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Abstract—This paper addresses the problem of audio de-
clipping, which occurs when audio signals exceed a certain
level, causing distortion and loss of information. To enhance
existing methods, we propose a novel solution combining deep
unfolding with the Douglas—Rachford algorithm (DRA) within
an optimization framework, offering a blend of deep learning
and optimization. The declipping problem is formulated as an
optimization task that aims to recover the original signal by
minimizing sparsity in the time-frequency domain. Qur approach
transforms each iteration of DRA into a layer of a neural net-
work, optimizing parameters based on training data. Experimen-
tal results demonstrate that the unrolled DRA (uDRA) achieves
short inference time compared to classical declipping methods,
although it does not yet match them in terms of restoration
quality. This work highlights the potential of deep unfolding for
efficient audio declipping, with future improvements needed to
capture the complexities of audio distortion more effectively.

Index Terms—audio inverse problems, deep unfolding, un-
rolling, declipping

I. INTRODUCTION

Saturation is a common type of nonlinear audio degrada-
tion where the signal amplitude above a certain threshold is
truncated. This results in harsh artifacts and a reduction of the
dynamic range. Even when the distortion is intentional, such
as in guitar effects, we usually seek to recover the lost signal
information. The process of restoring a signal from its clipped
observation is known as declipping.

The first approaches to solving such a task were model-
based, assuming and forcing certain physical properties of the
signal in the related inverse problem. The sparsity of audio
signals in the time-frequency domain of the discrete Gabor
transform (DGT) has achieved the state-of-the-art performance
[1]-[6]. Despite their good performance, the major drawback
of model-based algorithms is their very slow inference and
still not plausible results for high distortion [7].

The era of data-based processing introduced many new, suc-
cessful algorithms for solving audio inverse problems. Their
strength is largely due to the availability of extensive training
data and shorter inference times compared to traditional digital
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signal processing (DSP) techniques. However, neural networks
lack higher interpretability, operate as black box mappers from
distorted to clean signals, and often fail on unseen data.

Generative probabilistic models solve the inverse problem
from the Bayesian perspective and have very good perceptual
results [8]-[10], since they want to restore the signal to
be in high density regions based on distorted observation.
Despite the good perceptual results, the high-end GPU is
needed for the comparable inference time with traditional DSP
methods [9], which makes them also relatively slow.

The deep unfolding (DU), also known as algorithm un-
rolling, bridges model-based and data-driven approaches by
transforming classical iterative optimization algorithms into
structured neural networks with learnable parameters [7], [11].
This framework not only enhances computational efficiency
but also enables data-driven adaptation while maintaining
interpretability. A conceptually similar approach is found in
Plug-and-Play (PnP) methods, which incorporate advanced
denoising priors within iterative optimization schemes to solve
inverse problems [12]-[14]. Both DU and PnP exploit the
iterative nature of optimization, demonstrating how classical
techniques can be enhanced by modern learning-based com-
ponents.

Despite relatively large research regarding DU in image
processing [15]-[17], to the best knowledge of the author, the
DU is underexplored in the audio inverse problems [18]—-[20],
especially for nonlinear problems. In this paper the Douglas—
Rachford algorithm (DRA) will be unrolled for the audio
declipping task, where we expect that trainable parameters of
DRA will enhance the success of the algorithm.

The rest of the paper is organized as follows. Section II
formulates the problem and DU for the minimization problem.
In Section III training and evaluation of the unrolled network
are described. In the Section IV the performance of the
modified algorithm and future improvements for the unfolding
framework are discussed.

II. METHOD

A. Problem Formulation

Let x be an undistorted audio signal of length NN, and
consider a nonlinear distortion known as hard clipping with
a threshold 6 € [0,1]. The hard clipping operation can be
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expressed as the following element-wise mapping function
fg (X) —Yy:
if |z,| <6

1
if |x,| > 6. o

—_ xn
"=, sgn(zy,)
To formalize the declipping problem, we define three dis-
joint index sets: R (reliable samples) corresponding to values
that remain unchanged after clipping, H (high-clipped sam-
ples) corresponding to values that were clipped to +6, L (low-
clipped samples) corresponding to values that were clipped to
—40.
Using these sets, we may define the convex set I' € CP of
feasible solutions in the time-frequency domain as

I' = {c| (De)(R) = y(R). (De)(H) > 6, (De)(L) < 6},
2)
The operator D is a synthesis operator, specifically the inverse
discrete Gabor transform (DGT). As the analysis operator, D*,
the forward DGT is used such that these two operators satisfy
the Parseval tight frame condition, ¢ = D*Dc, where c are
time-frequency coefficients.
The declipping problem is then formulated as the following
optimization problem:

argmcin||w®c||1 + tr(c), 3)

where the first term promotes sparsity in the transform domain
using a weighted ¢;-norm on the DGT coefficients ¢, and
tr(c) is the indicator function of the feasible set I', enforcing
consistency with the observed clipped signal. This formulation
is based on the assumption that the ¢;-norm of the DGT
coefficients of the clean signal X is sparser than that of
the clipped signal y, making sparsity minimization a useful
constraint to recover the original signal.

B. Algorithmic solution

A well-known approach for solving problem (3) is the
DRA [21]. In this work, we consider a version of DRA tailored
to audio declipping, as proposed in [2].

Algorithm 1 Unfolded DRA
Require: initialiaze c(!) € CP, weights w € R”.
L layers (iterations), A=1, v > 0
1: forl=1,2,...,L do

3 1 = ¢ 4 A(softw (260 — W) — &)
return X = D¢

The projection step (line 2) ensures that the iterates remain
within the set of feasible solutions I'. It can be expressed as

projpe® = c¢® — D*(De® — proj;..(De®)), (@)

where projime is the projection operator in time domain
defined element-wise as

Yns for n € R,
(projlime(x))n = maX<97 xn)v for n € Ha (5)
min(—6,z,), forn € L.

Fig. 1. DRA scheme for nonlearned variant and for tied unfolded algorithm,
where 1) are shared between the layers.

Unfolded Douglas—Rachford algorithm

hr(:;9") Output

\ One layer s R
Fig. 2. Unfolded untied DRA with the detail of the first layer/iteration. The
projection and thresholding step corresponds to lines 2 and 3 in Alg. 1.

The thresholding step (line 3) applies a soft-thresholding
operator to promote sparsity in the DGT coefficients:

soft,w(c) = sgn(c) ® max(|c| — yw,0), (6)

where © is the Hadamard product. We can then write one
iteration as ct1) = h;(c() 4)), where 1 is the full set of
adjustable parameters (v, w) shared across the layers. This is
shown in Fig. 1.

C. Deep Unfolding

Despite the good objective results of the DRA, it has
two major drawbacks. It is quite difficult to set parameters
1 to achieve a good quality restoration, and a relatively
high number of iterations are needed to converge. The deep
unfolding aims to solve these two problems. It simplifies the
user’s choice by optimizing these parameters based on the
training data. It is reached by transforming each iteration into
a single neural network layer. Formally, we can see unfolding
as a composition of functions

) = hpohp_qo0---0hi(cW),

x = DeEHY = D(projpeEHY),

(7a)
(7b)

The parameters that are optimized are highlighted in red
in Alg. 1. Based on the design choice, we distinguish between
tied unrolling, with shared parameters along layers shown in
Fig. 1, and untied unrolling, where the parameters of each
layer are optimized separately, illustrated in Fig. 2 [18]. These
design choices are explained more in Sec. III
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III. EXPERIMENTS AND EVALUATION
A. Network architecture

We selected a limited number of layers to guarantee fast
inference, which is the main strength of the DU algorithm.
Based on the survey paper [7], L = 15 layers were chosen.
The setting of DGT and iDGT is the same as in [2]: FFT
length, ngy = 8192, hop size a = 2048, Hann window with
size m = 8192, and c(!) is always initialized with zeros.

B. Ablation study of learnable parameters

Firstly, the selection of learnable parameters was examined
before training on a larger dataset. A mono segment, approxi-
mately 6 seconds in length at 44.1 kHz, was chosen from the
MusicNet dataset train set [22]. This dataset consists of various
classical music ensembles. The value of ASDR (defined in
Sec. III-D) was examined, and the variant of weights with the
highest value was selected.

The parameter A\ was fixed to 1 for all experiments to
ensure algorithm stability. The parameters v and w in (6) were
examined, with the best initialization or system for computing
weights being tested. If + is optimized, then w is fixed, and
vice versa. For all experiments the untied version of DU was
used [7].

In the first set of experiments, v was optimized with a fixed
weighting vector w. The vector w was initially set to all-
ones and a parabola-based approach from [2] was applied.
However, these experiments did not lead to a significant
improvement against the baseline because optimizing only
is not expressive enough.

With v =1 fixed, the frequency weights w of coefficients
were optimized. Following the symmetry of the FFT, only
ngt/2+ 1 weights were optimized in one layer, then replicated
across the other half of the spectrum. This approach, however,
did not produce good results, as it was highly sensitive to each
frequency bin based on the training data.

To address this, the number of weighting bins was reduced
using critical bands, as introduced by Zwicker [23]. With
the simplified formulation [24], linearly spaced FFT bins are
mapped to 26 bins:

26.81f
1960 + f

This mapping implies that each Bark bin influences multiple
FFT bins based on the human auditory system. The optimized
Bark weights are then mapped back to the FFT bins. This
approach resulted in the highest ASDR value in this single-
signal study and was used in the proposed trained network.

Bark(f) = L - 0.53J . (8)

C. Training

The 15-layer network was trained on the entire training set
of MusicNet with a batch size of 4 and a segment length of
6 seconds for 50,000 iterations. The input signal-to-distortion
ratio (SDR) for signal distortion was randomly drawn from 1,
3,5, 7, and 10 dB for each batch. The network was optimized
using Adam [25] with a learning rate of 2-10~*. The selected

loss function was error-to-signal ratio (ESR) with high-pass
pre-emphasis filter as proposed in [26], to assign higher weight
to high-frequency content. The trained weights are shown in
Fig. 3. As seen in the figure, the mean of the weights for each
bin resembles a parabola shape, which was also shown to be
successful in [2]. The low values in the last critical bands (high
frequencies) do not follow the parabolic shape, likely because
these bands typically contain little signal content. As a result,
the optimizer may assign smaller weights to these regions, as
they have less perceptual impact on the overall signal.

T T T T T T
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—
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=
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=
0 P P R T N B
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Bark bin (-)
Fig. 3. Learned weights of uDRA in critical bands. The thick red line

represents the mean of all layers at a given bin.

D. Comparison with baselines

We compare our learned algorithm uDRA with unweighted
DRA and parabola-weighted DRA [2]. To compare the perfor-
mance, nonlearned algorithms were run with 1000 iterations,
as a region where the algorithm should converge and with
20 iterations to compare performance with similar processing
time as the learned algorithm.

For evaluation, 10 segments were chosen from the test set
of MusicNet. Objective metric ASDR is used.

The ASDR defines an improvement of SDR between
restored signal X and distorted signal y. The SZDR for
two signals is defined SDR(u,v) = 10log;, % then
ASDR = SDR(x,x) — SDR(x,y), where x is true target, X
is reconstructed and y is clipped signal [2]. The results are
presented in 4. We can see that our algorithm outperforms
classical algorithms if the number of iterations is similar, but
it does not outperform the algorithm if the number of iterations
reach the region of convergence.

E. Computational demands

The processing time of the algorithm is one of the strengths
of uDRA. Table I shows the mean and variance of processing
times for the algorithms computed on an Nvidia Geforce 4090
GPU and an i7-12700k CPU. The evaluation was performed
on the same set of 60 signals used for the objective evaluation.
As seen in the table, the inference times for 20 iterations of
non-learned DRA and the 15-layer uDRA are quite similar for
both the GPU and CPU, but objective results are better for the
learned uDRA as presented in III-D.
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Fig. 4. The mean values of ASDR for tested algorithms on 10 signal
segments

TABLE I
PROCESSING TIME OF THE ALGORITHMS IN SECONDS

Method GPU CPU

DRA 1000 2.41+£0.03  252.13+£56.58
wDRA 1000 2.44+0.02 251.52467.83
DRA 20 0.10 £ 0.02 5.05 £ 0.06
wDRA 20 0.04 £0.01 5.09 £0.04
uDRA 15 0.12+0.03 3.85+0.03

F. Discussion

While the 15-layer uDRA network shows promising results,
the current configuration with only 390 parameters may not be
sufficient to fully capture the complexity of signal distortion.
Although the model performs well compared to classical
algorithms, increasing the parameter space could offer more
control over behavior of the system.

IV. CONCLUSION

In this article the deep unfolding of Douglas—Rachford
algorithm was applied for audio declipping. The method has
shown good performance in terms of objective metric. It
beats the classical algorithms in a comparable number of
iterations but it has not reached the perceptual quality of
the parabola-weighted DRA with the guaranteed number of
steps for convergence. However, we hope that a more complex
neural network which would replace the one of the steps will
solve this problem.
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