is the number
of samples. The TF characteristic of the signal is computed
using the STFT. Conversely, given the TF characteristic, the
time-domain signal can be synthesised using the inverse STFT
(iSTFT). Both operations are linear and can be represented as
the analysis operator A (STFT) and the synthesis operator D
(iSTFT). The analysis operator A : RL → CM×N transforms
the signal x into a complex matrix (spectrogram)

X = A(x) ∈ CM×N . (1)

The number M expresses the number of frequency bins, and
N is the number of time frames. The synthesis operator is
a mapping D : CM×N → RL. With an appropriate setting
for the pair of A and D the composition of the analysis and
synthesis is the identity [13], i.e. x = D(A(x)) for any signal
in the time domain x.

For the task of audio inpainting, the damage is usually
considered in the time domain. However, there is an alternative
approach that simulates loss in the TF domain [12], [14]. For
a clean spectrogram X ∈ CM×N , the damaged spectrogram
X̃ is obtained according to

X̃ = X⊙M, (2)

where M ∈ RM×N is mask matrix and ⊙ is Hadamard
(element-wise) product. The matrix M is a binary mask
with value one when the corresponding complex coefficient
is preserved, and zero if its discarded. The authors of [12]
used only masks for the inpainting task where the full columns
are removed. Our implementation extends these masks beyond
these presumptions, and we remove coefficients from the
whole coefficient matrix. The exact process for the generation
of masks will be described in Section III-B.

A. Deep Prior

We would like to use the Deep Prior neural network for the
audio compression scenario. Most approaches train the net-
work and get the knowledge about parameter distribution from
learning. However, a significant amount of data knowledge
about the sound is contained within the network architecture
even without performing any training of the model param-
eters. This approach uses a completely untrained generative
convolutional neural network (CNN).

We can write inverse audio problem as an energy minimi-
sation task:

X̃∗ = argmin
X

E(X⊙M; X̃) +R(X) , (3)

where E(·) is task-dependent data fidelity term. For inpainting
(compression) tasks, it is mostly the Mean Square Error (MSE)
or ℓ1 norm. The fidelity part ensures the solution will not
deflect from the reliable part of the spectrogram. The second
part R(·) is the regularisation term. It captures generic prior

in the spectrogram, and it is usually hard to describe. In deep
prior approach, the regularizer R(·) is replaced by the neural
network fθ(·) with parameters θ which captures the implicit
prior [10]:

θ∗ = argmin
θ

E(fθ(Z); X̃), X∗ = fθ∗(Z) , (4)

where Z ∼ N (0, 1) is an initial random noise realization. The
minimiser θ∗ is obtained using well-known optimisers, in our
case Adam [15].

Due to the fact that the result is a repaired spectrogram,
for an audible result, we need to synthesise these complex
coefficients. Result signal is

x∗ = D(X∗). (5)

Despite using a neural network, no pre-trained models are
used. Only damaged audiosignal transformed into a spec-
trogram, and a proper network architecture are needed for
successful reconstruction. In deep prior approach we do not
look for answers in the audio domain (end-to-end), but in the
domain of network parameters. This makes it unique, because
it is not prone to choice of dataset. Every inference learns the
prior from given spectrogram from noise.

III. EXPERIMENTS

A. Dataset and preprocessing

For evaluation, we use 10 music signals from [16] with
different harmonic and percussive characteristics (violin, ac-
cordion, celesta, etc.). The signals are resampled from the
original 44.1 kHz to 16 kHz and shortened to 5 seconds. This
step was necessary for the use of a pre-built network.

B. Time-frequency masks

We tested two types of TF masks. In both cases, we define
the ratio of missing coefficients expressed as a percentage.
We are aware of the rounding error due to the fact that some
percentage ratios of total number of coefficients (M · N )
are floats. However, the error does not exceed tenths of a
percent and we neglect this small mistake. The range of absent
percentages extends from 10 to 90% in increments of ten,
comprising a total of ten masks. Masks are applied to same
complex numbers (2D mask for real part is duplicated for the
imaginary part of complex coefficients).

The first variant chooses the specified ratio of random
positions from the whole coefficient matrix. To be fair to the
whole dataset, we use a single pregenerated mask for all ten
signals in the dataset. This ensures that coefficients on same
positions are vanished.

The second mask is generated for each signal independently
since it depends on the context of the signal. We calculate
the absolute value of every complex coefficient (i.e. energy
of coefficients). Then we sort the coefficients in ascending
order by energy separately for every column. We remove the
expected ratio of coefficients in each column.

227



SNR

10 20 30 40 50 60 70 80 90
%

0

5

10

[d
B

]

Energy sort mask

10 20 30 40 50 60 70 80 90
%

0

20

[d
B

]

Random mask

SI - SNR

10 20 30 40 50 60 70 80 90
%

-30
-20
-10

0
10

[d
B

]

Energy sort mask

10 20 30 40 50 60 70 80 90
%

-10
0

10
20
30

[d
B

]

Random mask

SDR

10 20 30 40 50 60 70 80 90
%

-20

0

20

[d
B

]

Energy sort mask

10 20 30 40 50 60 70 80 90
%

0
10
20
30

[d
B

]

Random mask

SI - SDR

10 20 30 40 50 60 70 80 90
%

-40

-20

0

[d
B

]

Energy sort mask

10 20 30 40 50 60 70 80 90
%

-10
0

10
20
30

[d
B

]

Random mask

PEMO-Q

10 20 30 40 50 60 70 80 90
%

-4

-2

0

O
D

G
 [-

]

Energy sort mask

10 20 30 40 50 60 70 80 90
%

-4

-2

0

O
D

G
 [-

]

Random mask

PEAQ

10 20 30 40 50 60 70 80 90
%

-4

-2

0

O
D

G
 [-

]

Energy sort mask

10 20 30 40 50 60 70 80 90
%

-4

-2

0

O
D

G
 [-

]

Random mask

Damaged Reconstructed Reconstructed with context

Fig. 1. The performance of the metrics used for both masks shows that the random mask outperforms the energy significance-based sorting mask.
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C. Network architecture

The very trending neural architecture in the area of audio
processing is UNet [17]. It has a very similar structure to
codec itself, because it consists of two principal parts, encoder
and decoder. The main building blocks of these networks are
convolutional layers, pooling layers, and skip connections.

In particular, the implementation of DPAI [12] uses the
MultiResUNet [18] architecture with harmonic convolutions
[19]. This operation speeds up optimisation and has better
results from the perceptual point of view. A music signal
has a nonlinear frequency representation. This makes the
adjacent coefficients and 2D convolution quite inappropriate.
This problem is solved by what the authors call the harmonic
convolution, which computes its value from multiples of
chosen coefficient rather than neighbouring. These operations
should be more suitable for an audio signal because the
harmonic series is composed of integer multiples of the base
frequency [20].

We used Miotello’s implementation1 where we modified
only the TF masks. The net specifications described as ”best2”
were used as in [12]. This model has approximately 7 million
parameters. The complex spectrogram is split into real and
imaginary parts and stacked in the network. The simplified
network architecture is shown in figure 2.

Fig. 2. MultiResUNet architecture used from [12].

D. Metrics

We only use objective metrics for the evaluation. From non-
perceptive methods, signals were evaluated by signal-to-noise
ratio (SNR) and its updated version Scale-Invariant SNR (SI-
SNR) and also signal-to-distortion ratio (SDR) and its scale-
invariant version (SI-SDR). In [21] compression was described
as one of the scenarios in which classic SNR/SDR results
should be evaluated carefully and instead use scale-invariant
versions. As the perceptually motivated metrics, PEMO-Q [22]
and PEAQ [23] were used. The evaluated signals for the
last two metrics were resampled to 48 kHz and 44.1 kHz,
respectively, due to its implementation limitations. For every
metric, its higher value means a better reconstruction.

IV. RESULTS AND DISCUSSION

A single reconstructed signal was generated approximately
in 20 minutes. Each mask has two possible outputs. The

1https://github.com/fmiotello/dpai

first is the output generated without any post-processing.
Second, called “with context”, replace generated samples after
inference with reliable coefficients before inference (where
mask has true value).

In figure 1, the metrics evaluated for both masks are dis-
played. The variant that uses a random mask outperformed the
other in all metrics discussed. These outcomes are similar to
audible results. Specifically, for the random mask, satisfactory
results are obtained when approximately 50 to 60 % of the
coefficients are missing. In contrast, for the more meaningful
mask with coefficients sorted by energy, the results are regret-
tably inferior, with noticeable changes occurring when 20 to
30 % of coefficients in the spectrogram are absent.

V. CONCLUSION

As the first in research community, we present the redesign
of the deep-audio prior audio inpainting framework for the task
of audio compression. The results have shown that the concept
different from inpainting works and leads to a reasonable
solution. However, application in the real world is difficult.
Mainly due to a very long inference time, which is very hard
to reduce in prior based methods.

The success of random initialisation offers new ways to
explore new ideas. One idea is to implement deep prior for
the raw waveform, but inference time could be similar. Today,
the most trending model is the diffusion model, which also
recovers information from noisy distributions and could be
tested in further research.
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