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ABSTRACT

We consider compressive sensing problems with model mismatch
where one wishes to recover a sparse high-dimensional vector
from low-dimensional observations subject to uncertainty in the
measurement operator. In particular, we design a new robust deep
neural network architecture by applying algorithm unfolding tech-
niques to a robust version of the underlying recovery problem. Our
proposed network – named Robust lErned Shrinkage-Thresholding
(REST) – exhibits additional features including enlarged number
of parameters and normalization processing compared to state-of-
the-art deep architecture Learned Iterative Shrinkage-Thresholding
Algorithm (LISTA), leading to the reliable recovery of the signal
under sample-wise varying model mismatch. Our proposed net-
work is also shown to outperform LISTA in compressive sensing
problems under sample-wise varying model mismatch.

Index Terms— Inverse Problems, Compressive Sensing Prob-
lems, Model Mismatch, Robustness, Deep Learning

1. INTRODUCTION

Inverse problems – involving the recovery of a high-dimensional
vector of interest from a low-dimensional observation vector – arise
in various relevant signal and image processing applications such as
compressive sensing [1,2], compressive radar [3,4], medical imag-
ing [5], and many more. However, without any assumptions, it is
not generally possible to recover the quantities of interest from the
observations because the problem is typically highly ill-posed [6].

Three major classes of approaches have therefore been de-
veloped over the years to solve such inverse problems. Classical
model-based techniques leverage knowledge of the underlying
linear model to solve inverse problems via the formulation of op-
timization problems that include two terms in the objective: (1) a
data fidelity term and (2) a data regularization. The fidelity ter-
m encourages the solution to be consistent with the observations
whereas the regularization one encourages solutions that conform
to a certain postulated data prior. For example, variational methods
use a regularizer that promotes smoothness of the solutions [7, 8]
whereas sparsity-driven methods use regularizers that promote
sparse solutions in some transform domain [9, 10].

More recent data-driven techniques “solve” an inverse problem
by using powerful neural networks that learn how to map the model
output to the model input based on a number of input-output ex-
amples [11, 12]. These data-driven approaches require rich enough
datasets – which may not be always available in various domains

– in order to learn how to solve the inverse problem. These ap-
proaches however can offer superior performance compared with
model based ones [12].

Finally, in view of the fact that the underlying inverse prob-
lem model is often (approximately) known in various scenarios,
there has been an increased interest in model-aware data-driven ap-
proaches to inverse problems via the adoption of algorithm unfold-
ing (or unrolling) techniques [13–15]. This line of work dates
back to the seminal work by Gregor and LeCun [13] showing that
it is possible to map certain inverse problems iterative solvers onto
a deep network architecture whose parameters can be further learn-
t to deliver state-of-the-art performance. It has seen a renaissance
in recent years [15] because they can combine the merits of model
based approaches (interpretability) and data driven ones (state of
the art performance).

However, the presence of any mismatch between the actual
model and the postulated one – underlying the operation of the dif-
ferent approaches – can lead to a serious performance degradation
for model-based techniques and data-driven approaches. The im-
pact of model mismatch in inverse problems such as compressive
sensing has also been studied in detail in [17]. Such mismatches
might arise in practice due erroneous assumptions about the mea-
surement operator [16], erroneous modelling assumptions [17], or
other problems.

Model-aware data driven approaches such as LISTA can cope
well with scenarios where the model mismatch is fixed for different
data samples. In particular, since the assumed measurement model
is utilized as a initialization, any deviation between the postulat-
ed measurement model and the true one can be learnt through the
training procedure. However, the situation is totally different where
model mismatch varies between different data samples or between
training and testing data. It is very hard to estimate sample-wise
varying model mismatch in the existing model-aware data-driven
approaches, and correspondingly, the recovery performance will se-
riously decline.

There has been some work on how to design model-based
approaches that can effectively mitigate the impact of model mis-
matches in inverse problems. These include total-least squares
based recovery algorithms [18] along with the matrix-uncertainty
generalized approximate message-passing (MU-GAMP) algorith-
m [19]. However, there appears to be less work on how to design
data-driven approaches – specially deep learning ones – that can
effectively mitigate the challenge with sample-wise varying model
mismatch. In fact, it has often been shown that, in the presence
of mismatches, the performance of model based approaches to in-



verse problems can be significantly better than deep learning based
ones [20].

In this paper, we show however that it is possible to design
robust neural network architectures – leveraging unfolding tech-
niques –allowing one to recover a high-dimensional vector from
low-dimensional measurements subject to uncertainty in the com-
pressive measurement operator within the context of compres-
sive sensing problems. In particular, by building upon robust
model-based algorithms, we develop a Robust lErned Shrinkage-
Thresholding (REST) network by unrolling one iteration in a pro-
posed robust ISTA algorithm into one layer and stacking several
layers together. In addition, various experiments and observations
are showing that REST outperform other model-based approach
and learning based approaches such as LISTA in the presence of
sample-wise varying model mismatch in inverse problems. This
could capture scenarios where one desires to use a single network to
solve different compressive sensing tasks where the measurement
matrices might differ slightly.

2. PROBLEM FORMULATION

Consider a conventional linear inverse problem given by:

y = Ax+ e, (1)

where y ∈ RM×1 is an observation vector, x ∈ RN×1 is the vector
of interest, and e ∈ RM×1 is measurement noise. The matrix A ∈
RM×N models the forward operator where N > M .

It is not generally possible to recover x from y when N > M
unless one makes additional assumptions about the structure of the
vector. In particular, by postulating that the vector of interest x is
sparse, a popular approach to recover x from y involves using the
least-absolute shrinkage and selection operator (Lasso) [21] given
as the solution to:

min
x
‖y −Ax‖2 + λ‖x‖1, (2)

where ‖ · ‖2 is the l2 norm and ‖ · ‖1 denotes `1-norm. This opti-
mization problem can be solved using the well-known iterative soft
thresholding algorithm (ISTA) [22] or alternating direction method
of multipliers (ADMM) [23].

Alternatively, one can adopt algorithm unfolding or unrolling
techniques [15] to map such solvers onto a neural network archi-
tecture, whose parameters can then be further tuned using gradi-
ent descent or some variant based on the availability of a series of
examples {(xi, yi}ni=1. Networks derived from ISTA or ADMM
known as LISTA [13] and ADMM-CSNet [24] respectively, have
been shown to perform much better than purely learnt networks
(e.g. [12]) or ISTA [22] or ADMM [23].

Consider now a more challenging scenario where the observa-
tion vector y ∈ RM×1 is related to the vector of interest x ∈ RN×1

as follows:

y = (A+ E)x+ e. (3)

The model in (1) differs from the model in (3) in that the forward
operator A – which is assumed to be known – is now also contam-
inated by an error matrix E – which is assumed to be unknown.
Therefore, in addition to noise, one now needs to recover the vec-
tor of interest from the observation vector in the presence of model
mismatch.

To recover x in this case, one may consider a robust version of
LASSO, or an `1 regularized version of total least squares [18]:

min
x,e,E

‖e‖2 + ‖E‖F + λ‖x‖1, s.t. y = (A+ E)x+ e. (4)

Our goal is to build upon this formulation in order to design an
unfolded network that can be used to recover x reliably from y in
the presence of model mismatch that can vary from data sample to
data sample..

3. ROBUST LEARNED SHRINKAGE-THRESHOLDING
NETWORK

3.1. Robust ISTA

We start by designing an ISTA-like iterative algorithm in order to
recover x from y in the presence of model mismatch.

First, as shown in [18], we can convert the optimization problem
in (4) that delivers both x, e and E into an optimization problem
only on x as follows:

min
x

‖y −Ax‖22
1 + ‖x‖22

+ λ‖x‖1. (5)

We use a proximal gradient methods in order to design an iterative
algorithm to recover x from y. In particular, by taking the gradient
on the first term in (5) and executing a proximal step on the second
term, we end up with a series of iterations:

xk+1 = Sµλ
{
xk − µgk

}
, (6)

where xk+1 represents the (k + 1)-th iterate, xk is the k-th iterate,
µ > 0 is a step size, and gk is the gradient of the first term of (5)
evaluated at xk and is given by

gk =

2

(1 + ‖xk‖22)2
[
(1 + ‖xk‖22)AT (Axk − y)− ‖y −Axk‖22xk

]
.

(7)

The operator Sµλ(·) is the soft thresholding operator, and is ap-
plied element-wise on its vector argument as Sµλ{x} = sign(x) ·
max(|x| − µλ, 0).

The iterative algorithm in (6) can be seen as a robust version
of the ISTA algorithm, because both ISTA and robust ISTA in
(6) solve a `1 regularized version of a least square problem using
proximal gradient methods. However, robust ISTA faces a robust
problem in (4) and (5), wherein model mismatch is taken into con-
sideration.



We next adopt unfolding techniques in order to map this robust
recovery algorithm onto a robust neural network that can be used
to recover high-dimensional sparse vectors from low-dimensional
noisy measurements in the presence of model mismatch.

3.2. Robust Learned Shrinkage-Thresholding Network

3.2.1. Architecture

To derive our network architecture, we first plug (7) into (6) which
results in

xk+1 =

Sµλ
(
1− 2µ‖y −Axk‖22

(1 + ‖xk‖22)2
xk +

2µATA

1 + ‖xk‖22
xk − 2µAT

1 + ‖xk‖22
y

)
(8)

We next also re-write (8) as follows

xk+1 =

Sµλ
(
1− 2µ‖y −A1x

k‖22
(1 + ‖xk‖22)2

xk +
2µA2

1 + ‖xk‖22
xk − 2µA3

1 + ‖xk‖22
y

)
(9)

where we have replaced A in the first term by A1, ATA in the
second term by A2, and AT in the third term by A3.

We can now immediately map the iterative algorithm in (8) onto
a neural network architecture using unfolding techniques. In par-
ticular,

• We map each iteration of the algorithm onto a layer of the
neural network. Such a layer produces an output xk+1 –
which is input to the next layer – based on an input xk that
undergoes a series of transformation such as linear transfor-
mations, linear scalings, and soft-thresholding operations.

• We then stack various such layers in order to produce an over-
all neural network. Such a network consisting of K layers
corresponds to K iterations of the original robust ISTA algo-
rithm, it accepts as input an initialization x0, and it delivers
as output an approximate solution xK .

• Finally, we use different learnable parameters per network
layer corresponding to the original parameters. Concretely,
we use learnable parameters λk+1, µk+1, Ak+1

1 , Ak+1
2 and

Ak+1
3 associated with the k-th layer in lieu of the parameters

λ, µ,A1, A2 and A3 associated with our learning algorithm.

The architecture of our network is depicted in Fig. 1.

3.2.2. Learning Algorithm

To optimize the learnable parameters we rely on a dataset contain-
ing a series of pairs (xl, yl), l = 1, ..., Lwhere xl corresponds to the
original sparse vector and yl corresponds to the observation vector

Fig. 1. REST Neural Network Architecture.

derived from the linear model in (3) for some fixed forward oper-
ator A and some unknown forward operator perturbation E (that
may vary from example to example).

We also rely on a standard cost function measuring the differ-
ence between the network prediction of the vector of interest and
the ground truth vector of interest as follows:

min
θ

1

L

L∑
l=1

‖x̂l − xl‖22 (10)

where x̂l corresponds to the network output given network input
yl, xl corresponds to the ground truth and θ aggregates the various
learnable parameters. We can then adopt standard gradient descent
algorithms in order to learn the network parameters λk, µk, Ak1 , A

k
2

and Ak3 .

3.3. REST vs LISTA

Fig. 2. LISTA Neural Network Architecture.

We will see in the sequel that REST can perform substantially
better than other unfolding approaches such as LISTA in the pres-
ence of inverse problems subject to model uncertainty. It is there-
fore instructive to compare the REST network architecture to the
LISTA architecture (cf. Fig 1 vs Fig 2).

The main difference between a layer in LISTA and in REST lies
in two additional processing operations: 1) one corresponds to the
first term in (8) and 2) the other corresponds to the normalization
operation by 1 + ‖x‖22. In fact, without these operations, the REST
architecture immediately reduces to the LISTA one. It thus plausi-
ble that these additional operations play a critical role in mitigation
of sample-wise model mismatch::

• the first operation critically enlarges number of parameters,
allowing for a much better fit in the presence of model mis-



match. We will indeed see in the sequel that LISTA does not
fit well to the training data whereas REST does much better.

• the second operation seems to play a role in the regularization
of the distribution of the network output. With the normal-
ization by 1 + ‖x‖22, the network output seems to be more
uniformly distributed – hence mimicking better the network
input distribution. Without such normalization, the network
output exhibits a much more skewed distribution.

4. EXPERIMENTS

We now compare the performance of REST to well-known LISTA
for a simple compressive sensing task where one wishes to recover
a vector of interest from a vector of noisy linear measurements, in
the presence of model mismatch that may differ for different linear
measurements. We also report results for Basis Pursuit (BP), ISTA
and robust ISTA.

4.1. Experiment setup

Our experimental set-up involves the generation of synthetic data,
where y ∈ RM is generated via the model in (3), x ∈ R25 is a vector
with sparsity equal to four with the non-zero elements randomly
chosen within the interval (0, 1], and e is a Gaussian vector with
zero mean and variance σ2 = 0.03. The measurement matrix A ∈
RM×25 is Gaussian with ‖A‖F = 10 and the perturbation matrix
E ∈ RM×25 is also Gausssian with ‖E‖F varying between (0, 12].

We generate 1000 different sample pairs (x, y) where the matrix
is A remains fixed, the matrix E varies from sample to sample, and
the noise vector e also varies from sample to sample. For the learn-
ing based approaches REST and LISTA, a fraction of these sample
pairs is used for training purposes and the remaining samples are
used for testing purposes (i.e. evaluation of the performance of the
approaches). For the model based BP, ISTA and robust ISTA, we
use 100 samples only to evaluate the performance. We adopt as
performance metric the mean squared error between the original
vectors and the reconstructed ones.

4.2. Experimental Results

Fig. 3 (a) depicts the evolution of the loss in terms of the number
of training epochs for REST and LISTA. We observe that LISTA
converges faster than REST possibly because the number of learn-
able parameters is lower in LISTA than REST. 1 However, we can
also observe that REST fits the data much better than LISTA in the
presence of model mismatch.

Fig. 3 (b) depicts training and testing error versus number of
training samples for REST and LISTA. We note again that training
error is much lower for REST than LISTA, especially for a larg-
er number of training points. Likewise, the testing error is also
much lower for REST in comparison with LISTA. Interestingly, in

1Here, both REST and LISTA are set to contain 5 layers. In each layer, REST has
2 learnable parameters as well as 3 learnable matrices, while LISTA has 1 learnable
parameter and 2 learnable matrices.

the presence of model mismatch, the generalization error – corre-
sponding to the difference between testing and training errors – is
also smaller for REST than LISTA.

(a) (b)

Fig. 3. REST vs LISTA: (a) Convergence (b) Performance forM =
13, ‖E‖F = 5.

Figs. 4 (a) and (b) depicts how the training error and the testing
error behaves as a function of the level of mismatch for a range of
approaches. It is clear that with the increase of mismatch LISTA
training and testing errors become substantially worse than REST
training and testing errors. Importantly, REST also outperforms
model based algorithms such as BP, ISTA and notably robust ISTA.

(a) (b)

Fig. 4. Performance with different levels of model mismatch for
M = 10. (a). training error. (b). testing error.

5. CONCLUSION

Deep learning has achieved significant successes in various signal
and image processing tasks, but it is also known deep learning is
very vulnerable to various perturbations. We show – by adopting
algorithm unrolling techniques – that it is possible to design neural
network architectures that can reliably recover high-dimensional s-
parse vectors from low-dimensional noisy linear measurements in
the presence of a challenging sample-wise model mismatch setting.
We also show the proposed REST network outperforms LISTA in
view of various additional operations that seem to endow the archi-
tecture with some inherent robustness to mismatches.
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