=Pr-L

m Ecole
polytechnique
fédérale
de Lausanne

Statistical Inference for Inverse Problems:

Thése n°9824

From Sparsity-Based Methods to Neural Networks

Présentée le 26 avril 2024

Faculté des sciences et techniques de I'ingénieur
Laboratoire d’'imagerie biomédicale

Programme doctoral en génie électrique

pour I'obtention du grade de Docteur &s Sciences

par

Pakshal Narendra BOHRA

Acceptée sur proposition du jury

Prof. J.-Ph. Thiran, président du jury
Prof. M. Unser, directeur de thése
Prof. T. Pock, rapporteur

Prof. M. Pereyra, rapporteur

Prof. F. Krzakala, rapporteur

2024






To Dadi, Mummy, Papa, and Ankit.






Abstract

In inverse problems, the task is to reconstruct an unknown signal from its possibly noise-
corrupted measurements. Penalized-likelihood-based estimation and Bayesian estimation
are two powerful statistical paradigms for the resolution of such problems. They allow one
to exploit prior information about the signal as well as handle the noisy measurements
in a principled manner. This thesis is dedicated to the development of novel signal-
reconstruction methods within these paradigms, ranging from those that involve classical
sparsity-based signal models to those that leverage neural networks.

In the first part of the thesis, we focus on sparse signal models in the context of linear
inverse problems for one-dimensional (1D) signals. As our first contribution, we devise
an algorithm for solving generalized-interpolation problems with L,-norm regularization.
Through a series of experiments, we examine features induced by this regularization,
namely, sparsity, regularity, and oscillatory behaviour, which gives us new insight about
it. As our second contribution, we present a framework based on 1D sparse stochastic
processes to objectively evaluate and compare the performance of signal-reconstruction
algorithms. Specifically, we derive efficient Gibbs sampling schemes to compute the
minimum mean-square-error estimators for these processes. This allows us to specify a
quantitative measure of the degree of optimality for any given method. Our framework
also provides access to arbitrarily many training data, thus enabling the benchmarking of
neural-network-based approaches.

The second part of the thesis is devoted to neural networks which have become the focus
of much of the current research in inverse problems as they typically outperform the
classical sparsity-based methods. First, we develop an efficient module for the learning
of component-wise continuous piecewise-linear activation functions in neural networks.
We deploy this module to train 1-Lipschitz denoising convolutional neural networks and
learnable convex regularizers, both of which can be used to design provably convergent
iterative reconstruction methods. Next, we design a complete Bayesian inference pipeline
for nonlinear inverse problems that leverages the power of deep generative signal models
to produce high-quality reconstructions together with uncertainty maps. Finally, we
propose a neural-network-based spatiotemporal regularization scheme for dynamic Fourier
ptychography (FP), where the goal is to recover a sequence of high-resolution images from
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several low-resolution intensity measurements. Our approach does not require training
data and yields state-of-the-art reconstructions.

Keywords: Inverse problems, statistical inference, Bayesian inference, sparsity, neural

networks, activation functions, 1-Lipschitz, learnable regularizers, deep generative models,
deep image prior.

ii



Zusammenfassung

Bei inversen Problemen besteht die Aufgabe darin, ein unbekanntes Signal aus seinen
moglicherweise durch Rauschen verfilschten Messungen zu rekonstruieren. Die Schétzung
auf der Grundlage der bestraften Wahrscheinlichkeit und die Bayes’sche Schitzung
sind zwei leistungsstarke statistische Paradigmen fiir die Losung solcher Probleme. Sie
ermoglichen es, vorherige Informationen iiber das Signal auszunutzen und die verrauschten
Messungen auf prinzipielle Weise zu handhaben. Diese Arbeit widmet sich der Entwicklung
neuartiger Signalrekonstruktionsmethoden innerhalb dieser Paradigmen, die von solchen
reichen, die klassische, auf Sparsity basierende Signalmodelle beinhalten, bis hin zu
solchen, die neuronale Netze nutzen.

Im ersten Teil der Arbeit konzentrieren wir uns auf diinn besetzte Signalmodelle im
Kontext linearer inverser Probleme fiir eindimensionale (1D) Signale. Als unseren ersten
Beitrag entwickeln wir einen Algorithmus zur Losung verallgemeinerter Interpolationsprob-
leme mit L,-Norm-Regularisierung. Durch eine Reihe von Experimenten untersuchen
wir die Eigenschaften, die durch diese Regularisierung hervorgerufen werden, ndmlich
Sparsamkeit, Regelméfigkeit und oszillatorisches Verhalten, was uns neue Einblicke in
die Regularisierung ermdoglicht. Als unseren zweiten Beitrag stellen wir einen Rahmen
vor, der auf sparlichen stochastischen 1D-Prozessen basiert, um die Leistung von Signal-
rekonstruktionsalgorithmen objektiv zu bewerten und zu vergleichen. Insbesondere leiten
wir effiziente Gibbs-Sampling-Schemata ab, um die Schéitzer des minimalen mittleren
quadratischen Fehlers fiir diese Prozesse zu berechnen. Dadurch kénnen wir ein quantita-
tives Mafs fiir den Grad der Optimalitét einer jede beliebige Methode angeben. Unser
Rahmenwerk bietet auch Zugang zu beliebig vielen Trainingsdaten und erméglicht so das
Benchmarking von auf neuronalen Netzen basierenden Ansétzen.

Der zweite Teil der Arbeit ist neuronalen Netzen gewidmet, die im Mittelpunkt der
aktuellen Forschung zu inversen Problemen stehen, da sie in der Regel die klassischen,
auf Sparsity basierenden Methoden iibertreffen. Zunéchst entwickeln wir ein effizientes
Modul fiir das Lernen von komponentenweise kontinuierlichen, stiickweise linearen Ak-
tivierungsfunktionen in neuronalen Netzen. Wir setzen dieses Modul ein, um 1-Lipschitz-
entrauschende Faltungs-Neuronale Netze und lernbare konvexe Regularisierer zu trainieren,
die beide zum Entwerfen nachweislich konvergenter iterativer Rekonstruktionsmethoden
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verwendet werden kénnen. Als Néchstes entwerfen wir eine vollstdndige Bayes’sche Inferen-
zpipeline fiir nichtlineare inverse Probleme, die die Leistungsfiahigkeit tiefer generativer
Signalmodelle nutzt, um hochwertige Rekonstruktionen zusammen mit Unsicherheit-
skarten zu erstellen. Schlieflich schlagen wir ein auf neuronalen Netzwerken basierendes
raumlich-zeitliches Regularisierungsschema fiir die dynamische Fourier-Ptychographie
(FP) vor, bei der das Ziel darin besteht, eine Sequenz von hochauflésenden Bildern aus
mehreren niedrigauflésenden Intensitdtsmessungen wiederherzustellen. Unser Ansatz
erfordert keine Trainingsdaten und liefert hochmoderne Rekonstruktionen.

Schliisselworter: Inverse Probleme, statistische Inferenz, Bayes’sche Inferenz, Sparsity, neu-

ronale Netze, Aktivierungsfunktionen, 1-Lipschitz, lernbare Regularisierer, tiefe generative
Modelle, tiefe Modelle fiir Bildverteilungen.
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Il Introduction

The topic of this thesis is the development of novel statistical methods for solving ill-posed
inverse problems. In this introductory chapter, we provide some context for the thesis,
followed by a summary of our contributions.

1.1 Background

What are inverse problems?

Put simply, the objective of an inverse problem is to determine from observed data,
its underlying cause. Such problems are encountered in many fields of science, such as
astrophysics, biomedical imaging, geophysics, and optics, to name a few [1-4|. There, a
physical quantity of interest, which we also refer to as a signal, is observed only indirectly
by performing a series of measurements. The measurement-acquisition process is typically
assumed to be known, and the task at hand is then to “invert” this process and recover
the signal from the measured data.

To make the above notion concrete, let us consider the example of computed tomography
(CT) [5] for medical imaging. During a CT scan, X-rays are directed at the patient from
multiple angles. As they pass through the patient’s body, they interact with tissues and
are absorbed to varying degrees depending on the density of the tissue. The intensities
of the attenuated X-rays exiting the patient thus contain some information about the
tissues within the body and are recorded by suitably-placed detectors. This acquired
data (measurements) then needs to be processed appropriately to reconstruct a three-
dimensional map of the internal structures (signal) of the patient, which can be used by
healthcare personnel for diagnostic purposes.

As evident in the example of CT), the ability to solve inverse problems is remarkably useful
as it provides one with access to physical quantities that cannot be observed directly.
Since the mid-twentieth century, aided by the rise of computers, there has been steady
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progress in the development of efficient numerical methods for solving inverse problems.
This has greatly contributed to a better understanding of the physical world by enabling
us, for instance, to visualize the structures of biomolecules [6, 7|, body tissues [5, 8], as
well as celestial objects [9]. Thus, over time, due to its wide-ranging practical implications,
the resolution of inverse problems has become a crucial area of scientific research.

Why is it challenging to solve inverse problems?

In several applications, the inverse problem one faces is ill-posed in the sense that there
exist a multitude of plausible signals that can explain the measured data. For example, in
sparse-view CT [10], X-ray measurements are acquired only from a few angles to reduce
the patient’s radiation exposure. Consequently, they do not contain enough information
to uniquely determine the underlying signal (the anatomy of the patient). Thus, for such
ill-posed problems, one cannot rely on the direct inversion of the measurement-acquisition
process to obtain relevant solutions. Further, in practice, the collected measurements are
generally noisy, which adds to the difficulty of the reconstruction task.

How can we solve inverse problems?

The resolution of an ill-posed inverse problem hinges on the use of prior knowledge about
the signal of interest. In this thesis, we focus on two well-known statistical paradigms for
solving such problems, which allow one to exploit additional information about the signal
as well as handle the noise in the measurements in a principled manner.

1. Penalized-Likelihood-Based Estimation: In penalized-likelihood-based estimation,
the signal is treated as a fixed or deterministic quantity. The cornerstone of
this paradigm is the maximum penalized-likelihood (MPL) estimator!, where the
estimate of the signal is (equivalently) specified as the minimizer of a cost functional
that consists of a data-fidelity term and a penalty (or regularization) term. The
data-fidelity term is derived from a suitably chosen statistical model for the noise in
the measurements. It promotes solutions that yield a high likelihood (probability) of
observing the measured data, and thus ensures consistency with the measurements.
On the other hand, the regularization term imposes some constraints on the solution
by penalizing undesirable properties. This cost functional is typically minimized
with the help of iterative optimization algorithms.

2. Bayestan Estimation: In Bayesian estimation, the signal is assumed to be a re-
alization of a random quantity (for example, a random vector or process) with
an appropriate probability distribution that reflects our prior knowledge about

'n literature, this is also known as the penalized maximum-likelihood estimator or the regularized
maximum-likelihood estimator.
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it. The idea there is to characterize the posterior distribution of the signal using
statistical models for the measurement noise and signal, and to make inferences
based on it. The posterior distribution can be used for the derivation of several
point estimators. One such example is the maximum a posteriori (MAP) estimator,
which is the mode of the posterior distribution and leads to an optimization problem
that resembles the one seen in MPL estimation. Another example is the minimum
mean-square-error (MMSE) estimator which turns out to be the posterior mean.
Besides the derivation of such point estimators, the Bayesian framework allows one
to quantify the uncertainty about the signal. In general, inference tasks entail the
computation of expected values with respect to the posterior distribution. Typically,
these are high-dimensional integrals that cannot be evaluated analytically. Thus,
one relies on sampling algorithms to draw samples from the posterior and then use
them to approximate the integrals.

There is a fundamental difference between these paradigms in terms of what the signal
model—the regularization term in penalized-likelihood-based estimation and the prior
probability distribution in Bayesian estimation—represents. So, although a given MPL
estimator can also be interpreted as a MAP estimator for a specific choice of the prior
distribution, the two signal models do not necessarily reflect the same information about
the underlying signal. Thus, one must be careful while making such interpretations as they
can often be misleading |11, 12]|. In Chapter 2, we provide a detailed description of the
two paradigms, including a discussion about the above-mentioned important distinction.

Practically speaking, the choice of the signal model is mainly driven by the consideration
that it should capture the characteristics of the signal of interest while allowing for the
deployment of an efficient reconstruction algorithm. For both paradigms, the process of
designing such models has undergone a similar transition over time.

Classical Signal Models

Early approaches for solving ill-posed inverse problems were based on quadratic (Tikhonov)
regularization terms [13, 14| and Gaussian random processes [15, 16]. Such models impose
some smoothness on the estimate of the signal. Their main advantage is that they yield
methods that are generally fast, well-understood, and come with performance and stability
guarantees. However, during the 1990s, these methods were found to be outperformed
by those that take into account sparsity—the property that a signal admits a concise
representation in some transform domain (e.g., wavelets) [17].

In MPL estimation, one typically uses an £1-norm penalty to obtain sparse reconstructions
[18-20]. The corresponding optimization problem is non-smooth and is thus solved with
the help of sophisticated iterative algorithms [21-24]|. A popular example of such models
that is widely used in practice is the total-variation regularizer [25, 26], which promotes

3
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solutions with sparse gradients. Besides the convex f1-norm penalty, there has also been
some interest in investigating non-convex sparsity-promoting penalties such as the ones
based on ¢,-quasinorms (p < 1) [27] and relaxations of the ¢y-pseudonorm |28, 29).

Within the Bayesian paradigm, a standard way of enforcing sparsity is to model the ele-
ments of the signal (e.g., pixels, voxels) or its transform-domain coefficients as independent
and identically distributed (i.i.d.) random variables with a suitable probability distribu-
tion, such as one that exhibits a mass at zero (e.g., Bernoulli-Gaussian-Mixtures [30-33])
or one that is heavy-tailed (e.g., Student’s t [34, 35|, horseshoe [36]). The resulting
posterior distribution is then sampled using an efficient sampling algorithm tailored to
the chosen prior distribution.

Neural-Network-Based Signal Models

Over the past few years, researchers have started to deploy neural-network-based methods
to solve inverse problems [37, 38]. Such methods have been shown to yield significantly
better reconstructions than sparsity-promoting techniques. Broadly speaking, their under-
lying principle is to utilize large amounts of training data to improve the reconstruction
quality, as opposed to the specification of prior information about the signal in the form
of “hand-crafted” mathematical models, as in the classical approaches discussed above.

Neural networks (NNs) are powerful learning architectures that are typically constructed
via the composition of simple basic modules—linear (or affine) mappings and nonlinear
transformations (also called activation functions) [39, 40]. The first successful applications
of NNs in signal recovery involve training the network as a nonlinear mapping that relates
a low-quality estimate of the signal to the desired high-quality estimate [41-43]. The
reconstruction pipeline then consists of using a fast classical algorithm to obtain an initial
solution and then correcting for its artifacts using the trained network. This category of
methods includes unrolling [44-49], where the architecture of the network is designed by
studying iterations of algorithms used for computing the MPL estimator. There also exist
analogues of such approaches that involve training the network to approximate a Bayesian
estimator or even directly generate samples from the posterior distribution [50]. While
these end-to-end learning methods have achieved state-of-the-art performances in several
inverse problems, they suffer from the limitation of not being “flexible”. The networks in
such methods are trained on large datasets consisting of signals and their measurements
and are thus highly sensitive to the corresponding measurement-acquisition setup. In this
thesis, we will instead mainly focus on more versatile or “universal” NN-based methods,
where a network that has been pretrained to model only the prior knowledge about the
signal (in a generic way that does not depend on the inverse problem at hand) is applied
within the penalized-likelihood-based estimation or Bayesian estimation paradigm.

The plug-and-play priors (PnP) [51] and regularization-by-denoising (RED) [52, 53]
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frameworks are two successful examples of integrating NNs into the penalized-likelihood-
based estimation paradigm. In PnP (RED) methods, the idea is to replace the proximal
(gradient) operator of the regularization term that appears in the iterations of the proximal
(gradient) algorithms used for MPL estimation by an off-the-shelf denoiser (the residual
of an off-the-shelf denoiser). Generally, this denoiser only plays the role of an implicit
regularizer, that is, there is no explicit penalty term associated with it. Nonetheless,
the fixed-point convergence of such iterative schemes can be ensured if the denoiser
belongs to a suitable class of 1-Lipschitz operators [54, 55|. Learning-based variants of
these frameworks involve the use of a denoiser that is constructed from an appropriately
trained NN [56-62|. However, in order to ensure convergence, the network must be
constrained such that the denoiser belongs to the desired class of 1-Lipschitz operators.
This is a challenging task and remains an active area of research [55, 63]. More recently,
gradient-step NN denoisers have been used to devise PnP and RED methods that actually
minimize an explicit global cost functional [64-66]. Outside of these frameworks, NNs
have also been deployed for designing an explicit learnable general-purpose regularization
term [67]. There also exists another class of methods that involves deep generative
models such as variational autoencoders (VAEs) [68] and generative adversarial networks
(GANs) [69]. These models include a generator network that maps a low-dimensional
latent space to the high-dimensional signal space. They are trained on a dataset of signals
such that they capture its statistics and generate sample signals similar to those in the
dataset. Once such a deep generative model has been successfully trained, its application
to an inverse problem consists of finding a signal in the range of the generator that is
consistent with the given measurements. One way of performing this task is to formulate
a suitable estimator in the latent space [70-72]. Most of the NN-based signal models
described above can also be utilized in the context of Bayesian estimation. Specifically,
efficient customized posterior sampling schemes have been developed for prior probability
distributions encoded by denoising NNs (such as the ones used in the PnP or RED
frameworks) |73-75|, GANs |76], VAEs |77, 78|, score-based generative models |79, 80],
and energy-based generative models [81].

So far, we have only discussed NN-based methods that require training data. Remarkably,
it is also possible to define a signal model using an untrained NN. In such methods [82-84],
the signal of interest is represented as the output of a network corresponding to some fixed
input. The parameters of the network are then estimated such that the generated signal
is in agreement with the acquired measurements. This is typically done by minimizing
an appropriate data-fidelity term. In some scenarios, such schemes are deployed with
early stopping as deep networks have the capacity to fit noise. Alternately, one can
consider MPL estimation or Bayesian estimation for the network parameters with simple
models such as fo-norm regularization or Gaussian priors [84]. The success of these
methods involving untrained NNs is attributed to the implicit signal model imposed by
the architecture of the network, which favours natural-looking signals (“good” solutions)
over noisy ones (“bad” solutions).
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Figure 1.1: Roadmap of the thesis.

1.2 Contributions

This thesis is dedicated to the development of new signal-reconstruction methods within
the penalized-likelihood-based estimation and Bayesian estimation paradigms, ranging
from those that involve sparsity-based models to those that leverage neural networks.
The roadmap of the thesis is shown in Figure 1.1. Next, we present a summary of our
contributions along with a list of the relevant publications.

Part I: The World of Sparsity

In the first part of the thesis, we visit the world of sparsity in the context of linear inverse
problems for one-dimensional (1D) signals.
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Continuous-Domain L,-Norm Regularization (Chapter 3)

Most real-world inverse problems are concerned with the recovery of a continuous-domain
signal. The typical pipeline for tackling such problems first involves formulating them in
terms of a discrete representation of the underlying signal. Prior information about the
signal is then introduced through a model for its discrete representation. Alternately, one
can also directly specify the estimation task and signal model in the continuum (provided
that a solution can be computed analytically or numerically). In this chapter, we seek
to understand the effect of one such model for 1D signals—continuous-domain L,-norm
regularization for p > 1 and with a multi-order derivative regularization operator Do,
To that end, we develop a numerical method to solve the L,-regularized generalized-
interpolation problem. Through a series of experiments, we then identify properties of
this regularization.

Specifically, we formulate our reconstruction problem as the task of finding a 1D continuous-
domain signal that minimizes the L,-norm regularization term subject to some strict
data constraints (generalized-interpolation problem). We cast this problem exactly as a
finite-dimensional one by restricting the search space to a suitable space of polynomial
splines with knots on a uniform grid. Our splines are represented in a B-spline basis,
which results in a well-conditioned discretization. For a sufficiently fine grid, our search
space contains functions that are arbitrarily close to the solution of the underlying
problem where our constraint that the solution must live in a spline space would have
been lifted. This remarkable property is due to the approximation power of splines. We
use the alternating-direction method of multipliers along with a multiresolution strategy
to compute our solution. Through our numerical experiments for spatial and Fourier
interpolation, we examine features induced by L,-norm regularization, namely, sparsity,
regularity (smoothness) and, oscillatory behaviour and overshoot.

Related publication
P. Bohra and M. Unser, “Continuous-Domain Signal Reconstruction Using L,-Norm Regulariza-
tion”, IEEE Transactions on Signal Processing, vol. 68, pp. 4543-4554, 2020.

Sparse Stochastic Processes (Chapter 4)

We present a benchmarking environment based on sparse stochastic processes to objectively
evaluate and compare the performance of reconstruction algorithms for linear inverse
problems involving 1D signals. Our framework offers quantitative measures of the degree
of optimality (in the mean-square-error sense) for any given reconstruction method. Since
it is based on stochastic modelling, it provides access to unlimited amounts of data, which
enables the proper benchmarking of NN-based approaches without having to worry about
the representativity of the training data.

In our framework, we generate synthetic signals as realizations of 1D sparse stochastic
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processes. We derive Gibbs sampling schemes to compute the minimum mean-square error
estimators for processes with Laplace, Student’s t, and Bernoulli-Laplace innovations.
These allow us to provide statistical guarantees of optimality by specifying an upper limit
on the reconstruction performance. We showcase our framework by benchmarking the
performance of some well-known classical MPL estimators (such as the total-variation-
regularized method) and convolutional neural network architectures that perform direct
nonlinear reconstructions in the context of deconvolution and Fourier sampling. Our
experimental results support the understanding that, while these neural networks out-
perform the sparsity-based MPL estimators and achieve near-optimal results in many
settings, their performance deteriorates severely for signals associated with heavy-tailed
distributions.

Related publication

P. Bohra, P. del Aguila Pla, J. -F. Giovannelli, and M. Unser, “A Statistical Framework To
Investigate the Optimality of Signal-Reconstruction Methods”, IEEE Transactions on Signal
Processing, vol. 71, pp. 2043-2055, 2023.

Part II: The Neural Network Revolution

The second part of the thesis is driven by the neural network revolution in the field of
inverse problems. In particular, we investigate the integration of neural networks into
the penalized-likelihood-based estimation and Bayesian estimation paradigms for image
reconstruction.

Convergent Iterative Image-Reconstruction Methods (Chapter 5)

In this chapter, we first present an efficient module for learning continuous piecewise-linear
activation functions in neural networks. We then deploy this module to train 1-Lipschitz
denoising convolutional neural networks and learnable convex regularizers, both of which
can be used to design provably convergent iterative image-reconstruction methods. The
details of these contributions are provided in what follows.

1. Learning Activation Functions in Neural Networks

We develop an efficient computational solution to train neural networks with free-form
component-wise activation functions. To make the problem well-posed, we augment the
cost functional of the neural network by adding an appropriate shape regularization: the
sum of the second-order total-variations of the trainable nonlinearities. The representer
theorem for neural networks tells us that the optimal activation functions are adaptive
piecewise-linear splines, which allows us to recast the problem as a parametric optimization.
The challenging point is that the corresponding basis functions (ReLUs) are poorly
conditioned and that the determination of their number and positioning is also part of the
problem. We circumvent the difficulty by using an equivalent B-spline basis to encode the
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activation functions and by expressing the regularization as an £1-penalty. This results
in the specification of parametric activation function modules that can be implemented
and optimized efficiently on standard development platforms. We present experimental
results that demonstrate the benefit of our approach.

2. Lipschitz-Constrained Neural Networks for Plug-and-Play Reconstruction

Within the PnP framework, one can use denoisers based on 1-Lipschitz NNs to design
convergent iterative reconstruction schemes. Since Lipschitz-constrained ReLU networks
have provable disadvantages, we instead consider the use of learnable 1-Lipschitz linear
spline activation functions. We propose an efficient method that utilizes our B-spline
module to train these neural networks. Our numerical experiments, which include
denoising and CT and MRI reconstruction, show that our trained networks compare
favorably with existing 1-Lipschitz neural architectures.

3. A Neural-Network-Based Convexr Regularizer

Finally, we present a framework to learn a regularization term that is the sum of convex-
ridge functions. We use a one-hidden-layer neural network with learnable increasing linear
spline activation functions, which are again implemented using our B-spline module, to
parametrize the gradient of the regularizer. This network is trained within a few minutes
as a multistep Gaussian denoiser. Through numerical experiments for denoising and CT
and MRI reconstruction, we show that our method outperforms others that offer similar
reliability guarantees.

Related publications

P. Bohra, J. Campos, H. Gupta, S. Aziznejad and M. Unser, “Learning Activation Functions in
Deep (Spline) Neural Networks”, IEEE Open Journal of Signal Processing, vol. 1, pp. 295-309,
2020.

P. Bohra, D. Perdios, A. Goujon, S. Emery and M. Unser, “Learning Lipschitz-Controlled
Activation Functions in Neural Networks for Plug-And-Play Image Reconstruction Methods”,
NeurIPS 2021 Workshop on Deep Learning and Inverse Problems.

S. Ducotterd, A. Goujon, P. Bohra, D. Perdios, S. Neumayer, and M. Unser, “Improving Lipschitz-
Constrained Neural Networks by Learning Activation Functions”, arXiv preprint arXiv:2210.16222,
2022.

A. Goujon, S. Neumayer, P. Bohra, S. Ducotterd, and M. Unser, “A Neural-Network-Based
Convex Regularizer for Inverse Problems”, IEEE Transactions on Computational Imaging, vol. 9,
pp- 781-795, 2023.

Deep Generative Priors for Nonlinear Inverse Problems (Chapter 6)

In this chapter, we develop a Bayesian inference pipeline that leverages the power of deep
generative models as image priors to produce high quality reconstructions together with
uncertainty maps. To the best of our knowledge, this is one of the first deployments of
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such techniques for the resolution of nonlinear inverse problems.

Specifically, we present a Bayesian reconstruction framework for nonlinear inverse problems
where we specify the prior information about the image through a deep latent variable
generative model such as a GAN or a VAE. We develop a tractable posterior-sampling
scheme based on the Metropolis-adjusted Langevin algorithm for the class of nonlinear
inverse problems where the forward model has a neural-network-like structure. This class
includes most practical imaging modalities. We also introduce the notion of augmented
deep generative priors in order to suitably handle the recovery of quantitative images.
We illustrate the advantages of our framework by applying it to two nonlinear imaging
modalities—phase retrieval and optical diffraction tomography.

Related publication

P. Bohra, T. -a. Pham, J. Dong, and M. Unser, “Bayesian Inversion for Nonlinear Imaging
Models Using Deep Generative Priors”, IEEE Transactions on Computational Imaging, vol. 8,
pp. 1237-1249, 2022.

Deep Spatiotemporal Regularization for Dynamic Fourier Ptychography (Chap-
ter 7)

In our last contribution, we explore the use of an untrained neural network as an
implicit regularizer in the context of Fourier ptychography (FP). This modality involves
the acquisition of several low-resolution intensity images of a sample under varying
illumination angles. They are then combined into a high-resolution complex-valued
image by solving a phase-retrieval problem. The objective in dynamic FP is to obtain a
sequence of high-resolution images of a moving sample. There, the application of standard
frame-by-frame reconstruction methods limits the temporal resolution due to the large
number of measurements that must be acquired for each frame. We instead propose a
neural-network-based reconstruction framework for dynamic FP, which achieves high
temporal resolution without compromising the spatial resolution. It does not require
training data and also recovers the pupil function of the microscope.

Specifically, in our framework, each image in the sequence is represented as the output of a
shared deep convolutional network fed with an input vector that lies on a one-dimensional
manifold that encodes time. The parameters of the network and the pupil function of
the microscope, which is represented using Zernike polynomials, are then estimated by
optimizing a likelihood-based criterion. Here, the architecture of the network and the
constraints on the input vectors impose a spatiotemporal regularization on the sequence
of images. Through numerical experiments, we show that our framework drastically
improves the quality of reconstruction over standard frame-by-frame methods and thus
paves the way for high-quality ultrafast FP.

Related publication
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P. Bohra, T. -a. Pham, Y. Long, J. Yoo, and M. Unser, “Dynamic Fourier Ptychography With
Deep Spatiotemporal Priors”, Inverse Problems, vol. 39, no. 6, paper no. 064005, 2023.
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Y1 Resolution of Inverse Problems: An

Overview

In this chapter, we set the scene for the thesis by presenting a mathematical formulation
of inverse problems and by briefly describing two statistical reconstruction paradigms—
penalized-likelihood-based estimation and Bayesian estimation—for their resolution.

2.1 Inverse Problems

2.1.1 Continuous-Domain Formulation

The goal in an inverse problem is to recover an unknown signal sy from a collection of its
possibly noisy measurements y € RM. Since most real-world signals are analog in nature,
we consider the signal of interest sg : R? — R to be a d-dimensional continuous-domain
function. We model the measurements as

y =N(v(s0)), (2.1)

where v : s+ v(s) € RM is the (linear or nonlinear) forward operator that describes
the physics of the acquisition process and N : RM — RM is an operator that models
the corruption of measurements by noise. Here, we have assumed that the signal and
measurements are real-valued in order to simplify the exposition. However, the inverse
problem formulation and reconstruction methods presented in this chapter can be easily
extended to handle complex-valued signals and measurements.

2.1.2 Discretization

The first step towards solving an inverse problem is the discretization of the signal sg
and the forward operator v as this allows us to perform computations digitally. We can

13
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then write the discrete measurement model as
y = N(H(s)), (2.2)

where sy € RX is the finite-dimensional discrete representation of sg (the typical choice is
a vector containing samples of sy within some region of interest) and H! : RX — RM
is the discrete counterpart of v. Ideally, the discretization of v is performed such that
H only yields a small discretization error (if any), that is, v(sg) ~ H(sp), while being
computation-friendly, that is, it can be evaluated efficiently in terms of computation
time and memory. We will present some concrete examples of discretization schemes in
Chapters 3, 4 and 7. For the remainder of this chapter, it is assumed that sy and v have
been discretized appropriately.

2.1.3 Ill-Posedness

So, the task at hand now is to recover sy from y by “inverting” the measurement model
in (2.2). Besides the presence of noise in the measurements, which can already make the
reconstruction task difficult, most practical inverse problems are ill-posed in the sense
that the same set of measurements can be generated by multiple signals. Therefore, prior
knowledge about the signal of interest is required for the resolution of such problems.

2.2 Statistical Reconstruction Paradigms

Next, we describe two well-known statistical reconstruction paradigms for solving ill-posed
inverse problems. They enable one to incorporate prior information about the signal and
handle the noise in the measurements in a systematic way.

2.2.1 Penalized-Likelihood-Based Estimation

In this paradigm, the signal of interest sg is treated as a fized or deterministic quantity.
The main idea here is to specify the reconstructed signal as the solution of an optimization
problem that balances a data-fidelity term, which is based on a statistical model for the
noisy measurements, and a penalty (regularization) term, which imposes some favourable
properties on it.

Likelihood Function

In order to account for the nonideality of the measurement-acquisition setup, we consider
a statistical model that relates the noisy measurements y and the signal sg. Specifically,

When H is a linear operator, by abuse of notation, we will also use the symbol H to denote its matrix
representation. Thus, in such cases, the quantity H(s) will be written as Hs.

14
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we assume that the operator N in (2.2) generates y as a realization of a random vector Y
that is distributed according to

Y ~ Do (1 6 =H(s0)), (2.3)

where the probability density function (pdf) ppneise models the statistics of the noise in
the acquisition system and ¢ denotes (some of) its parameters.

Many practical setups involve multiple independent sources of noise. Thus, it is reasonable
to assume an additive white-Gaussian-noise (AWGN) model, as dictated by the central

2

limit theorem. For an AWGN model with variance 0%, we can write (2.2) as

y = H(sp) +n, (2.4)

where n € RM is a realization of a Gaussian random vector consisting of i.i.d.entries with
zero mean and variance o2. In this case, the pdf p,... is given by

1 I-— ¢l3

pnoise(' ; d)) = pGaussian(' ; ¢) = Wexp - T 5.9 |- (25)

202

Another model that is commonly used in practice is the shot- or Poisson-noise model. In
this case, we have that

Prosel- + 8) = Do 5 &) = [] “575 ex (= [l ) (2.6)

Based on the statistical model for the noisy measurements in (2.3), the likelihood function
is defined as

£05y) = pue(y 1 $=H()). (2.7)
Maximum-Penalized-Likelihood Estimator

The maximum-penalized-likelihood (MPL) estimator for the signal is an extension of the
classical maximum-likelihood (ML) estimator. It is specified as

siow () € argmax log (£(s:)) ~ 7R(5))

seERK
€ argmin (— log (pnoise (y; ¢ = H(S))) + TR(S)), (2.8)

scREK
p(y. 1)
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where the data-fidelity term D : RM x RM — R, ensures consistency with the measure-
ments by promoting solutions that yield a high likelihood of observing the measured
data, the penalty (or regularization) term R : RX — R reflects our prior knowledge on
the signal by penalizing solutions with undesirable properties, and 7 € R is a tunable
hyperparameter that controls the strength of the regularization.

Remark: The family of MPL estimators constitutes a subclass of the so-called “variational”
methods that are well-known in the inverse problems community. In a generic variational
reconstruction method, the data-fidelity term is not necessarily derived from a statistical
model for the noise.

The cost functional in (2.8) is typically minimized in an iterative manner using gradient or
proximal methods [85, 86]. Here, we present two simple examples of these methods—the
gradient-descent (GD) and forward-backward splitting (FBS) [87] algorithms—that are
applicable when the data-fidelity term D is differentiable. The vanilla GD algorithm can
be used to compute the solution when the regularization term R is also differentiable.
The iterations for GD are given by

stes = st =7 (VD (v Hisw) + 7VR(s) ). (2.9

where v > 0 is a suitably chosen step-size. On the other hand, when R is non-differentiable,
one can solve the optimization task with the help of a proximal method such as FBS. At
each iteration in FBS, the estimate is updated as

Sk+1 = ProX,,» <sk —~VD <y, H(sk)>>, (2.10)

where v > 0 is an appropriate step-size and the proximal operator of a function g : RX — R
is defined as

1
prox, () = angmin (51 = ul} + g(u)). (211)
ueRkK

Note that, in general, the convergence of these routines to a global minimum is guaranteed
only when D and R are convex functions. When the cost functional in (2.8) is non-convex,
we only expect the deployed optimization algorithm to find one of the stationary points.

2.2.2 Bayesian Estimation

In the Bayesian paradigm, the signal sg is assumed to be a realization of a random vector
S with a probability distribution ps that captures our prior knowledge about it. The idea
here is to make inferences about the signal based on its posterior distribution, which is
characterized using a statistical model for the measurement noise and ps.

16



Resolution of Inverse Problems: An Overview Chapter 2

Likelihood Function

We model the noisy data measured by the acquisition system as a random vector Y that
is related to the random vector S via the conditional distribution

Pyis(- | s) =pnoise<- ;= H(s)), (2.12)

where s € RX and, similar to what we have in the penalized-likelihood-based estimation
paradigm, pooi is a pdf that accounts for noise in the acquisition system and ¢ denotes
some or all of its parameters (please see Equations (2.5) and (2.6) for examples of p,oice)-
Under this statistical model, the observed measurements y can be interpreted as a
realization of the random vector Y|S = sg. Here, the likelihood function is given by

LO]y)=pvs(Y | ) = Poise (y ;= H(')). (2.13)

Note that this function is equal to the one shown in (2.7); it has just been specified under
a different formalism.

Posterior Distribution

In Bayesian estimation, the quantity of interest is the posterior distribution of the random
vector S|Y =y as it provides a complete statistical characterization of the inverse problem.
Using Bayes’ theorem, its pdf is written as

o) — Pvis(y1)ps ()
Psiv () T sV BIps @ (2.14)

The posterior distribution psy(-|y) can be used for the derivation of various point estima-
tors for the signal sy. Two examples of such estimators that are commonly used in practice
are the maximum a posteriori (MAP) estimator and the minimum mean-square-error
(MMSE) estimator. The MAP estimator calculates the mode of ps\y(-|y) and is given by

syap(y) = arg max Psiv(sly)
sc

= arg max <1Og <pv\s(Y|S)) + log (PS(S)>>

seRK

= arg min ( ~log <p (vie= H(s))) ~log (ps(s>)> - (2.15)

The primary reason for the popularity of MAP estimators is that they can be computed
efficiently using the iterative gradient or proximal algorithms mentioned earlier. It is
noteworthy that the optimization problem in (2.15) closely resembles the one formulated
in MPL estimation (see Equation (2.8)). We will discuss this link between MPL and
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MAP estimation in detail later in Section 2.2.4. On the other hand, the MMSE estimator
is given by

Stnse(y) = arg min ( JEEET psw<§|y>ds>

seRK

_ / $ po (3ly) s, (2.16)
RE

which is the mean of the posterior distribution psy(:|y). In general, computing the MMSE
estimator is challenging as it requires one to numerically evaluate the high-dimensional
integral in (2.16).

Besides the derivation of point estimators, the Bayesian paradigm allows one to perform
advanced inferences such as uncertainty quantification (for example, computing higher-
order moments of pgy(-|y) or specifying credible regions that indicate where most of
the mass of the posterior distribution is concentrated) and model selection. Typically,
performing such inferences poses the same challenge as in MMSE estimation as it involves
calculating integrals of the form

Ii(y) = /RK f(8)psv(sly)ds, (2.17)

where f: RX — R is a real-valued function.

The high dimensionality of the integral in (2.17) (of which (2.16) is a special case) makes its
approximation by simple techniques such as uniform-grid-based Riemann sums infeasible.
Instead, one can rely on stochastic simulation techniques such as Markov Chain Monte
Carlo (MCMC) methods [88-91] for the numerical approximation of (2.17) in a tractable
manner. MCMC methods are designed for generating random samples from nontrivial
high-dimensional probability distributions. Broadly speaking, the idea in MCMC is to
construct a Markov chain such that the distribution that one wishes to draw samples
from is its stationary distribution. The desired samples can be obtained by simulating
the Markov chain and recording its states after a sufficient period of time (assuming
the chain converges theoretically [92]). Thus, in order to compute the integral in (2.17),
one first generates samples {s(q)}g’):1 from psv(+]y) using an MCMC method and then
approximates I;(y) by its empirical estimate % Zqul f(s(9). Later in the thesis, we will
detail two MCMC algorithms—Gibbs sampling (Chapter 4) and the Metropolis Adjusted
Langevin algorithm (Chapter 6).

2.2.3 Signal Models

We now discuss some signal models—the regularization term in penalized-likelihood-based
estimation and the prior probability distribution in Bayesian estimation—that have been
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proposed in the literature, ranging from classical ones to recent neural-network-based
ones.

Classical Models

Tikhonov regularization of the form R(s) = ||Ls||3 [13, 14], where L is a linear transfor-
mation such as the discrete version of the gradient operator, is one of the classical choices
for the penalty term in (2.8). It imposes a constraint on the energy of the transformed
signal Ls and thus promotes solutions with some degree of smoothness. In particular, the
use of such a quadratic penalty has been extensively studied for linear inverse problems
with an AWGN model. There, it leads to solutions of the form

—1
SMPL,6, (Y) = (HTH + UQTLTL) H'y, (2.18)

where o is the standard deviation of the Gaussian noise, thereby yielding linear recon-
struction methods that are fast, well-understood, and equipped with stability guarantees
with respect to perturbations in the measurements.

The Gaussian prior distribution

= ! ex —ls—mT s —m
p(o) = oo (e omTO e m). @)

where s € RX, m € R¥ is the mean of the distribution and C € RE*K is the covariance
matrix of the distribution, is the Bayesian counterpart of Tikhonov regularization. It also
yields estimates of the signal that exhibit some form of smoothness. Interestingly, for linear
inverse problems with an AWGN model, the MAP and MMSE estimates corresponding
to this Gaussian prior turn out to be equivalent. They are given by the reconstruction
scheme

: (y) =m-+ (HTH + 02071>_1HT(y — Hm), (2.20)

SGaussian

where o2 is the variance of the Gaussian noise.

Another popular category of classical regularization schemes involves the use of penalty
terms based on sparsity—the property that a signal can be represented in some transform
domain (e.g., wavelets) with only a few parameters [17]—which typically lead to better
reconstructions than their quadratic counterparts. This powerful concept of sparsity is at
the heart of the theory of compressed sensing, which gives conditions under which the
recovery of a signal from a limited set of its linear measurements is feasible [93-96] and
stable [97, 98]. One typically uses ¢;-norm regularization of the form R(s) = ||Ls||; [18-20]
to enforce sparsity in the transform domain specified by L (e.g., wavelet transform or
gradient operator). Since the ¢1-norm is non-differentiable, the corresponding optimization
problem is often solved using proximal algorithms such as FBS and its variants [21, 23],
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or the alternating direction method of multipliers (ADMM) [24]|. Besides the convex
¢1-norm penalty, one can also use non-convex penalties based on £,-quasinorms (p < 1)
[27] and relaxations of the fy-pseudonorm [28, 29] to obtain sparse(r) reconstructions.

In Bayesian estimation, to enforce a sparse representation of the signal in a linear transform
domain L (e.g., wavelets), one typically models the random vector U = LS to have i.i.d.
entries with a suitable “sparse” pdf py. Examples of such pdfs include those with a mass
at the origin (e.g., Bernoull-Gaussian-Mixtures [30-33]) and those that exhibit heavy tails
(e.g., Student’s t [34, 35], horseshoe [36]). For these sparsity-based priors, the resulting
posterior distribution is sampled using tailored MCMC methods. In Chapter 4, we will
study in detail prior distributions corresponding to the family of infinitely divisible pdfs

(for py).

Neural-Network-Based Models

Neural-network-based methods, having been found to outperform the sparsity-promoting
methods discussed above, are now the focus of much of the research in signal reconstruction
[37, 38|. Broadly speaking, their principle is to exploit prior information about the signal
learned from a large collection of training data.

Neural networks (NNs) are powerful learning architectures that are typically constructed
via the composition of basic modules such as linear (or affine) mappings and nonlinear
transformations (also called activation functions) [39, 40]. For example, an archetypal
feedforward NN fg : RNo — RV with component-wise ReLU activation functions is of

the form
fo(x)=Apo---00y0Ay0---0071 0 Ai(x), (2.21)

where the affine layer A, : RVe-1 — RN (for £ =1,..., L) is given by

Ag(x) = W;x + by, (2.22)
with weight matrices W, € RNeXNe—1 and bias vectors by € RY¢, the component-wise
activation function oy : RV — RM (for £ =1,...,L — 1) is given by

ou(x) = <ReLU(:1;1), ..., ReLU(zy, )), (2.23)

with ReLU(+) = max(0, -), and 8 := (W, by)l_| denotes the complete set of its adjustable
parameters. The idea behind using NNs for a specific task is to tune their parameters
with the help of a training dataset such that they exhibit the desired behaviour.

As mentioned in the introductory chapter, NNs (in particular, convolutional NNs or
CNNs which involve linear layers parametrized via convolutional operators with learnable
kernels) have been applied in several ways for solving ill-posed inverse problems. The first
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successful applications of NNs in signal recovery build upon (fast) classical reconstruction
algorithms, training a network to correct for their artifacts and output the desired high-
quality estimates [41-43|. Unrolling methods [44-49], where the architecure of the network
is based on iterations of the algorithms used in MPL estimation, also fall into this class
of direct nonlinear reconstruction schemes. The Bayesian analogues of such approaches
involve training the network to approximate a chosen estimator or even directly generate
samples from the posterior distribution [50]|. While these end-to-end learning methods
have achieved state-of-the-art performances in a variety of applications such as MRI, CT,
optical imaging, and ultrasound, they are not “flexible”. More specifically, in such methods,
the networks are trained on datasets consisting of signals and their measurements, which
makes them highly sensitive to the corresponding measurement-acquisition setup. In this
thesis, we will mainly focus on universal NN-based reconstruction methods, which involve
using a network that has been pretrained to capture only some prior information about
the signal (in a generic way that is independent of the inverse problem at hand) for its
recovery. Here, we discuss some schemes that belong to the above-described category.

The plug-and-play (PnP) priors [51] and regularization-by-denoising (RED) [52, 53]
frameworks are two well-known frameworks where NNs are deployed within the penalized-
likelihood-based estimation paradigm. In PnP (RED) methods, the proximal (gradient)
operator of R that appears in the iterations of the proximal (gradient) algorithms used
for MPL estimation is replaced by an off-the-shelf denoiser (the residual of an off-the-shelf
denoiser). To give some examples, the iterations for the PuP-FBS and RED-GD methods
are given by

Sk+1 =D <Sk — nyD(y, H(sk)>> (2.24)

and

Skil = Sk — V(VD (y, H(sk)) + T(Sk - D(sk))>, (2.25)

respectively, where D : RX — RX is the chosen denoiser, v € R, is the step-size and
7 € Ry is the regularization parameter. Generally speaking, such iterative schemes do
not minimize an explicit cost functional, that is, the denoiser D plays the role of an
implicit regularizer. However, convergence of the iterates to a fixed point can still be
ensured if D belongs to a suitable class of 1-Lipschitz? operators [54, 55| (we provide
the details for PnP-FBS in Section 5.2.2 of Chapter 5). In the learning-based variants
of these frameworks, one uses denoising routines constructed from appropriately trained
NNs [56-62]. The delicate point there is that in order to ensure convergence, the network
must be constrained such that the corresponding denoiser belongs to the desired class of
1-Lipschitz operators. This is a challenging task and remains an active area of research [55,
63]. In Chapter 5 (Section 5.2), we will present a novel approach for designing and training
powerful 1-Lipschitz denoising NNs which can then be used to develop provably convergent

2An operator T: R — R¥ is L-Lipschitz (with respect to the norm || - ||) if || T(x1) — T(x2)| <
L||x1 — x2|| for all x1,x2 € RX.
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iterative reconstruction methods within the PnP and RED frameworks.

More recently, gradient-step denoisers of the form D = Id — Vgg, where the function
ge : RE — R, is parametrized with the help of a network, have been used to devise PnP
and RED methods that actually minimize an explicit global cost functional [64-66] and
are thus more interpretable. Outside of these frameworks, NNs have also been deployed
for directly designing an explicit learnable general-purpose regularization term [67]. In
line with this recent trend of developing interpretable convergent NN-based reconstruction
algorithms, we will present an efficient approach for learning convex regularizers R in
Chapter 5 (Section 5.3).

There also exist regularization schemes that utilize deep latent variable generative models
such as variational autoencoders (VAEs) [68] and generative adversarial networks (GANs)
[69]. These models consist of a generator network Gg : R? — RX (d < K), where 8 € R”
denotes its parameters, that maps a low-dimensional latent space to the high-dimensional
signal space. They are trained on a dataset of signals such that they capture its statistics
and generate sample signals Gg+(z), where 8* are the parameters of the network after
the training is complete and z € R? is sampled from a fixed simple distribution such as
the uniform or Gaussian distribution, similar to those in the dataset. The application
of such a trained deep generative model (DGM) to an inverse problem [70-72]| typically
involves specifying the signal estimator as sf)q(¥) = Go+ (25 (¥)) with

25 (y) € arg min D(y, H(Gg*(z))). (2.26)
zeRd

Here, sfyq\(y) is an MPL estimator for the signal corresponding to the regularization
term that is an indicator function that assigns an infinite cost to any signal not in the
range of Gg~. As proposed in [70], one can also include a suitable penalty term in (2.26)
to introduce a bias towards certain regions in the latent space. In this case, although
zham(y) can be viewed an MPL estimator (for the latent vector), sfjo)(y) no longer
has such an interpretation.

Most of the NN-based models mentioned above can also be utilized within the Bayesian
estimation paradigm. In fact, efficient posterior sampling schemes have been developed for
prior probability distributions encoded by denoising NNs [73-75|, GANs [76], VAEs [77,
78|, score-based generative models 79, 80|, and energy-based generative models [81]. In
Chapter 6, we will present a Bayesian framework for solving nonlinear inverse problems
that leverages deep latent variable models (e.g., VAEs, GANs).

Finally, we also discuss a class of NN-based methods that remarkably do not require any
training data [82, 83, 99|. There, the main idea is to use the structure of an untrained
neural network (UNN) Gg : R? — RX, where @ € R” denotes its parameters, to specify a
signal model. In these methods, the reconstruction is given by s{jxn(¥) = Geor o (y) (Zin ),
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where

0NN (Y) € argmin D(y, H(GO(Zin))) (2.27)
0cRP

and zi, € R is an input vector that is randomly initialized and then kept fixed during the
optimization of the network parameters. Similar to the case of trained DGMs, sijy () is
an MPL estimator for the signal corresponding to the regularization term that constrains
it to lie in the range of the network for the fixed input z;,. In practice, if Gg is a deep
network, one typically deploys early stopping while optimizing the criterion in (2.27) to
prevent the network from fitting the noise in the measurements. Alternately, one can
also perform MPL estimation or Bayesian estimation for the network parameters with
simple models such as f2-norm regularization or Gaussian priors [84|. The success of these
schemes involving untrained NNs is attributed to the implicit signal model imposed by
the architecture of the network, which favours natural-looking signals (“good” solutions)
over noisy ones (“bad” solutions). In Chapter 7, we will present an extended version of
such a method in the context of dynamic Fourier ptychography.

2.2.4 A Philosophical Note

We can see from Equations (2.8) and (2.15) that for a fixed noise model (p,ois), an MPL
estimator with the regularization term R(-) can be interpreted as a MAP estimator
corresponding to the prior distribution ps(-) o< exp(—R(-)). However, as pointed out in
some works such as [11, 12|, one must exercise caution while making such interpretations.
The key point that we want to emphasize here is that there is a fundamental difference
between the penalized-likelihood-based estimation and Bayesian estimation paradigms in
terms of what the respective signal models (R and ps) represent. Specifically, the goal in
MPL estimation is to choose R such that the solution to the optimization problem in
(2.8) exhibits some desirable properties. On the other hand, in Bayesian estimation, the
holy grail is to specify ps such that samples generated from this distribution resemble the
signal of interest. An important implication of this difference in philosophies is that the
above-mentioned interpretation of a given MPL estimator as some MAP estimator can
be misleading as the two signal models—7R(-) and ps(-) o< exp(—R(-))—might not reflect
the same information about the underlying signal. For example, the regularization term
R(s) = ||s||1 is known to promote sparse solutions [100]. On the contrary, samples from

the multivariate Laplace distribution ps(s) o< exp(—||s||1) are not sparse vectors.

2.3 Summary

In this chapter, we have discussed two well-known statistical reconstruction paradigms—
penalized-likelihood-based estimation and Bayesian estimation—for solving ill-posed
inverse problems. In the following chapters, we will present our contributions to developing
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novel signal-reconstruction methods within these paradigms.

24



The World of Sparsity

25






8] Continuous-Domain L)-Norm Regu-
larization

As mentioned in Chapter 2, most real-world inverse problems are concerned with the
recovery of a continuous-domain signal. The typical pipeline for tackling such problems
first involves formulating them in terms of a discrete representation of the underlying
signal. Prior information about the signal is then introduced through a model for its
discrete representation. Alternately, one can also directly specify the estimation task and
signal model in the continuum (provided that a solution can be computed analytically
or numerically) [13, 101]. *In this chapter, we seek to understand the effect of one such
model for 1D signals—continuous-domain Lj,-norm regularization for p > 1 and with a
multi-order derivative regularization operator D™0. To that end, we develop a numerical
method to solve the L,-regularized generalized-interpolation problem. Through a series
of experiments, we then identify properties of this regularization.

3.1 Introduction

For a 1D continuous-domain signal s, a natural candidate for the regularization term is
|IL{s}||, where L is a linear operator. Continuous-domain regularization schemes such as
Tikhonov [13, 103, 104, which uses the Lo-norm || - ||z,, and generalized total variation
(gTV) [101, 105|, which involves the use of the M-norm || - ||p4 (an extension of the
Li-norm), have been intensively studied and their behavior is well-documented. To see
the effect of these schemes, we consider the interpolation problem shown in Figure 3.1.
The objective there is to construct a continuously defined function that passes through
the given data points exactly. However, as shown in the figure, it is possible to construct
infinitely many valid solutions. In this problem, we regularize the solution by imposing
a minimum-norm requirement of the form ||[L{s}||. This enables us to obtain solutions
with certain desired properties. It is well-known that Tikhonov (or L) regularization
tends to produce smooth solutions while gTV regularization promotes sparsity. These
characteristics can be seen in Figure 3.1. For example, when we impose gTV regularization

'This chapter is based on our work [102].
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Figure 3.1: Interpolation of data points symbolized by crosses. The solid line represents
an arbitrary solution. For the other two cases, it is regularization that dictates how the
points are connected.

with L = D (the derivative operator), we obtain a piecewise-constant solution whose

derivative is sparse.

The purpose of this chapter is to study the effect of continuous-domain L,-norm regular-
ization for a general p > 1 and a multi-order derivative operator L = Do, To that end, we
consider the generalized interpolation problem with L,-norm regularization. Generalized
interpolation is an extension of interpolation. Specifically, given certain measurement
functionals (v, ..., var) and a value (or measurement) v, corresponding to each functional,
we aim at constructing a continuously defined function that explains the measurements
exactly. We formulate this problem as

minHDNO{s}HLp st (Um,yS) = Ym, m=1,2,..., M, (3.1)
S

where ||-||z, denotes the L,-norm.

3.1.1 Why Generalized Interpolation?

Consider the problem of reconstructing a signal sg from a finite number of its noisy linear
measurements y € R™. The continuous-domain MPL estimate for sy can be written as

S = arg min (D (y, V(s)) + TR(S)>, (3.2)

seX
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where X is a suitable function space, the operator v : s — v(s) = ((v1,8),...,{(Vum, S))
describes the measurement model, D : RM x RM — R is the data-fidelity term which
depends on the statistics of the noise and R is the regularization. It can be shown (see
Appendix 3.8) that, if D is strictly convex and R is convex, then all the solutions s* € S
generate the same measurement vector zg = v(s*) € RM. This property allows us to
characterize the solution set S as

S =argmin R(s) s.t. v(s) = zo. (3.3)
seX
By understanding the effect of the regularization term R(s) in (3.3), we can understand
its effect for a much broader class of problems such as (3.2).

3.1.2 Related Work

The Lj-regularized interpolation problem and its variants, with p > 1 and L = DNo_ have
been studied in [106-111] in the context of approximation theory and splines. These works
are theoretical, for the most part. They discuss the existence of a solution, conditions
of optimality, and provide the functional form of the Nyth derivative of the solution. A
specific instance of minimizing the L,-norm of the second derivative of polynomial spline
interpolants has been looked at in [112] and [113]. To the best of our knowledge, however,
there exists no work that numerically solves the general continuous-domain problem (3.1)
and demonstrates the effect of L,-norm regularization.

3.1.3 Contributions

In this chapter, we propose an algorithm to compute the solution to (3.1). Through a
series of experiments, we then identify some properties of L,-norm regularization. Here is

a list of our contributions.

e We discretize the continuous-domain problem (3.1) by using a basis that consists of
shifted polynomial B-splines of degree Ny, with knots on a uniform grid. This basis
leads to an exact discretization, thus transforming our continuous-domain problem
into an equivalent finite-dimensional discrete one which can be solved by algorithms
such as the alternating-direction method of multipliers (ADMM) [24].

e We implement a multiresolution algorithm that progressively decreases the grid
size until a solution with the desired precision is obtained. This strategy relies
on the theory of approximation. It dictates that, when the grid size is sufficiently
small, the search space spanned by our B-spline basis contains functions that are
arbitrarily close to the solution of the full continuous-domain problem where our
constraint that the solution must live in a spline space would have been lifted.
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e We present numerical results for measurement operators that correspond to inter-
polation in the spatial and Fourier domains. In these experiments, we show the
existence of a continuum of solutions as p varies from oo to 1. We then examine
properties of Lj-regularized solutions such as sparsity, regularity (smoothness) and,
oscillatory behavior and overshoot, as well as the effect of Ny on the solutions.

The chapter is organized as follows: In Section 3.2, we introduce the continuous-domain
framework and discuss some existing theoretical results. We provide background in-
formation on polynomial splines in Section 3.3. Section 3.4 includes the details of our
discretization scheme, along with a discussion on the approximation power of splines. We
present the multiresolution algorithm in Section 3.5 and illustrate our numerical results
in Section 3.6.

3.2 Generalized Interpolation

In this section, we define and discuss the key components of our framework: the mea-
surement operator, the regularization operator, the regularization norms, and the search
space for the optimization problem. We then briefly review theoretical results available
for this problem.

3.2.1 Continuous-Domain Framework

In generalized interpolation, the aim is to construct a function s : R — R that explains
the measurements y € RM, with

v(s) = ((Vl,s),...,(yM,s>> —y, (3.4)

where (v, s) represents the action of the linear functional vy, : s = (U, 8) = v (s) € R.
When v, and s are ordinary functions defined over R, the mth measurement is given
by the Lebesgue integral (v, s) = [g Vm(z)s(z)dz. In the pure interpolation problem,
the measurement functionals are shifted Dirac distributions v, = §(- — x,), with the
property that (§(- — zy,), $) = $(xm,).

In order to specify the regularization operator L, we introduce the Schwartz space S(R) of
smooth and rapidly decaying functions defined over R. Its continuous dual is the space of
tempered distributions, denoted by S’'(R). In our framework, we focus on regularization
operators of the form L = D™ : §'(R) — S'(R), where D is the derivative operator
extended to S’(R) [114, Chapter 3] and Ny > 1. The null space of the operator D™V is
Npny = span{pn}gil, with p,(z) = 2" 1. The Green’s function of D0 is denoted by
ppNo; it satisfies the property that DNo{ppyn,} = 6. The Green’s function is not unique
due to the existence of the null space.
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Next, we specify the the continuous-domain L,-norm. For a measurable function w : R —
R, the L,-norm (1 < p < 00) is defined as

fule, = ([, \w(w»ﬁdx)’l’, (3.5)

while the Lo-norm is defined as?

|lwl|L., £ esssup|w(z)|. (3.6)
rzeR
Equation (3.5) also specifies the L, quasinorm for values of p € (0,1). The Lebesgue
space of functions Ly(R) = {w : R — R | [[w]|r, < oo}, where p € [1,00], is a Banach
space. Here, we also define the M-norm used in gTV regularization, which is closely
related to Ly regularization, as

lwlpm = sup - (w, ) (3.7)
PESR),[lplloo=1
for any w € S'(R). The Banach space associated with [|-|[pq is M(R) = {w €
S'(R) | lwl]m < 4o0}. The M-norm is an extension of the Li-norm. Indeed, for
any w € L1(R), we have that
[wlla = lwllz, - (3.8)
However, the Dirac impulse ¢ is included in M(R) with ||0||p = 1 but does not belong
to L1(R). Thus, we have that L;(R) Cc M(R).

Finally, we define the search spaces for the gTV-regularized and Lj,-regularized problems

MPMNIR) = {s € S'(R) | DM{s} € M(R)} (3.9)
LIMI(R) = {s € S'(R) | DV{s} € L,(R)}. (3.10)

Here, we consider all generalized functions in &’(R) for which the regularization term is
finite.

Now that we have described all the components involved in our regularized generalized-
interpolation framework, we state the optimization problems that we consider in this

2The essential supremum is a generalization of the supremum in Lebesgue’s theory of integration. For
a measurable function w : R — R, it is the smallest value a € R such that w(z) < a almost everywhere
(i.e., everywhere except on a set of measure zero). The essential supremum is equivalent to the supremum
for continuous functions.
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work. They are

Sy = argmin |[[DM{s}||m s.t. v(s)=y (3.11)
se M(No)(R)

S, = argmin HDNO{S}HLp st v(s) =y, (3.12)
seLYNO (R)

where Ny > 1.

3.2.2 Theoretical Results

Before the discussion of theoretical results, we need to make some assumptions.

Assumptions 3.1. In the following statements, the symbol X represents the search space
MWNO(R) or L;NO)(R), depending on the problem at hand.

i. The measurement operator v is weak*-continuous on X.

i. For the given measurements y € RM and measurement operator v, there exists at
least one function sp € X such that v(sg) =y.

iii. The intersection of the null spaces of v and Do is {0}.

Assumption (1.i) implies that the measurement functionals satisfy v,,, € Y form = 1,..., M,
where the predual space ) is such that X = ). In practice, this imposes a minimum
degree of regularity and decay on {v,, }M_,. Assumption (1.ii) states a feasibility condition
and is needed to ensure that the generalized interpolation problem is well-defined. If
(1.i) holds and the v, are linearly independent, then (1.ii) is satisfied for any y € RM.
Assumption (1.iii) ensures that the problem is well-posed over the null space of the
regularization operator, where the penalization is immaterial. This can be checked by
verifying that the matrix P with entries [P],, , = (v, pp) is full-rank.

For the gTV-regularized and Lg-regularized problems, there exist representer theorems
that provide a parametric characterization of the possible range of solutions. In the
case of Lo regularization, the solution is unique, smooth, and lies in a finite-dimensional
subspace that depends on the measurement and regularization operators [104]. The gTV
problem can have infinitely many solutions, but the extreme points of the solution set
S are known to be splines whose type depends on the regularization operator only [101].
These splines have adaptive knots which are fewer than the number of measurements.
On applying the operator D0 to these extreme points, we recover Dirac impulses at the
knot locations, which implies a sparse Ngth order derivative. We refer to such solutions
as the sparse solutions of the gT'V problem.

Beside providing insights about the nature of the solutions, the representer theorems also
play a role in the design of numerical methods to solve these problems. The parametric
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forms of the solution provided by the theorems are used for the discretization of the
continuous-domain problems, leading to finite-dimensional optimization tasks which can
be solved using standard optimization algorithms. A detailed comparison of Lo versus
gTV regularization can be found in [104]. The reader can refer to [104, 115] for the
algorithms.

In this work, our main focus is on (3.12) with a general p > 1. This kind of a problem
has been addressed in [106] for the case of pure interpolation, when the measurement
functionals are Dirac impulses. Here, we state the result from [106] in a form that is
compatible with our framework. When p € (1, 00), there exists a unique solution s* to
the L,-regularized interpolation problem. It satisfies

N * |U*|q_1 *
D O{S }: ﬁsgn(v ), (313)
o 1
1,1 _
where > + 1= 1 and
M No
vi(x) = Z Am PNy (T — X)) + Z brpn(x) (3.14)
m=1 n=1

M

M_ " and where {a,,}M_, and

is a polynomial spline with knots at the data points {z,}
{bn}gil are suitable sets of coefficients. On setting p = 2, we recover the result given
in [104]. Equations (3.13)-(3.14) show that the Npth derivative of the solution to our
continuous-domain problem lies in a finite-dimensional manifold. The solution itself can
then be obtained by taking an Ng-fold integral, subject to adequate boundary conditions.
However, for p # 2, we have a nonlinear mapping in (3.13). This makes it difficult to
interpret other effects of regularization on the solution. Moreover, due to this nonlinear
mapping, these solutions do not readily lend themselves to a discretization scheme, unlike
in the gTV and Ly cases. Therefore, we propose a spline-based discretization scheme to

numerically solve the L,-regularized generalized-interpolation problem for p > 1.

3.3 Polynomial Splines

Polynomial splines of degree Ny form an essential component of our discretization scheme.
They are piecewise-defined functions where each piece is a polynomial of degree Ny. These
pieces are connected in a manner such that the first (Ng — 1) derivatives of the function
are continuous. The points where the pieces are connected are called knots. A cardinal
polynomial spline of degree Ny has its knots on the integer grid and can be expressed
uniquely in the form of a B-spline expansion [116]

s(z) =Y _ k) (@ — k), (3.15)

kEZ

33



Chapter 3 Continuous-Domain L,-Norm Regularization
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Figure 3.2: Causal B-splines ﬁ}]LVO () with scaling factor h.

where Bivo (z) is the causal B-spline of degree Ny and (c[k])recz are the expansion coeffi-
cients. The causal B-spline of degree 0 is defined as:

1, ifo<z<l
B (z) = - 3.16
+®) 0, otherwise, ( )

while the causal B-spline of degree Ny is obtained by the (Ny + 1)-fold convolution of
B9 (x) given by
B0 (w) = (B # AL+ x BY) (). (3.17)

Ny convolutions

We are interested in polynomial splines with knots located on a uniform grid of size h
(in other words, the knots lie in hZ). Such a spline of degree Ny admits the B-spline
expansion

su(x) = culk]BY (x — kh), (3.18)
keZ

where ﬂ,{bv O(x) = iv 0 (%) is the causal scaled B-spline of degree Ny. It is uniquely specified

by its coefficients ¢, = (cp[k])kez. We illustrate in Figure 3.2 that ﬁ}]LVO (x) is compactly
supported in [0, (Ng+ 1)h]. In fact, the B-spline 5}11\7 °(x) is the polynomial spline of degree
Ny, with knots in hZ, that has the shortest support [117].

Polynomial splines are closely linked to derivative operators of the form D™ (Ng > 1).
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Table 3.1: The operator D0 and the scaled B-spline ﬂ,]lvo_l(a:) and sequence (dn, [k])kez
associated with it.

L =DM }11\[071(.”[}) (dNo[OL"'adNo[NO])
1 0<z<h
D 0 — ’ - 1,—-1
An(a) {0, otherwise 1.-1)
x/h, 0<z<h
D2 Bi(x) =14 2h—x)/h, h<z<2h (1,-2,1)
0, otherwise
22 /2h, 0<z<h
—9 2 _ 2 2 2 < 2
D? 2(1) = (~22 +26xh ) SWE)[20% - h S @< 2h (1,-3,3,-1)
(8h — x)*)/2h?, 2h <z < 3h
0, otherwise

The operator D0 is associated with the scaled B-spline of degree (Ng — 1) according to

DNo {011 () = % S dw, [K]6(z — k). (3.19)
kEZ

The sequence (dn,[k])kez is characterized by its z-transform

dn,(2) = (1 — z~ 1Mo (3.20)
and is supported in {0,..., No}. In Table 3.1, we provide the explicit forms of 5}1;70—1(x)
and (dNo [k])keZ for Ng = 1,2,3.
3.4 Discretization Scheme

3.4.1 Search Space

We discretize the continuous-domain problem (3.12) by restricting the search space to a
suitable space of polynomial splines, defined as

LY (R) = { > kBN —kh) : ce L) (Z)}, (3.21)

keZ

where ,B}JLVO is the scaled B-spline of degree Ny, h > 0 is the grid size, and

oo(z) = {(c[k])kez (dy, *¢) € @,(Z)}. (3.22)

The choice of the search space ng(R) is guided by its exact discretization property
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which we discuss in Section 3.4.2. Moreover, the approximation power of splines ensures
that, when h is sufficiently small, the search space L;\{ ?(R) contains functions that are
arbitrarily close to the solution of the unrestricted continuous-domain problem (3.12). We
present a detailed argument for this in Section 3.4.4. The fact that L;X ?(R) is represented
in a B-spline basis is another advantage. B-splines are compactly supported and form a
Riesz basis [118], thus resulting in a well-conditioned discretization.

3.4.2 Exact Discretization

The exact discretization property of the function space LIJX ?(R) stems from Proposition
3.1.

Proposition 3.1. For any function s € L;X%(R) with p € (0, 00|, we have that

1

DN {s}H, = HhNo—l/p(dNO % c) Z (3.23)
Proof. A scaled B-spline of degree Ny can be expressed as
1 _
n () = 7 ( 2 B)) (). (3.24)
Using (3.19) and (3.24), we deduce that
1
DY {50} (x) = 55 > dvo KR ( — k). (3.25)
keZ
Therefore, for any s € L]];[ ?(R) it stands that
1
DNo{s}(z) = TN > (dny * O)[k]Bh(x — kh). (3.26)

kEZ

Equation (3.26) implies that DV0{s} is a piecewise-constant function. For p € (0, 00), the

PoN\#
dx)

following holds:

||DN0{5}”Lp = (/]R ’thO Z(dNO * c)[k]ﬁ}g(x — kh)

kEZ

_ <k%h’hl%(d% " c)[k})p)’l’

1
= HW(C[NO *C)”gp. (3.27)
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For the case p = oo, we have that

1
D 1., = esssup | s S (e, < (e — k)
z keZ

= sup
kEZ
1

= Il (A %)l (3.28)

hNo

L (dny #0) [k:]‘

O]

On plugging the parametric form (3.21) of any function s € L;V%(R) into Problem (3.12)
and using Proposition 3.1, we obtain the equivalent discrete problem

. 1
Sp,h = arglen ||m(d]\[0 * C)”gp s.t. Z C[k‘}l/( }]1\[0( — k'h)) =Yy (329)
c€l, °(Z) keZ

The important thing to note here is that Problem (3.29) is ezactly equivalent to the
continuous-domain problem (3.12) restricted to the search space LIJX ?(R). In other words,
by solving the above discrete problem, we effectively find a solution to the restricted
continuous-domain problem, which is given by >, -, ¢*[k] ,]LV O(- — kh) with ¢* € Sp . As
indicated by Proposition 3.1, this discretization scheme is also valid for L, quasinorm
regularization with p € (0,1). However, these values of p correspond to non-convex
problems.

Interestingly, the function space LJIV »(R) can also be used for discretizing the gT'V problem
(3.11), which then also happens to be equivalent to the p =1 case.

Proposition 3.2. For any function s € Lff%(]R), we have that

IDY{s}|ae = ID{s}]z, - (3.30)

Proof. Equation (3.26) implies that D0 {s} is piecewise-constant. Moreover, since (d, *
c) € 11(Z), we conclude that DVo{s} € L{(R). The relationship between the M-norm
and Li-norm (3.8) leads to (3.30). O

By restricting the search space in (3.11) to LiV%(R) and using Propositions 3.1 and 3.2,
we obtain the discrete problem (3.29) with p = 1.

The salient and novel aspect of our method is the exact discretization of the continuous-
domain problem. To the best of our knowledge, there is no prior work that discretizes
L,-regularized continuous-domain problems, with a general p, exactly. As mentioned
earlier, the cases of p = 2 and gTV have also been handled in [104, 115]. However, those
discretization schemes have been specifically derived from representer theorems for Lo

37



Chapter 3 Continuous-Domain L,-Norm Regularization

and gTV regularization, and unlike the method proposed in this paper, are not applicable
for other values of p.

3.4.3 Finite-Dimensional Problem

In practice, we assume that the measurement functionals v,, are supported over a finite
interval Iy = [0,7]. Consequently, a finite number of B-spline expansion coefficients are
now involved in the constraint term in (3.29). We denote the set of the indices of these
coefficients by K = {kmin, - - - , kmax }; the cardinality of this set is || = N. We now state
Proposition 3.3, which has been adapted from Lemma 3 in [115].

Proposition 3.3. If the measurement functionals {Vm}%zl are supported in I, then
a solution ¢* € S, of Problem (3.29) is uniquely determined by the N coefficients

C*‘K = (C* [kmm], . ,C* [kma:c])-

This result ensures that we only need to optimize over the N B-spline coefficients that affect
the constraint (or data) term in (3.29). As described in [115], the expansion coefficients
outside the interval of interest I can be set in a way such that all the regularization terms
that they affect are nullified. This allows us to write the infinite-dimensional convolution
in (3.29) as a matrix multiplication, leading to the finite-dimensional optimization problem

Sp,n, = argmin ||LCng s.t. He=1y, (3.31)
ceRN

where the system matrix H : RN — RM is
H= [v(3°( — kminh)) - V(Br°(- — kmaxh)) | , (3.32)

and the regularization matrix L : RY — RN—No g

dNO[NO] dNO[O] 0 0
) . . .
-+ _| ©° (3.33)
0 0 dNo[NO]"'dNO[O]

The solutions ¢* € S, ;, and ¢* € S, ), are related in the following manner: ¢* = c¢*|g =
(¢*[kmin]s - - - ¢*[kmax]). Proposition 3.3 implies that the solution to Problem (3.29) can
be uniquely determined from c*. Thus, we conclude that Problem (3.31) is equivalent
to the continuous-domain problem (3.12) ((3.11), respectively) restricted to the search
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space Lév 2 (R) (LiV%(R), respectively), in the sense that the continuous-domain solution
can be fully described by c*.

3.4.4 Effect of the Grid Size

So far, we have seen that the solutions to our continuous-domain problems, when restricted
to LIJX ?(R), can be obtained by simply solving the finite problem (3.31). Now, we look at
the influence of the grid size h on these solutions. We define a linear projection operator
for the function space L;}V% (R) as

A R0 T N

kEZ

where M0 is a (generalized) function such that

(8Y(=p).BY( —q)) = blp— 4. (3.35)

The operator defined in (3.34) is a valid projection operator since it is idempotent. This
can be shown by using the biorthonormality condition (3.35).

We now state Theorem 3.1, adapted from [119], which bounds the L,-norm of the error
between a function s € LZ(;NO) (R) (the search space of the unrestricted continuous-domain

problem, as defined in (3.9)) and its projection onto Lg}’l(R).

Theorem 3.1. Let P, n, be a linear projection operator for L;X‘;L(R), as defined in (3.34).

p,h

When p € (1,00), the error of approzimation for any s € L](DNO)(]R) is

l|s — PLN%{S}‘|LP = O(hM). (3.36)

For a small-enough grid size h, the error of approximation for any s € L:E;NO)(}R) will
be negligible. Therefore, our restricted search space Lg%(]R) will contain functions
(projections) which are arbitrarily close to the solution of the unrestricted continuous-
domain problem. Finally, to compute the solution to the restricted continuous-domain
problem, we only need to solve the finite problem (3.31).

3.5 Multiresolution Algorithm

In this section, we discuss a multiresolution algorithm that computes a solution with the
desired precision by gradually making the grid finer.
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3.5.1 Solving the Finite Problem for a Fixed Grid Size

We first discuss the algorithm that we use to solve finite-dimensional problems of the form
(3.31). As constrained-optimization problems are typically harder to solve numerically
compared to their unconstrained counterparts, to make the optimization easier we consider
the unconstrained version of (3.31) given by

S, = argmin (Hy _Hel2+ wmecuep)) (3.37)
ceRN

where 7 € RT is the regularization parameter and the function ¢, : RT™ — R is defined
as

p(x) = {xp ifp € [L,00), (3.38)

x if p= co.

Since 1, is monotonic over R, the solution(s) to the constrained problem (3.31) can
be obtained from (3.37) in the limit by taking 7 — 0. Thus, we propose to solve our
finite-dimensional problem (3.31) by solving (3.37) with a very small value of 7.

The case p = 2 is special since then the optimization problem (3.37) is quadratic
and can be solved directly without the need for an iterative algorithm. The unique
solution in this scenario can be obtained by solving the linear system of equations
(H'H + 7L”L)c* = HTy, which is obtained by setting to zero the gradient with respect
to ¢ of the cost functional in (3.37). This can be done by various methods, including

direct matrix inversion.

For the values of p € [1,00] \ {2}, we use the well-known ADMM [24] to solve Problem
(3.37). The update rules for ADMM in our case are

o = (HTH + SL7L) " (Hy + LL7 (2" + u¥) (3.39)
Zk-l-l — pI‘OX%wp(H.”[p)(LCkJrl + uk) (340)
it = uF g LRt gL (3.41)

where ¢ and z are the primal variables, u is the dual variable, p > 0 is the augmented-
Lagrangian parameter and 7 = 7/p. The proximal operator of a function g is defined as
[120]

1
prox,(x) = arglfnin <2||u —x|3 + g(u)> . (3.42)
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Figure 3.3: Lookup tables for the proximal operators of | - |P

For p = {1, oo}, the proximal operators involved in (3.40) have the closed-form expressions

prox (x) = sgn(x) ® max(|x| — 7,0) (3.43)

Fll-lley

pI‘OX;.H.Heoo (X) =X — %proj”'HZlSl(X/%)’ (344)

where the operators sgn(-) and max(-) are applied component-wise, ® denotes component-
wise multiplication, and the projection operator is

projH,”ngl(x) = argmin |Ju — x||3. (3.45)
wlufle, <1

This projector is computed as explained in [121]. Thus, the proximal operators can be
computed efficiently for these two cases.

In general, we do not have a closed form expression for the proximal operator when
p € (1,00). The additive separability of the function ¢, (]| - ||l¢,) can be used to observe
that

[PrOXz, (- 1,) )m = Proxz. o ([x]m)- (3.46)
Now, we only need to compute the proximal operator for the 1D function 7| [P : R — R,
which we do with the help of lookup tables (LUTs). We provide in Figure 3.3 a few

examples of LUTs. An efficient implementation is achieved by exploiting properties of
prox;Hp(-) such as antisymmetry and monotonicity.

So far, we have seen that ADMM can be used to compute the unique solution to (3.37)
when p € (1,00). When p = {1,00}, ADMM gives us one out of the possibly many
solutions. In order to obtain a sparse solution for p = 1, we follow the procedure proposed
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Algorithm 1 Multiresolution Algorithm

1: Input: p, T, y, v, Ny, 7, Rinit, €.

2: Output: c*

3: Initialization: ¢ = 0,¢t = 0, rel error = € + 1, prev_cost = 400
4: while rel error > ¢ do

5: h = hinit/Qt

6: Update H, L

7 if p = 2 then

8: c = (HH+7LTL)"'HTy

9: else

10: ¢ < ADMM(cyo; p, y, H, L, 7)
11: end if

12: rel error = |cost(c) — prev_cost| / prev_ cost
13: prev_ cost = cost(c)

14: t +— t+ 1

15: end while

16: if p = 1 then

17: yr = Hc

18: c¢* = Simplex(y,, H, L)

19: else

20: c* =c

21: end if

in [104]. The solution c* € S]/) 5, obtained via ADMM is used to generate the measurements
y- = Hc*. Using these “denoised” measurements, Problem (3.37) is then recast as a
linear program which we solve using the simplex algorithm [122]. The simplex algorithm

guarantees that we reach an extreme point of S} ,, which is sparse.

3.5.2 Grid Refinement

We begin with a coarse grid hiit and make it finer gradually until a further decrease of
the grid size does not affect the solution much. At each iteration t € W, we pick a grid
size hy = hinit /2, splitting the grid from the previous iteration in half. We then solve the
corresponding finite problem.

For this sequence of grid sizes, we observe that the search spaces are embedded like
Lg 7 (R) C L;\?LHI (R). This ensures that, by splitting the grid in half, we obtain a refined
solution that is at least as good in terms of the cost function. Finally, we keep making
the grid finer until the relative decrease in cost is less than some desired tolerance level e.
Another advantage of this embedding property is that the solution from the previous grid
can be used as initialization for ADMM, which tends to improve the speed of convergence.

This algorithm is adapted from the work in [115].
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In Algorithm 1, ¢y corresponds to the coefficients ¢ modified to match a grid that is
twice as fine as that of c. The routine ADMM(cto; p, y, H, L, 7) runs ADMM on
Problem (3.37) with c49 as the initialization while the routine Simplex(y,, H, L) runs
the simplex algorithm on the linear program obtained from Problem (3.37) by using the

denoised measurements y.

3.6 Numerical Experiments

We now present numerical results that allow us to identify certain properties of L,-norm
regularization and thus understand its effect. We have implemented our multiresolution
algorithm using GlobalBiolm [123], a MATLAB library designed for solving inverse
problems.

3.6.1 Setup

In our experiments, we have considered two types of measurement functionals.

e Dirac Impulses: In this setting, the given measurement operator takes the form
v(s) = ((5( —x1),8),...,(6(- —zp), s)) = (5(:61), cee S(ﬂ:M)>, where the points
{2, }M_, lie within the interval I7. This operator corresponds to the standard
interpolation problem that was discussed in Section 3.1. We ensure that the points

{2z }M_, are pairwise distinct and that M > Np, so that the operator v satisfies
the condition Npn, NN, = {0}.

e Dephased Cosines: In this case, the measurement functionals are 11 = 1y 1) and
Vm = co8(wm@ + i) X Lo for m = {2,3,..., M}. This operator corresponds
to a variant of the Fourier interpolation problem which is relevant to magnetic
resonance imaging. In order to construct such an operator and the corresponding
measurements for our experiments, we first generated a function sg and picked
a threshold frequency wpax such that the spectrum of sy had little energy above
wmax- The frequencies wy, were then drawn uniformly at random from (0, wpyax]
while the phases 6, were drawn uniformly at random from [0, 7). This operator
v was applied to sy to generate the measurements that we use in the experiments

involving dephased cosines.

The regularization parameter was set to 7 = 107!0 in the first two experiments and
7 =10"" in the last two experiments. For all examples that we present in this section,
the grid tolerance was set to e = 1073. In each example, we compute the solution for
several values of p € [1, 00].
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Figure 3.4: Unique gTV solution (L = D?). The simplex and ADMM solutions are
coincident.

3.6.2 Results

1) Continuum of Solutions and Sparsity: We first present two examples (Figures 3.4 and
3.5) to talk about the behavior of the solution as the value of p is changed. In these
examples, the measurement functionals are Dirac impulses (interpolation problem) and
the regularization operator is L = D2. Both examples show that, as we vary p from oo to
1 (note that p = 1 corresponds to the gT'V case), the solutions gradually move towards
the (or one of the) gTV solution(s). For the example in Figure 3.4, the computed gTV
solutions with and without applying the simplex are the same and resemble a linear spline
with two knots, in agreement with [101]. It can be shown that this particular sparse
solution is the unique solution to the gTV problem. In this case, we see that the solution
for p = 1.001 is close to the unique sparse gT'V solution.

By contrast, the configuration of the data points in Figure 3.5 is such that the gT'V
problem has multiple solutions. This can be seen in the plots as the solution obtained by
running the simplex after ADMM is sparse (linear spline with three knots), while the
solution obtained via ADMM only is non-sparse. Interestingly in this case, the solution
for p = 1.001 is close to a non-sparse gT'V solution. Based on the above observations and
additional experiments of the same nature, we make several claims.

e There exists a continuum of solutions when p is varied from oo to 1.

e When the gTV problem has a unique solution, the continuum converges to that
unique sparse solution as p — 1.

e When the gTV problem has multiple solutions, the continuum converges to one of
its non-sparse solutions as p — 1.

We discuss two implications of our claims. Firstly, the existence of a continuum implies
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Figure 3.5: Multiple gT'V solutions (L = D?).
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Figure 3.6: Dephased-cosine measurement functionals (L =D, M = 15). For p =1, the
simplex and ADMM solutions are coincident.

that one can use Ly,-norm regularization with p € (1,00), to “interpolate" between the
properties of the gTV and Ly solutions. One such property is regularity or smoothness.
In Figures 3.4 and 3.5, we observe that the smoothness of the solution reduces as p
decreases. Secondly, we conclude that L,-norm regularization with a small p can be used
as a sparsity-promoting prior in settings where the gTV solution is guaranteed to be
unique. This is in line with the use of discrete £,-norm regularization, with a small p, in

compressed-sensing frameworks.

As further illustration, we also provide an example with the dephased-cosine measurement
functionals. In this case, the regularization operator was L = D, leading to a piecewise-
constant gTV solution in Figure 3.6. The continuum of solutions and change in regularity,

as p is varied from oo to 1, is evident in this figure.

2) Gibbs-Like Oscillations: In the interpolation of step-like functions using splines, Gibbs-
like oscillations are observed at the discontinuities [112, 124, 125]. We use the step and
staircase functions (Figure 3.7) to investigate this effect in our L,-regularized problem.
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Figure 3.7: Illustration of Gibbs-like oscillations (L = D?). For p = 1, the simplex and
ADMM solutions are coincident.

In these cases, we observe that the solutions exhibit an oscillatory behavior (with an
overshoot at the discontinuity) which decreases as p goes from oo to 1. Moreover, as p
becomes smaller, the oscillatory effect of the discontinuity becomes more localized. We
claim that

e [,-norm regularization with a smaller p results in weaker Gibbs-like oscillations at
the edges.

We would like to point out that the above claims exclude the special case of spatial
interpolation with L = D. Here, all values of p € (1, 00) generate the same solution, which
is a linear spline with knots at the data points. This can be inferred from the theoretical

result stated in Section 3.2.

3) Effect of Ng: We now discuss the influence of the operator L = D0 which is the second
component of our regularization term. In Figure 3.8, we present an example where we fix
p = 1.5 and compute the solutions for different values of NVy. Our general observation is
that
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Figure 3.8: Effect of the regularization operator D0 for a fixed p = 1.5.

e For any p € [1, o0], the solution becomes smoother and exhibits more oscillations as
Ny increases.

4) Comparison with Shannon’s sinc interpolation: Consider a standard interpolation
problem with uniformly spaced points

Tm=mA, m=12 ..., M, (3.47)

where A > 0 is the spacing between any two consecutive points x,,, and measurements
{ym}M_,. In this case, the well-known sinc interpolant is given by

Ssinc(T) = % U sinc(x_AmA>. (3.48)

m=1

Remarkably, the variational formulation (3.12) of the above interpolation problem includes
Shannon’s sinc interpolation scheme as a special case corresponding to p = 2 and Ny — oo
[126).

In many applications such as image scaling and image registration, smoother interpolating
functions are desirable since they are well-behaved with well-defined multi-order derivatives.
While sginc(x) is a highly regular function, unfortunately it also exhibits strong Gibbs-
like oscillations at sharp transitions. On the other hand, as observed in the previous
experiments, by controlling the values of p and Ny, L,-regularized solutions can be made
to achieve a balance between smoothness and oscillatory behaviour.

To illustrate this advantage of our framework, we consider interpolation of the data points
from Figure 3.8. We compute the maximum overshoot (which is related to the extent
of the oscillations) of the sinc interpolant and the L,-regularized interpolant for several
values of p and Ny, and we plot the results in Figure 3.9. For ease of comparison, we
indicate the maximum overshoot for sinc interpolation, which is quite high, as a horizontal
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Figure 3.9: Maximum overshoot values for interpolation of the data points from Figure
3.8.

dashed line. The plots for the L,-regularized solutions show that Ny and p (more so
when Ny is small) can be varied to control the overshoots or oscillations, and balance
them with the desired smoothness.

3.7 Summary

We have implemented a multiresolution algorithm to solve numerically the generalized-
interpolation problem with Lj)-norm regularization, along with its unconstrained variants.
We have shown that an appropriate grid-based B-spline basis can be used to exactly
discretize the (restricted) continuous-domain problem. Based on previous results from
approximation theory and splines, we have argued that as the grid size goes to zero, the
computed solution approaches the solution of the unrestricted continuous-domain problem.
With the help of numerical results in the context of spatial and Fourier interpolation, we
have established the existence of a continuum of solutions as p goes from oo to 1. Finally,
we have made insightful observations about properties of the L,-regularized solutions
such as sparsity, regularity, and Gibbs-like oscillations.

3.8 Appendix

Consider the unconstrained optimization problem in (3.2):

S = arg min <D<y, V(s)) +7R(s) > (3.49)

seX

J(s)

Here, we show that if D is strictly convex and R is convex, then all the solutions s* € S
generate the same measurement vector zg = v(s*). The proof is adapted from [127] and
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is based on standard arguments in convex analysis.

Let s7, s5 € S be two solutions of (3.49) such that they produce different measurements i.e.,
v(s7) # v(s3). Let the minimum value of the objective function be J* = J(s7) = J(s3).
For a candidate function s, = as] + (1 — «)s3, with a € (0, 1), we have

J(sc) = D(y, V(ozs’{ + (1 - a)s§>> + TR(OAST +(1— oz)s’é)

< <a<p(y,y(s;)) +T7z(s’{)>

J*

+ (1 —a)D(y,v(s3)) + TR(S;)) =J". (3.50)
B2

The above strict inequality is due to the fact that D is strictly convex and R is convex.
The relation J(s.) < J* is a contradiction and thus v(s}) = v(s3) = z.
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Y Sparse Stochastic Processes

'Tn this chapter, we present a benchmarking environment based on sparse stochastic
processes [114] to objectively evaluate and compare the performance of reconstruction
algorithms for linear inverse problems involving 1D signals. Our framework offers quan-
titative measures of the degree of optimality (in the mean-square-error sense) for any
given reconstruction method. Since it is based on stochastic modelling, it provides access
to unlimited amounts of data, which enables the proper benchmarking of NN-based
approaches without having to worry about the representativity of the training data.

4.1 Introduction

NN-based methods that make use of prior information learned from a large collection of
training data are now the focus of much of the current research in signal reconstruction.
In several applications such as MRI, CT, optical imaging, and ultrasound, their gain
over state-of-the-art classical methods is impressive. Specifically, they shine in extreme
scenarios where one wishes to achieve more with fewer measurements. However, NN-based
methods have certain limitations that currently hinder their further development.

Unlike the classical methods, which are backed by sound mathematics, the development
of NN-based approaches is empirical. Expressivity is obtained through the composition of
simple units, but the working of the whole is hard to comprehend and the architectural
options are overwhelming (e.g., depth, number of channels, size of the filters). In
practice, one usually proceeds by trial and error using the training, validation, and
testing errors as quantitative criteria. Further, the training of NNs is poorly understood
and often difficult because of the underlying over-parameterization: getting a stochastic
optimization algorithm to perform properly for a specific application typically requires a
lot of adjustments and experimentation.

'This chapter is based on our work [128].
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Beside the strain that this empirical approach exerts on developers, the performance
greatly depends on the quality, cardinality, and representativity of the training dataset.
The bottleneck with several applications (e.g., biomedical imaging) is often a limited
access to large, representative datasets. This explains why the works that demonstrate the
superiority of the NN-based approaches over the classical ones for signal reconstruction
have used limited benchmarks so far.

4.1.1 Contributions

In this chapter, we present an objective environment to benchmark the performance of
reconstruction algorithms for linear inverse problems, in particular, NN-based methods
that require large amounts of training data.

We synthesize ground-truth signals and then simulate the measurement process (e.g.,
convolution for deconvolution microscopy, Fourier sampling for MRI) in the presence of
noise. Specifically, we consider a statistical framework where the underlying signals are
realizations of 1D sparse stochastic processes (SSPs) [114]. Since the true statistical distri-
bution of the signal is known exactly in our framework, the minimum-mean-square-error
(MMSE) estimator is indeed optimal in the mean-square-error (MSE) sense. Therefore,
we are able to provide statistical guarantees of optimality by specifying an upper limit on
the reconstruction performance.

Our framework also provides training data for NN-based methods. Indeed, for some
chosen stochastic signal model, we can produce datasets consisting of any desired number
of signals or signal-measurement pairs for a given measurement model, which allows for an
informed comparison of network architectures. Thus, the availability of the goldstandard
(MMSE estimator) and training data make our benchmark a good ground for the tuning
of NN architectures and for the identification of the best designs in a tightly controlled
environment.

The MAP estimates of SSPs are solutions of optimization problems and can be computed
efficiently. However, it has been observed that these MAP estimators are suboptimal in
the MSE sense [34, 129], except in the Gaussian scenario where the MAP and MMSE
estimators (generalized Wiener filter) coincide [15]. In this work, we focus on non-
Gaussian signal models. In principle, the MMSE estimator involves the calculation of
high-dimensional integrals, which are not numerically tractable in general. Thus, we
develop efficient Gibbs-sampling-based algorithms to compute the MMSE estimators
for specific classes of SSPs, with innovations following the Laplace, Student’s t, and
Bernoulli-Laplace distributions. To the best of our knowledge, no such working solution
for generic linear inverse problems with SSPs has been presented in the literature.

Finally, we present experimental results that illustrate the usefulness of our framework.
Specifically, we benchmark the performance of some well-known classical MPL estimators
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and end-to-end trained CNNs that perform direct nonlinear reconstructions, in the context
of deconvolution and Fourier sampling for first-order SSPs. The CNNs that we consider
are optimized by minimizing the MSE loss for training datasets. On one hand, when the
innovations follow a Bernoulli-Laplace distribution, we observe that CNNs (with sufficient
capacity and training data) outperform the sparsity-promoting MPL estimators, which
are well-suited to these piecewise-constant signals. In fact, some of these CNNs achieve
near-optimal MSE performance. On the other hand, our experiments with Student’s
t innovations indicate regimes where CNNs fail to reconstruct the signals well. More
specifically, we observe that, when the tails of the Student’s t distribution are made
heavier (i.e., when we move towards a Cauchy distribution), CNNs perform rather poorly.

The chapter is organized as follows: In Section 4.2, we describe a continuous-domain
measurement model along with a way to discretize it. In Section 4.3, we introduce Lévy
processes as stochastic models for our signals and we derive the probability distribution for
samples of such processes. We then develop Gibbs samplers for Lévy processes associated
with Laplace, Student’s t, and Bernoulli-Laplace distributions in Section 4.4. Finally, we

present experimental results in Section 4.5.

4.2 Measurement Model

In the proposed framework, we consider the recovery of a continuous-domain signal

st : R — R from a finite number M of measurements y' = (y )M

m=1"
4.2.1 Continuous-Domain Measurement Model
We model the measurements y© = (yf,)M_; as
y = / 5 (D) vm ()t + n'm], (4.1)
R

where (Vm)%"zl are linear functionals that describe the physics of the acquisition process
and n'[-] is a realization of white Gaussian noise with variance o2. By choosing appropriate
functionals (v,,,)M_,, we can study a variety of linear inverse problems such as denoising,
deconvolution, inpainting, and Fourier sampling.

4.2.2 Discrete Measurement Model

We need to discretize (4.1) to obtain a computationally feasible model for the measure-
ments. To that end, we consider a finite region of interest 2 = (0,7") of the signal and
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approximate it with

K
sh(t) = Zs*(kh)sine(z — k), (4.2)

k=

where h is the sampling step and K =

—

L%J — 1). When h is small enough, 32 is a good
approximation of s' within the interval €2 [130]. On introducing (4.2) into (4.1), we get
that

y' =Hs' +n', (4.3)

where st = (s"(kh))E_; € RE contains equidistant samples of the signal, H : R — RM
is the discrete system matrix with

t

(EL] = /R sinc<h - k) v (t)dt, (4.4)

and n' € RM is the noise.

Thus, for any given signal samples st € RX | we can simulate noisy measurements using
(4.3). Next, we derive the discrete system matrices for deconvolution and Fourier sampling.
Hereafter, we assume for simplicity that h = 1.

4.2.3 Deconvolution

In deconvolution, the measurements are acquired by sampling the result of the convolution
between the signal and the point-spread function (PSF) 1 of the acquisition system,
which we model by letting the measurement functionals be v, = 1(m — -). We assume
that the cutoff frequency of 1 is wy < m, as this allows us to sample (s’ *1)) on an integer
grid without aliasing effects. In this case, The entries of the resulting system matrix H
are given by

H],, , = / sinc(t — k)y(m — t)dt
R
=(m — k). (4.5)
Here, H is a discrete convolution matrix whose entries are samples of the bandlimited
PSF .
4.2.4 Fourier Sampling

In Fourier sampling, the measurements are acquired by sampling the Fourier transform of
the signal at arbitrary frequencies {wy, }_,. Accordingly, the measurement functionals
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are the complex exponentials v, = e m". Assuming that |wy,| < 7, we get that
[H]m,k = / Sinc(t — k)e_jwmtdt
R
= e_jwmk?' (46)

Here, H is a discrete Fourier-like matrix, except that the frequencies w,, do not necessarily

lie on an uniform grid.

4.3 Stochastic Signal Model

In this section, we describe a continuous-domain stochastic model for the signal. We also
derive the probability distribution for its samples.

4.3.1 Lévy Processes

In our framework, the underlying signals are realizations of a well-known class of first-order
sparse stochastic processes: the Lévy processes [114, 131].

Definition 4.1 (Lévy process). A stochastic process (or collection of random variables)
S={S(t):t € R"} is a Lévy process if
1. 5(0) = 0 almost surely;

2. (independent increments) for any N € N\ {0,1} and 0 < t; <ta--- <ty < 00, the
increments (S(tg) - S(tl)), <S(t3) - S(tQ)), e (S(tN) - S(tN,l)) are mutually

independent;

3. (stationary increments) for any given step h, the increment process Uy, = {S(t) —
S(t—h) :t € R} is stationary;

4. (stochastic continuity) for any e >0 and t > 0

}llii%Pr{]S(t +h)—S(t)| > e} =0.

Lévy processes are closely linked to infinitely divisible (id) distributions.

Definition 4.2 (Infinite divisibility). A random variable X is infinitely divisible if, for
any N € N\ {0}, there exist independent and identically distributed (i.i.d.) random
variables X1,..., Xy such that X = Xy 4+ --- + Xy

For any Lévy process S, the random variable S(¢) for some ¢ > 0 is infinitely divisible.
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(a) Gaussian: p(x) =

1 _ =

€
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(b) Laplace: p(z) = Ze~bl=l

(c¢) Bernoulli-Laplace: p(z

) = Ad(x) + (1 — A)Zetlel

(d) Student’s t: p(zx)

_ e 1
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Figure 4.1: Realizations of different Lévy processes as characterized by the corresponding

infinitely divisible pdfs.

Moreover, its probability density function (pdf) is given by

t
j f'wzdw
Dsry () Z/ (/psu)(y)e“ydy) e 5
R \ JR T

(4.7)
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Conversely, for any id distribution with pdf p;iq, it is possible to construct a Lévy process S
such that ps.) = piq. Thus, there is a one-to-one correspondence between Lévy processes
and id distributions [131].

Among all id distributions, the pdf of the Gaussian distribution exhibits the fastest rate
of decay at infinity. In this sense, we refer to the non-Gaussian, heavier-tailed members
(e.g., Laplace, Bernoulli-Laplace, Student’s t, symmetric-alpha-stable) of the class of id
distributions as sparse [132]. Indeed, some of these sparse distributions have a mass at
the origin in their probability distribution (e.g., Bernoulli-Laplace) and some of them are
strongly compressible (e.g., Student’s t, symmetric-alpha-stable) [133].

The stochastic model of Lévy processes allows us to consider a variety of signals with
different types of sparsity. In our framework, we focus on the subclass of Lévy processes
associated with the Gaussian, Laplace, Bernoulli-Laplace and Student’s t distributions.
Some realizations of these processes are shown in Figure 4.1.

4.3.2 Discrete Stochastic Model

Now, we derive the pdf of the random vector S = (S(k))E_,, which contains uniform
samples of a Lévy process. Consider the stationary increment process U(t) = {S(t) —
S(t—1) : t € RT} whose first-order pdf p, is the same as ps(;) and so is infinitely divisible.
Its samples U = (U(k))X_, can be expressed as

U = DS, (4.8)

where D is a finite-difference matrix of the form

10 0 - 0
-1 1 0 - 0

D=| 0-1 1 -+ 0f. (4.9)
. 00 - =1 1]

Using (4.8) and the fact that the increments are independent, we obtain the pdf of the
discrete signal as

K
ps(s) = [T po([Ds]i ). (4.10)
k=1
Note that (4.8) can also be written as

Slk=> U, k=1,...,K, (4.11)
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which gives us a direct way to generate samples of Lévy processes.

4.3.3 Extensions

In this work, we have considered inverse problems involving 1D signals that are modelled
as realizations of Lévy processes with increments that follow the Gaussian, Laplace,
Bernoulli-Laplace and Student’s t distributions. Our framework can further be extended
in a straightforward manner to include the more general signal model of continuous-
domain first-order autoregressive processes [114, Chapter 7| driven by white noises
associated with the aforementioned distributions. These AR(1) processes yield a discrete
stochastic model that is similar to the one described in (4.10). There, the application of a
suitable transformation matrix to the random vector containing equidistant samples of the
process decouples it and generates a random vector (called the innovation or generalized
increments) with i.i.d. entries. Thus, the MMSE estimation methods presented in Section
4.4 can be readily adapted for such AR(1) processes.

We can also directly extend the proposed framework to handle multidimensional signals
for the particular stochastic model of continuous-domain AR Lévy sheets [134, Chapter
3|, [114] associated with the Gaussian, Laplace, Bernoulli-Laplace and Student’s t dis-
tributions. These are higher-dimensional generalizations (based on separable whitening
operators) of the corresponding AR(1) processes and they result in desirable discrete
models of the form (4.10). Unfortunately, the random vectors constructed from samples of
other (“non-separable") higher-dimensional stochastic processes described in [114] cannot
be fully decoupled by applying a linear transformation. This makes the task of designing
schemes to evaluate their MMSE estimators very challenging. An alternate way of extend-
ing our framework could be to define a new class of continuous-domain multidimensional
stochastic models using the spline-operator-based framework of [135, 136]. However, this
approach would require substantial development of novel mathematical ideas and is thus
not discussed further in this work.

4.4 MMSE Estimators for Sparse Lévy Processes

So far, we have introduced the signal and measurement models that allow us to generate
our ground-truth signals and simulate their noisy measurements for a certain acquisition
setup. Next, we focus on the MMSE estimator for the reconstruction problem at hand,
which is to recover the signal s’ from its measurements y'.

Let Y be the underlying random vector for the measurements that takes values in RM.
Since we have an AWGN model, using Bayes’ rule, (4.3) and (4.10), we can write the pdf
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of the posterior distribution of S|Y = y' as

Pyis(¥'[s)ps(s)
fRK Pyis(Y1[8)ps(S)ds

o<exp< Iy! _HS”2> ﬁ (Ds ) (4.12)

The MMSE estimator is then given by

PS\Y( |y )=

syvse(y') = arg min </]RK 15 = sl3 PSY(§|}’T)d§>

scRE

:/ S psiv(8]y")ds, (4.13)
RE

which is the mean of the posterior distribution psyy(-|y"). For a fixed stochastic model,
the MMSE estimator is the optimal reconstructor in the MSE sense and thus serves as the
goldstandard in our benchmarking framework. In the Gaussian case, the MMSE estimator
is known to coincide with the MAP estimator and is straightforward to calculate [15, 137].
However, in the non-Gaussian case, we need to numerically evaluate the high-dimensional
integral in (4.13), which is computationally challenging.

In the remainder of this section, we present efficient methods to compute the MMSE
estimator for sparse Lévy processes with increments that follow the Laplace, Student’s t,
and Bernoulli-Laplace distributions, which constitutes a key contribution of this chapter.

4.4.1 Gibbs Sampling

In order to compute the integral in (4.13), one can generate samples {ST(‘”}q(‘?:1 from the
posterior distribution pgy(-|y") using an MCMC method and approximate sy;sp(¥') by
the empirical mean sf)(y') = 52(?:1 s'@, In this work, we propose to use the MCMC

method called Gibbs sampling [138, 139] to first generate samples {u“q)}gz1 from the
distribution pyyv(-|y"). These can then be transformed in accordance with (4.11) to obtain
the desired samples {D_lu“‘D}qQ:1 from psiy(-ly"). We now give the gist of this algorithm.

Let X and Y be two random variables. Consider the task of generating samples from their
joint distribution pyy. Gibbs sampling is advantageous whenever it is computationally
difficult to sample from the joint distribution directly but the conditional distributions
pxiv(-ly) and pyix(-|z) are easy to sample from. The steps involved in this method are
presented in Algorithm 2. They yield a Markov chain whose stationary distribution is
indeed pxy [139]. In practice, one discards some of the initial samples (burn-in period) to
allow the chain to converge. Moreover, quantities (expectation integrals) based on the
marginal distributions px and py can be computed from the individual samples {x(q)}gzl
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Algorithm 2 Gibbs sampling

1: Input: @ (number of samples), B (burn-in period)

2: Initialization: (55(0)??)(0))

3 forg=1,...,B+ @ do

4: Generate £(@ according to pX|Y< . \gj(q_l)>

5: Generate §(9 according to py‘x( . \:ﬁ(q))

6: end for
Q Q

7. Output: {(a:@, y(q>>} = {(;g(qw), g(q+B))}
q=1 q=1

and {y(? }qu1 , respectively.

Next, we present Gibbs sampling schemes for Lévy processes with Laplace, Student’s t,
and Bernoulli-Laplace increments. Our strategy is to introduce an auxiliary random vector
W and perform Gibbs sampling for the joint distribution pywy(-,-|y") [140, 141]|. The
key is to choose W such that the conditional distributions pywy (-, ¥") and pwuy(-|-,¥")
can be sampled from in an efficient manner.

Hereafter, we assume that the noise variance o2 and the parameters of the signal model
are known.

4.4.2 Laplace Increments

For Lévy processes with Laplace increments, we adapt the approach that was developed
in [142].

The pdf for the Laplace distribution is

pu(u) = gexp ( - b\u|), (4.14)

where b is the scale parameter. The density in (4.14) can be expressed as a scale mixture
of normal distributions [143], as

pu(u) :/Rpuw(u|w)pw(w)dw, (4.15)

where

1 u?
puw(u|w) = \/mexp ( — 2w> (4.16)
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is the Gaussian pdf and
b? b2w
pw(w) = —exp (— > 14+ (w) (4.17)

is a mixing exponential pdf? with A = 2/b2. This property allows us to define an auxiliary
random vector W that takes values in R¥ with i.i.d. entries following the distribution py
in (4.17), such that

puw(ulw) = H puwv< ) (4.18)
where u,w € RX and pyy is shown in (4.16).

By the chain rule of probability (or the general product rule), the full joint distribution
Dy.uw can be written as

pv,u,w(}’v u, W) = pY\U,W(Y|u7 W)pu,w(lh W)
= pyu(y|0)puw (u|w)pw(w), (4.19)

where y € RM . Consequently, the distribution puwy takes the form

T [
Puwy(u, wly) o< exp HY Au”z H[W]k exp 2[wli
k=1
K
<1l

% ( bZ[SV]k)]1+<[w]k)’ (4.20)

where A .= HD L.

Based on (4.20), the conditional distribution pyw,y is then obtained as
Puwy(ulw,y) oc exp | — 5| —lly — Aufz +u Cp(wju | |, (4.21)

K
where Cr,(w) is a diagonal matrix with elements <[W]lzl)k,1' Specifically, pyw.y(-|w,y)

~1
is a multivariate Gaussian density with mean U = o2 (a; ZATA + CL(W)) ATy and

covariance matrix R = (U; ZATA + CL(W)> . There exist several methods for the

efficient generation of samples from a multivariate Gaussian density [144-147].

2The pdf of the exponential distribution is

Pexp (@) = (1/X)e™ " 1 (x),

where A > 0 is the scale parameter.
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The conditional distribution pwyy is

K
P (Wi, y) o< TT puwr ([wel [ ), (4.22)
k=1

where

1 [ u?
Pwiuy <w|u,y> X exp ( ~3 (w + 62w>> X w*%]hr(w) (4.23)

belongs to the family of generalized inverse Gaussian distributions® with A\; = b, Ay = u?

and a = 0.5. We can rely on the method proposed in [148] to draw samples from the pdf
in (4.23).

To conclude, with the help of the conditional distributions derived in (4.21) and (4.23),
we construct a blocked Gibbs sampler, where at at each iteration ¢, we generate uf@
according to pU‘W,Y< . \w“q*l),yT) and [wi@]; according to pW‘U7Y< . Huf(q)]k,y*> for all
ke {l,...,K}. The collected samples {u'@}, follow the desired distribution pyy(-|y").

4.4.3 Student’s t Increments

The case of Student’s t increments can be handled by adapting the method shown in
[149], which is in fact similar to the one we described for Laplace increments.

The Student’s t pdf is given by

2
D) VAT e

where « is the number of degrees of freedom and controls the tail of the distribution, and
where I denotes the gamma function. It can also be expressed as

mM—AmMWWMMM, (4.25)

w wu?
puw(ulw) = \/;GXP < - 2) (4.26)

3The pdf of the generalized inverse Gaussian distribution is

where

a/2
_ ()\1/>\2) maflef()\la:+)\2/z)/21+(

Daig(z) = 2Ka( /7/\1)\2)

where K, is the modified Bessel function of the second kind, A1 > 0, A2 > 0, and a € R.

z),
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is a Gaussian pdf and

w) = (0'5)%111%*1 exp| — 2 w
pul) = gt (= 5 ) 1w (1.27)

is the pdf of a gamma? distribution. Again, we introduce an auxiliary random vector W
that takes values in R¥ whose i.i.d. entries follow py defined in (4.27). It is such that

puw(ulw) = HIMW( > (4.28)

where u,w € RX and py is defined in (4.26).

Here, the distribution pywy is given by

L y—a Trwl? exp [ — Vel
~g2lv - ulf | x J]w]Zexp 5

k=1
[w]E‘lexp< ";>1+([w1k), (4.29)

where y € RM and A .= HD~ L.

Du W\Y(u W|Y) X exp

,’:]N/\

k

1

Now, the conditional distribution pyw,y turns out to be

1( 1
pulw,v(u‘WQ’) X exp < -3 <02Hy - Au||% + uTCT(W)u> > ) (4.30)

K
where Ct(w) is a diagonal matrix with entries ([W]k>k L Similar to what we observed

in the Laplace case, pywy(-|W,y) is a multivariate Gaussian density with mean @ =

-1 _
a_2< T2ATA + Cp(w )) ATy and covariance matrix R = (a;zATA + CT(W)>

The distribution pwyy is again separable and takes the form

K
P (Wi, y) o [T puw (Wl [l ¥ ). (4.31)
k=1

4The pdf of the gamma, distribution is

1
AT ()

I

Peam(@) = 2l (a)

where A1 > 0 and A2 > 0 are the shape and scale parameters, respectively.
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where
1 2 -
pw\u,v<w‘u>}’> X €xp <_ W) X le]l—O—(w)- (4.32)
is a gamma distribution with A\ = O‘T“ and g = ﬁ, which can easily be sampled
from.

4.4.4 Bernoulli-Laplace Increments

In [150], Gibbs sampling schemes have been designed for a deconvolution problem where
the underlying signal is an i.i.d. spike train that follows the Bernoulli-Gaussian distribution.
Unfortunately, the Bernoulli-Gaussian distribution is not infinitely divisible and so is not
compatible with our framework of Lévy processes. While there exists some work [32]
on Bernoulli-Laplace priors, according to the analysis presented in [150], their proposed
sampler would have a tendency to get stuck in certain configurations. Thus, we build
upon the method in [150] and develop a novel Gibbs sampler for Lévy processes with
Bernoulli-Laplace increments.

The Bernoulli-Laplace pdf is

po(t) = Ad(u) + (1 — /\)g exp ( - b\u|>, (4.33)

where \ € (0,1) denotes the mass probability at the origin and b is a scale parameter.
We can represent this same density as

1
pu(u) —/R (ZPUv,W(U‘an)Pv(U)>PW(w)dwa (4.34)
v=0

where
pv(v) = (N1 =AY for v € {0,1} (4.35)

is a Bernoulli distribution,

2 20
pw(w) = b exp ( - b) 14 (w) (4.36)

is an exponential pdf, and pyyw is defined such that

puvw(ulv =0,w) = d6(u) (4.37)
1

u?
puvw(ulv =1,w) = \/mexp ( 5w | (4.38)

Based on this representation, we introduce two independent auxiliary random vectors V
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and W that take values in R, Their elements are i.i.d. and follow the distributions py
and py, as defined in (4.35) and (4.36), respectively. Further, these vectors satisfy

K
povaw(alv, w) = T powae ([lil Vs [ ), (4.39)
k=1

where u, v, w € R¥ and pyy.w is defined in (4.37) and (4.38).

Here, the full joint distribution py yvw is given by

pv,u,v,w(y; u,v, W) = pv|u,v,w(}’|u7 v, W)pu,v,w(u7 v, W)

= pY|U(Y|u)pu\v,w(u|V> w)py(V)pw (W), (4.40)

where y € RM  As a result, the distribution Puvwyy takes the form

K
1
Povawe(1, v, wly) o exp<—202||y—Auu%> % TT poan ([ulel V] ()i )
n k=1

= 1—-[v] v] b bWl
X 191_[1)\ P =AM X ]}_[126Xp =5 | L+ (Wlk),

where A = HD 1.

Let us now introduce some notations. For any binary vector q € R¥ | let Zq0 and Zq 1
denote sets of indices such that [q]y = 0 for k € Zq o and [q]y = 1 for k € Zq 1. Further, let
A(q) be the matrix constructed by taking the columns of A corresponding to the indices
in Zq 1. We then define the matrix B(q,r) = 021+ A(q)CpL(q,r)A(q)T, where r € R¥ is
a vector with positive entries and Cgr(q,r) is a diagonal matrix with entries ([r]|x)rez, -
Here, we also introduce the vector q(_) € RE -1 that contains all the entries of q except

the kth one, so that q(_g) = ([a]1,-- -, [Ae—1; [Ar+15- - - [a]x)?. Similarly, for a random
vector Q that takes values in R¥, we have Qr) = (Q1, -, [Qle—1, Qlrt1, - - - Q]x)T.
Lastly, for ¢ € {0, 1}, we define the vector q‘(l_k) € RE such that q'(]_k) = ([d]1,---,[dk-1,¢
) {q]k-l-l) sy [q]K)T

First, we look at the conditional distribution pyywy. From (4.37) and (4.41), we deduce
that any sample from pyyw.y(:|v, W,y) takes the value of zero at the indices in Z o. If
we define (U1|V =v,W=w,Y =y) = ([UV=v,W =w,Y =yli)rcz, ,, then we get

1(1
Puy vy (W] v, w,y) oc exp (— 5 (UQIIy — A(v)uif3 +uf Cpr(v, W)m) ) (4.42)

Iv,ll.

where u; € Rl Thus, py,jvw,y is a multivariate Gaussian density with mean uy =
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-1

o2 (a;2A(V)TA(V)—|—CBL(V, w)) A (v)Ty and covariance matrix R = (UITQA(V)TA(V)—F

CBL(V,W))_I.

The conditional distribution pwyvy takes the form

K
Py (W1, v.y) o< T s (Wl i s ), (1.43)
k=1

where pyy v,y is given by

b2 b2w
pvv\u,v,v(wma v=0,y) x D) exp ( - ) 1y (w) (4.44)

1 [ u?
Pwiuvy(wlu, v =1,y) x exp ( —5 (w + b2w>> X w_%IlJr(w). (4.45)

The densities in (4.44) and (4.45) correspond to the exponential distribution with A = 2/b
and the generalized inverse Gaussian distribution with A; = b%, Ay = u2, and a = 0.5.

Next, inspired by the work in [150], we consider sampling from the marginalized conditional
distribution of [V]x|V(_y) = v_1),W = w,Y =y in a sequential manner as this can
allow for a more efficient exploration of configurations of V|Y = y. More specifically, at
each iteration ¢, we will draw [v(9)];, from the distribution PIvIj v gy Wy <v\vgg)k),w(q), y),
where v\%, = ([v<q>]1, e VD), O D, [v(ﬂ)]K) and ke {1,... K},
The marginalized posterior distribution py wy is given by

Pvwiy (V, WY) < privw (Y [V, W)py (V) pw (W), (4.46)

where
Pv|v,W(y,V7W) :/KPYu,v7W(Y\u7V,W)PU|v,W(u\V7W)du- (4.47)
R

It can be shown that (4.46) and (4.47) lead to

1 1 _
Pvwy (v, wly) o< [B(v, w)|"2 exp (— §yTB(V,W) 1y>

T il v o TP b [w]i
x JTAME@ =M x ngxp =5 | 1wl (448)
k=1 k=1
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From (4.48), we see that Pvig vy w.y is a Bernoulli distribution with
1
Pigv_ywy (Vg W, y) = | 1+exp | — 3 h(l - v;V<_k),w,y)

-1
_ h(v;v(_k),w,y)>>> ,  (4.49)

where

h(v;V(_k),w,y) =y'B <v%’_k),W) 71}’ + log <|B(vz’_k),w) |> + 2vlog <1_)\)\>
(4.50)

To conclude, using the conditional distributions derived above, we construct a Gibbs sam-
pler, where in each iteration ¢, we generate w'(® according to pwju vy ( Jufte=D) yita=1) y*),

[vI@], according to p[V]k|v<,k),W,Y< . |vZf;€),wT(q>,yT> for all k € {1,..., K} and u'? ac-

cording to pUW,W,Y< i@ wi@), yT). This particular order of updates is important as it
yields a partially collapsed Gibbs sampler [151] where the stationary distribution is still
pU,V,W\Y(') ) "yT)-

4.5 Numerical Experiments

In our experiments, we benchmark the performance of some popular signal reconstruction
schemes, including a CNN-based method, on deconvolution and Fourier sampling problems
with Lévy processes associated with the Bernoulli-Laplace and Student’s t distributions.

4.5.1 Signal Models

We consider a signal vector st € R that contains samples of a Lévy process whose
increments follow the Bernoulli-Laplace or Student’s t distribution.

Bernoulli-Laplace increments

The Bernoulli-Laplace pdf (4.33) is characterized by the parameters A and b, where A
determines the mass probability at the origin and b represents the scale of the Laplace
component. We perform experiments for models corresponding to A € {0.6,0.7,0.8,0.9}.
The scale parameter is set to b = 1 for each case.
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Student’t t increments

The Student’s t pdf (4.24) is parameterized by «, which controls the tails of the distribution.
We conduct experiments for « € {1,3,5,39}.

4.5.2 Measurement Models

We consider both deconvolution and Fourier sampling problems for each of the above-
described signal models.

Deconvolution

As shown in Section 4.2.3, the system matrix H for deconvolution is a discrete convolution
matrix. Accordingly, we construct H : R1%0 — R88 such that

[hl13---[h]; O 0

H= 0 | (4.51)
. c. t. c. O
0 0 [h]i3 [h];

where h € R!3 consists of the central samples of a truncated Gaussian PSF with variance
2
O-O — 4.

Fourier Sampling

For Fourier sampling in 1D, which is reminiscent of MRI, the forward model H resembles a
discrete Fourier matrix (see Section 4.2.4). Thus, in order to construct H, we first sample
M’ = 16 rows of the DFT matrix. The first row of the DFT matrix (DC component) is
always kept, while the remaining ones are selected in a quasi-random fashion with a denser
sampling at low frequencies. We then create the real system matrix H : R0 — RM
where M = 2M’ — 1, by separating the real and imaginary parts.

2

= is chosen such that the (average)

In both measurement models, the AWGN variance o
measurement SNR is around 30 dB.

4.5.3 Reconstruction Algorithms

For each combination of the signal and measurement models, we compare the performance
of some classical MPL estimators, a CNN-based scheme and the MMSE estimator. We
generate validation and test datasets, each consisting of 1,000 pairs of ground-truth signals
and their noisy measurements. Further, in order to train the CNNs, we also synthesize a
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repository 7 containing a large number of training examples.

Classical methods

We consider the MPL estimators

st,(v") = ang iy, (Iy" ~ His + 7Dsl3) (452
st y") = g miy ("~ Hs[3 + D) ). (453
d
an X )
st(y') = avg iy (1~ Hsi 47> tog (14 (Ds1)°) ). @)
k=1

where 7 € R;. For each of these methods, the same regularization parameter 7 is used
for the entire test dataset. This particular value of 7 is the one that yields the lowest
MSE for the validation dataset.

These estimators are implemented in MATLAB using GlobalBiolm [123]—a library for
solving inverse problems. Specifically, the ¢ estimator is expressed in closed-form as

-1
si.(y') = (HTH + TDTD> HTy'. (4.55)

The ¢; and log estimators are computed iteratively using ADMM. Since the cost functional
in (4.54) is non-convex, we initialize ADMM for computing the log estimate with the ¢;
estimate so that it can reach a better local minimum.

CNN-based method

The concept here is to train a CNN as a regressor that maps an initial low-quality
reconstruction s’ (y") to a high-quality one [41-43, 152, 153|. The architecture of the
CNN used in our experiments is based on the well-known denoising network DnCNN
[154] and is described in Figure 4.2 and Table 4.1.

First, we build a training dataset of cardinality M by taking the first M7 examples
{si ., y;n}f\n@l from the repository 7. We then train the model by minimizing the MSE
loss function

£O) =5 5" st 0NN (s (1.56)
m=1

where 6 represents the learnable parameters of the network, with the help of the ADAM
optimizer [155]. The CNN is trained for 1,000 epochs with a batch size of 256 and a weight
decay of . The initial learning rate is set as 1072. For some duration of the training (first
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stuit(y") > > CNN(sii(y"))

A
Conv

‘ Conv + BN + ReLU ‘
y

\ Conv + BN + ReLU ‘
4
y

’ Conv + BN + ReLU ‘
y

Layer 1 Layers 2 ~ (L — 1) Layer L

Figure 4.2: Architecture of the CNN, where BN denotes the operation of batch normal-
ization.

Table 4.1: Convolution Layers.

Layer Filter size | Input channels| Output channels
1 (Fx1) 1 C
2~ (L-1) (Fx1) C C
L (Fx1) C 1

600 epochs for deconvolution and first 750 epochs for Fourier sampling), it is decreased
by a factor of 0.5 every 50 epochs. We choose the initial low-quality reconstruction to
be s¥ . (y") = HTy' for the deconvolution problems. In the case of Fourier sampling,
st (y") is the zero-filled reconstruction. All the CNN-based reconstruction schemes are
implemented in PyTorch.

Goldstandard (MMSE estimator)

Our MMSE estimators are implemented in MATLAB, according to the methods detailed
in Section 4.4. There, we set the number of samples as () = 8,000 and the burn-in period
as B = 3,000 for signals with Bernoulli-Laplace increments. We use ) = 15,000 and
B = 5,000 for signals associated with the Student’s t distribution.

4.5.4 Results

We present our results for all the test datasets in Figures 4.3, 4.4, 4.6 and 4.5. For the
sake of clarity, instead of the MSE, we display the “MSE optimality gap" which is the
difference between the MSE obtained by a specific method and the MSE attained by the
MMSE estimator. In these figures, the CNNs are labelled using the tuple (F,C, L, Mr,~),
where F' is the filter size, C is the number of channels, L is the number of layers, Mp
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Figure 4.3: Deconvolution of Lévy processes with Bernoulli-Laplace increments.

is the cardinality of the training dataset and + is the weight decay. For the interested
reader, we also provide information about the computation times required by all the
methods in the supplementary material.

Lévy processes with Bernoulli-Laplace increments

Here, we summarize our observations for both the deconvolution and Fourier sampling

experiments (Figures 4.3 and 4.4).

The sparsity-promoting ¢ estimator, which corresponds to the popular TV regularization,
is known to be well-suited to piecewise-constant Lévy processes with Bernoulli-Laplace
increments. As the value of A increases, these signals become sparser and exhibit fewer
jumps. Consequently, we observe that the ¢; estimator performs better than the /o
estimator. The log estimator also promotes sparse solutions [29] and we see that it
performs well for these piecewise-constant signals. However, despite the good fit, there is
still some gap between the MSE attained by the ¢; and log, and MMSE estimators.

The performance of the CNN-based method improves as we increase the capacity of the
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Figure 4.4: Fourier sampling of Lévy processes with Bernoulli-Laplace increments.

CNN and the amount of training data. In fact, with sufficient capacity and training data,
they outperform the ¢; and log estimators. Remarkably, some of the CNNs achieve a
near-optimal MSE.

Lévy processes with Student’s t increments

The parameter « allows us to consider a wide range of signals. As a — 0o, we approach
the Gaussian regime. The other extreme is o = 1, which corresponds to the super heavy-
tailed (sparse) Cauchy distribution. This scenario can be particularly challenging for the
correct setting of algorithm parameters. Due to the heavy tails of the Cauchy distribution,
the validation and test datasets may contain signals with a vastly different range of values.
Consequently, for a given model-based method, the regularization parameter 7 that is
chosen to yield the lowest MSE for the validation dataset may differ significantly from
the value 7* that achieves the lowest MSE on the test dataset. Thus, in Figures 4.6 and
4.5, we also include the performance of model-based methods when their regularization
parameter is tuned for optimal MSE performance on the test dataset directly. These
“boosted" model-based methods are labelled as £3, /] and log*.
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In Figures 4.6 and 4.5, we can see that the {5 estimator is optimal for a large value of «.
As the value of o decreases, the performance of the £9 estimator deteriorates and becomes
worse than that of the ¢1 estimator. For all the cases, the log estimator attains reasonable
MSE values. Note that for the deconvolution experiment involving Cauchy signals, there
is a significant gap between the MSE values obtained by the /3 and ¢; and /5 and ¢}
estimators, respectively. Interestingly, the log estimator is less affected by this issue.

Finally, for both deconvolution and Fourier sampling problems, CNNs with sufficient
capacity and training data perform well up to o = 3, after which there seems to be a
steep transition and their performance drops sharply. In fact, for Cauchy signals, we
observe that the training process for these CNNs is quite unstable—the training loss
marginally decreases and seems to converge, and the networks do not generalize to the
validation (or test) datasets. We believe that this last example poses an open challenge for
designing robust neural-network-based schemes that can handle signals following (super)
heavy-tailed distributions.

4.6 Summary

We have introduced a controlled environment, based on sparse stochastic processes (SSPs),
for the objective benchmarking of reconstruction algorithms, including NN-based methods
that require lots of training data, in the context of linear inverse problems. We have
developed efficient posterior sampling schemes to compute the minimum-mean-square-
error estimators for specific classes of SSPs. These yield the upper limit on reconstruction
performance and allow us to provide a measure of statistical optimality. We have
highlighted the abilities of our framework by benchmarking some popular classical MPL
estimators and convolutional neural-network (CNN) architectures for deconvolution and
Fourier-sampling problems. In particular, we have observed that, while CNNs outperform
the sparsity-based MPL estimators and achieve a near-optimal performance in terms of
mean-square error for a wide range of conditions, they can sometimes fail too, especially
for signals with heavy-tailed innovations.
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Figure 4.5: Fourier sampling of Lévy processes with Student’s t increments. The figure
at the bottom is a zoomed-in version of the dotted rectangular box shown in the figure at
the top.
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5] Convergent Iterative Image-
Reconstruction Methods

Tn this chapter, we focus on the development of universal neural-network-based approaches
within the penalized-likelihood-based estimation paradigm for solving linear inverse
problems in imaging. Here, we first present an efficient module for learning continuous
piecewise-linear activation functions in neural networks (Section 5.1). We then deploy
this module to train 1-Lipschitz denoising convolutional neural networks (Section 5.2) and
learnable convex regularizers (Section 5.3), both of which can be used to design provably
convergent iterative image-reconstruction methods.

5.1 Learning Activation Functions in Neural Networks

2In this section, we present an efficient computational solution for learning component-wise
activation functions in neural networks.

5.1.1 Introduction

During the past decade, deep neural networks (DNNs) have evolved into a major player
for machine learning. They have been found to outperform the traditional techniques of
statistical learning [160] (e.g., kernel methods, support-vector machines, random forests)
in many real-world applications that include image classification [161], speech recognition
[162], image segmentation [163], and medical imaging [41].

The basic principle behind DNNs is to construct powerful learning architectures via
the composition of simple basic modules; that is, linear (or affine) transformations and
pointwise nonlinearities [40]. The qualifier “deep” refers to the depth (or number of
layers) of such a composition which is typically much larger than one. Formally, a typical
feedfoward DNN is a map fg : RNo — RVZ that admits a factorized representation of the

'This chapter is based on our works [156-159].
This section is based on our work [156].
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form
fg(X):14.110.-'00'5014.50~--OO‘1O¢41(X)7 (51)

where L is the depth of the neural net and 6 is a list of parameters that collects all
adjustable quantities. Specifically, a given layer £ of the network is characterized by

1. a linear transformation RVe-1 — RN : x v Ay(x) = Wx, where W, € RNe>XNe—
is a matrix of weights, and

2. the pointwise responses of its neurons

or(x) = (ara(e), - o (en,) ).

where the scalar map oy, : R — R is the activation function of the neuron indexed

by (¢,n).

In essence, Wy encodes the strength of the neural connections from the previous layer,
while o represents the (parallel) responses of the Ny neurons at layer £. In the conventional
setup, the response of the individual neurons is fixed and takes the form

Oonl@) = ol — byn), (5.2)

where 0 : R — R is a common activation function—typically, a sigmoid or a rectified
linear unit (ReLU)—and b, € R is an adjustable bias [39]. In summary, the parameters
6 associated with the DNN in (5.1) are composed of the linear weights of W, and the
biases by € RN ¢ =1,..., L.

The topic of this work deviates from the standard paradigm in the sense that it explores
the option of adapting the responses of the individual neurons in an attempt to further
improve the performance of such systems. In other words, instead of assigning a single
bias parameter to each neuron as in (5.2), we investigate the possibility of redesigning
or adjusting the activation functions oy, : R — R on a neuron-by-neuron basis. While
the typical way in which this can be achieved is via the introduction of a suitable
parametrization, which may be linear or nonlinear, we will see that one can also formulate
the problem in a functional framework with the help of a suitable regularization [164].
At any rate, the main point is that this augmented form of training results in a more
difficult optimization problem and that it calls for more powerful algorithms.

The purpose of this work is to unify the parametric and functional approaches by
representing the neural activation functions in terms of B-spline basis functions. This is
possible as long as we restrict ourselves to the class of deep spline neural networks?®, which

3The denomination “deep spline neural network” refers to a DNN whose activation functions are linear
splines, which includes ReLUs.
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cover the complete family of continuous piecewise-linear (CPWL) mappings [165-167].
Our approach builds on the intimate connection between ReLU networks and splines,
which has been observed by a number of authors [164, 168-171]. The spline interpretation
is actually present at two levels: (i) the fact that such DNNs are describable as hierarchical
splines and (ii) the property that the global response is CPWL, which allows one to
interpret them as piecewise perceptrons [169]. While the local linear (perceptron-like)
behavior of deep spline networks is both reassuring and enlightening, the part that is
less obvious is the global continuity of the response, which ensures that the linear pieces
(facets of polytopes) are seamlessly joined together.

The section is organized as follows: We start with a review of prior work on neural design
in Section 5.1.2. In Section 5.1.3, we explain the main theoretical results on deep spline
networks; namely, the CPWL property and the fact that they are optimal with respect to
TV® regularization. We then introduce our parametrization and optimization framework
in Section 5.1.4 and present experimental results in Section 5.1.5.

5.1.2 Prior Work

We now briefly review the prior works on the design of neural activation functions, which
can be broadly classified into three categories.

Inspiration from Neurophysiology

The traditional activation function for neural networks inspired by neurophysiology is
a saturating sigmoid whose sharpness can be tuned for best performance [172]. Since
splines have the ability to encode arbitrary functions, they can be used to generate
a much richer variety of activation functions, which can then be optimized for best
performance. Relevant examples of parametric activation function models for traditional
neural networks include B-spline receptive fields [173], Catmull-Rom cubic splines [174,
175], and smooth piecewise polynomials [176].

Link with Iterative Soft-Thresholding Algorithms

One can make an interesting connection between neural networks and sparse-encoding
techniques [20, 177] by considering the unrolled version of an iterative soft-thresholding
algorithm (ISTA) [44, 178|. This connection suggests that the activation function fulfills
the role of the nonlinearity in classical ISTA [21, 179]|. Incidentally, the canonical
nonlinearity associated with /1 minimization is an antisymmetric linear spline, which
can be expressed as a linear combination of two ReLLUs. In recent years, researchers
have considered more general parametric nonlinearities whose weights are learned during
training. Such models involve linear combinations of Gaussian radial-basis functions [45]
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and cubic B-splines [180, 181].

ReLU Variations

While many (fixed) activation functions ¢ in (5.2) have been considered in the literature,
the preferred choice that has emerged over the years is the rectified linear unit ReLU(x) =
(7)4 = max(0,z) [182]. In particular, it has been observed that ReLUs facilitate training
[39]. Two ReLU variants, by order of improving performance, are “leaky ReLLU” [183], in
which the vanishing part of the response is replaced by one with a fixed nonzero linear
slope, and “parametric ReLU” (PReLU) [184], where the linear slope is learnable. Also
related to ReLU is Agostinelli et al.’s model of adaptive piecewise-linear (APL) units
[185]. It results in an activation function that is a linear spline with a small fixed number
of knots and has been found to outperform plain ReLU activation functions. Another
instance is [186], where piecewise-linear units with learnable parameters are used as
activation functions.

5.1.3 Theoretical Justification of Spline Activation Functions

Many of the state-of-the-art DNNs rely on ReLLU activation functions or some variant
thereof. Beside the issue of practical efficiency, a key feature of ReLLU networks is that
they result in a global continuous and piecewise-linear (CPWL) input-output relation.
This is a fundamental property that generalizes to a wider class of spline activation
functions and that also ensures that deep ReLLU networks have universal approximation
properties [187-189].

Deep Neural Nets as High-Dimensional Splines

A polynomial spline of degree 1 is a one-dimensional function that is continuous and
piecewise-linear. In fact, the simplest nontrivial example of polynomial spline of degree 1
is x — (x — bg)+ = ReLU(z — by), which is made up of two linear pieces separated by a
single knot at bg. The concept is generalizable to higher dimensions [190, 191].

Definition 5.1 (CPWL function). A function f : R0 — R is continuous piecewise-linear
if

1. it is continuous RNo — R;

2. its domain RNo = Uszl Py, can be partitioned into a finite set of non-overlapping

polytopes Py over which it is affine.

Likewise, a vector-valued function £ = (f1,..., fn) : RN — RN 4s CPWL if each of the
component functions f, is CPWL.
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What is truly remarkable with CPWL functions is that they remain CPWL through the
operations that typically occur in a deep neural network [166, 167]|. Specifically,

1. any linear combination of CPWL functions is CPWL;
2. the composition of any two CPWL functions is CPWL;

3. the max or min of two CPWL functions is CPWL.

Since the functions Ay in (5.1) are trivially CPWL, the resulting DNN is CPWL whenever
the pointwise nonlinearities o, are CPWL, for instance when they are piecewice-linear
splines, which is indeed the case for deep ReLU networks. It is therefore perfectly
legitimate to interpret deep ReLLU networks—and, by extension, deep spline networks—as
multidimensional splines of polynomial degree 1.

Variational Optimality of Deep Spline Networks

Lesser known is the property that the CPWL behavior can also be enforced indirectly
through the use of an appropriate regularization [164]. To that end, one simply augments
the cost functional that is used to train the network by an additive second-order total-
variation regularization term for each adjustable activation function.

In our framework, we consider deep neural networks fgecp, : RN — RN composed of L
layers with the generic feedforward architecture described by (5.1).

The linear transformation in layer ¢, represented by the matrix W, : RVe-1 — RN ig
associated with some free (adjustable) parameters ¢y € RMint, In order to specify the
latter, one has to distinguish between two configurations. When the layer is fully connected,
¢y is the vectorized version of Wy, which amounts to a total of Ny, ¢ = Ny_1 x Ny tunable
weights. The other important configuration is that of a convolutional layer where ¢y
contains much fewer convolution filter weights than N,_; x N,. Similarly, to share
nonlinearities across neurons, we specify each nonlinear mapping o, : RV — RN by
the vector g¢ = (ge,1,- -5 96, Npoin,e) Of adjustable activation functions gg,, : R — R,
where Nyoniine € N denotes the number of unique activation functions used in layer ¢.
For example, in a fully connected layer, it can be advantageous to use an independent
activation function for each neuron. In this case, Nyonlinge = Ny and gp,, = 0y By
contrast, for convolutional layers, it is natural to use a single activation function per
feature map, so that Nyopiin,s Will typically match the number of channels. When the
same nonlinearity is shared across all channels, one has that Nyoniine = 1.

With this extended notation, given a dataset {(X,.,ym)}¥_,, the training of the network

m=1>
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is formulated as the functional optimization problem

al L L1
o mi 3" E(feep(m)s ym) + > puellell3 + S ATV (gr),  (5.3)

c in, — — .
ngBVﬁO) (]R)Nnonlin,e m=1 /=1 =1

where E : RNt x RNt 3 R+ is an arbitrary proper convex function and TV® (g) =
TV(2) (g17 s 7gN) = Zival TV(Q) (gn), where

d2
£ sup (Gn, ch@ (5.4)

TV (g,) = | D?g,| M 4eSR): [lglloo<t

is the second-order total variation of the component function g, : R — R. Let us remark
that the two first terms in (5.3) are the standard criteria used to train deep neural
networks. The first (data loss) quantifies the goodness of fit, while the second (the
so-called weight decay) favors solutions with a smaller amplitude of the linear weights
@y¢. The novel element here is the additional optimization over the individual neuronal
activation functions gy, which is made possible because of the inclusion of the third
term: the sum of the second-order total variations of the trainable nonlinearities. Since
this regularization only penalizes the second derivative of the activation function, it
favors simple solutions—preferably linear or with “sparse” second derivatives—while
ensuring that the activations be differentiable almost everywhere, which is essential for
the backpropagation algorithm. For further explanation on the regularization functional
TV® and the definition of the search space BV® (R), we refer to Appendix 5.4.1.

Unser’s representer theorem for DNNs states that (5.3) admits a global minimizer (deep
spline network) with neuronal activation functions of form

Ke,n

z = gon (@) = bogm + bion® + Y Gk pn(® — Teen)+ (5.5)
k=1

with Ky, < (M —2) and TV®(g,,,) = Zfﬁf laken| = |lagnlli. Thus, the optimal
activation functions are adaptive piecewise-linear splines. Specifically, every nonlinearity
has a parametric description that is given by (5.5). It is characterized by its number
K = Ky, of knots, the knot locations 71, ..., 7k, and the linear weights b € R? a € RX,
where we have dropped the network indices (¢,n) for simplicity. While Characterization
(5.5) is elegant, it does not tell one how to determine the underlying parameters. We
thus now face a more challenging optimization problem. The main complication is the
allocation of knots—the determination of K, and the locations 744, on a neuron-by-
neuron basis—which is now also part of the problem.

Let us mention that we can also handle the case where the nonlinear mapping is shared
across the layers, so that o1 = --- = o7 = o and o is specified by a vector g =
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(91,---, 9N, ) of adjustable scalar maps. Here, the training problem is formulated as
min Z E(facep (Xm), ¥m) + ATV (g) + ZMHWHz (5.6)
PR in, m=1

g€BV® (R)Mnonlin

By adapting Unser’s representer theorem, we can show that the optimal shared activation
functions have the same form as in (5.5).

Remarkably, the parametric form that results from the functional minimization of (5.3)
is compatible with the model proposed by Agostinelli et al. [185]. They represent the
activation functions as g¢,(x) = hen(x — bey), where hyj, is an APL unit of the form

K

z = hyn(x) = (7)1 + Z et (=T + Thtn) +- (5.7)
k=1

Here, the number K of knots is fixed beforehand; the bias b ,,, weights ay, ¢, and knot
locations 7y ¢, are learnable parameters. While (5.7) bears a close resemblance to (5.5),
there are a few key differences that we highlight here.

1. The justification of APL units in [185] is empirical while the spline parametrization
of (5.5) is based on a global functional optimization.

2. The APL units involve a fixed ReLU positioned at 0, and so, unlike (5.5), they
cannot reproduce all affine functions of the form by + byx.

3. The number of spline knots in APL units is fixed (and is the same for all neurons),
whereas it is adaptive in our approach. In fact, the determination of Ky, is part of
the optimization problem that we consider.

4. The ReLLU weights of the APL units are either not constrained, or slightly regularized
through some empirical f-norm weight decay. By contrast, in our approach, the
theory dictates the use of a sparsity-promoting ¢;-regularization. In fact, as we
shall see in Section 5.1.4, the ¢1-norm regularization is of great practical significance
as it allows us to control K, by removing unnecessary knots.

5.1.4 Optimization of Activation Functions
Convex Proxy for Shallow Networks

The major difficulty in optimizing the DNN with respect to the spline parameters in
(5.5) is that the number K = Kj,, of knots is unknown and that the activation model is
nonlinear with respect to the knot locations 7, = 73 ¢,,. Our workaround is to place a
fixed but highly redundant set of knots on a uniform grid with a step size T. We then

85



Chapter 5 Convergent Iterative Image-Reconstruction Methods

Figure 5.1: Decomposition of a deep spline activation function (solid line) in terms of
B-spline basis functions (dashed lines), as expressed by (5.9) with 7' = 1. The basis is
composed of (K — 2) triangular functions, which are compactly supported and shifted
replicates of each other, plus 4 one-sided outside functions. The key property is that the
evaluation of o(z) for any fixed € R involves no more than two basis functions.

rely on the sparsifying effect of ¢1-minimization to nullify the coefficients of a = (ay) that
are not needed. This amounts to representing the spline activation functions by

kmax

o(@)=bo+biw+ »  aple—kT), (5.8)
k:kmin

with TV®)(5) = ||al|;. The consideration of the linear model (5.8), thereafter referred to
as “gridded ReLU,” gives rise to a classical £1-optimization problem that can be handled
by most neural-network software frameworks. In the case of a shallow network with L = 1,
it even results in a convex problem that is reminiscent of the LASSO [192]. We also note
that (5.8) can be made arbitrarily close to (5.5) by taking T sufficiently small. While the
solution a is expected to be sparse, with few active knots, the downside of the approach
is that the underlying representation is cumbersome and badly conditioned due to the
exploding behavior of the basis functions (- — k7")+ at infinity.

From ReLUs to B-Splines

While the direct connection with ¢1-minimization in (5.8) is very attractive, the less
favorable aspect of the model is that its computational cost is proportional to the
underlying number of ReLUs (or spline knots); that is, K = (kmax — kmin + 1), which can
be arbitrarily large depending on the value of T'. Here, we propose a way to bypass this
limitation by switching to another equivalent but maximally localized basis: the B-splines.
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Our model takes the form

kmax+ 1 m
o) = > awn () (5.9)
k=kmin—1

which involves triangular-shaped basis functions that are rescaled versions of B-splines
defined on an integer grid. As illustrated in Figure 1, the central bases for k = (kpin + 1)
to (kmax — 1) are shifted replicates of the compactly supported linear B-spline

or(r) = ,6’1(33 — k), for kmin < k < kmaz, (5.10)
where

1- ‘l‘|, T € [*1’1]

w@w=@+n+—mm++@—n+:{ (5.11)

0, otherwise.

The four remaining boundary basis functions are one-sided splines that allow the activation
function defined in (5.9) to exhibit a linear behavior at both ends, for < kyinT as well
as for x > kyaxT. Specifically, we have that

kmin — T, © < kmj
sOkmin_l(z) = (—ﬂf + kmin)"l‘ = o m.ln (512)
0, otherwise
(pkmin(m) = (=2 + kmin + 1)+ — (=2 + kmin)+
1, T < Kmin
= 1- (:E - kmin)a MRS (kmin7 kmin + 1) (513)
0, T > kmin + 1
Phmax (.T) = (:E — kmax + 1)+ - (:C - kmaX)Jr
0, T < kmax — 1
=\T— kmax +1, ze (k;max -1, kmax) (514)
1, T 2> Kmax
0, T < Kmax
Spkmax“!‘l(l‘) = (:[; - kmax)+ = B (515)
T — Fmax, T > kmax-

The B-spline model defined in (5.9) has the same knots as those of the gridded ReLU
representation given by (5.8). It also has the same number of degrees of freedom; namely,
K 4+ 2 = (kmax + 1) — (kmin — 1) + 1. By using the property that the ¢y can all be
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expanded in terms of integer shifts of ReLUs (see the central term of (5.10)-(5.15)), we
can show that the two sets of basis functions span the same subspace. In doing so, we
obtain a formula for the retrieval of the aj and, hence, the TV (¢)—in terms of the
second-order difference of the cj (see Appendix 5.4.2). While the gridded ReLU and
B-spline models (5.8) and (5.9) are mathematically equivalent, the advantage of (5.9) is
that there are at most two active basis functions at any given point x = xg, independently
of the step size T'. This has important implications for the efficiency and scalability of
both the evaluation of the DNN at a given point x,, and the computation of its gradient
with respect to ¢ (as opposed to ay in the equivalent ReLLU representation). Details of
our implementation of the B-spline model are given in Appendix 5.4.2.

5.1.5 Experimental Results

In this section, we illustrate the capabilities of the proposed learning framework. Our main
intent is to assess the benefit of optimizing the activation functions and to demonstrate
the following claims:

1. The use of learned activation functions tends to improve the testing performance.
2. More complex activation functions can allow for simpler/smaller networks.

3. Learning with gridded ReLUs yields good performance for small values of K.
However, the time and memory required for learning explodes as K grows.

4. The B-spline configuration is easy to train and is scalable in time and memory as K
grows. Hence, it has the ability to learn more complex activation functions, which
then typically also translates into better performance.

Further, we investigate the effect of the regularization parameter A\ on the number of
active knots in the learned spline activation functions and the performance of the neural
network.

We consider both classification and signal-recovery (deconvolution) problems to highlight
the versatility of our approach. The code (in PyTorch) is available on GitHub?.

Classification

1. Area Classification

First, we discuss a simple two-class classification example with input dimension Ny = 2.
It allows us to obtain a better understanding of our learning scheme and to illustrate our
claims visually.

“https://github.com/joaquimcampos/DeepSplines

88


https://github.com/joaquimcampos/DeepSplines

Convergent Iterative Image-Reconstruction Methods Chapter 5

1.0 10 10—
0.5 0.5
0.6
0.0 0.0}
0.4
-0.5 0o -0.5(-
L0565 00 05 10 00 -LO G5 g5 g0 05 1o 00
(a) (b)

Figure 5.2: Ground truth and training dataset.

Setup

The task is to classify points in the two-dimensional space [—1,1] x [—1, 1] as lying inside
or outside an S shape (see Figure 5.2a). Mathematically, this region is represented by
the binary function f:[—1,1] x [-1,1] — {0, 1} given by

1, |z1—g(z2)] <0.3 and |z5| < 0.8,

(5.16)
0, otherwise,

f(x1,22) :{

where g(z) = 0.4sin(—5x). We generate training and validation datasets with M = 1,500
data points each. The coordinates X, = (21,m, Z2,m) of the data points are sampled from
a uniform distribution on [—1,1] x [—1, 1] and the labels y,, are assigned according to
(5.16). The training dataset is shown in Figure 5.2b.

We tackle this problem using a fully connected network with N, hidden layers, which
takes a 2D input x = (x1,x2) and outputs a real value f(x) € [0,1]. The number of
neurons in each hidden layer is W; thus, the layer descriptor (No, ..., N1) of the network
is of the form (2, W, ..., W,1). In the B-spline network, spline activation functions with
K =19 knots on a grid of size T = 0.1 are used as nonlinearities after each linear step,
except the final one which involves a fixed sigmoid activation function. In the adaptive
piecewise-linear unit (APLU) network, the nonlinearities take the form (5.7) with the
number of adjustable knots set to K = 19. We compare the performance of our, ReLLU,
PReLU, and APLU networks on a test dataset that consists of 40,000 points that lie on a
2D grid of width 0.01 x 0.01 in [—1,1] x [—1,1]. To evaluate the performance of these
networks on a dataset, the output values f are quantized into predictions

Fored(x) = {1’ f(x) > 0.5 (5.17)

0, otherwise.
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The classification accuracy is computed as

# correct predictions

= 100. 5.1
acouracy (%) # total predictions x 100 (5.18)
The binary cross-entropy loss is given by
M
1 N N
£00) = 37 3 (o lox(Fxn) = (1= ) logl1 = f(xa))). (519
m=1

where 0 represents the parameters of the network. This loss is chosen for the training
process. In all the networks, the weights are initialized using Xavier’s initialization [193].
For the B-spline network, half of the spline activation functions are initialized with oaps
and the other half with oy, where

—x, =<0
Oabs(¥) = 5.20
abs (7) { e 230 (5.20)
z+ %, r < —%
osoft () = { 0, e (—3,3) (5.21)
xr — %, x> %

This initialization is based on the fact that any function can be represented as the
sum of an even and an odd function. In the APLU network, the ReLU weights aj ¢,
and knot locations 7 ¢, are initialized by randomly sampling them from zero-mean
Gaussian distributions with standard deviations 0.1 and 1, respectively. The loss function
is minimized over a total of 500 epochs using the ADAM optimizer [194]. The initial
learning rate, set to 1073, is decreased by a factor of 10 at the epochs 440 and 480. A
small batch size of 10 is helpful to avoid local minima.

Comparison with ReLU, PReLU, and APLU Networks

We compare in Figure 5.3 and Table 5.1 the performance of the ReLU, PReL U, B-spline,
and APLU networks for three different architectures. For the B-spline networks, the
optimal values of py and Ay, in terms of the performance for the validation dataset, are
found using the method described in Appendix 5.4.3. The weight decays for the ReLU,
PReLU, and APLU networks are tuned with the help of a grid search. In the APLU
network, an fo-norm penalty with scaling factor 1073 is also applied to the activation
function parameters (ayn, Then). With these optimal hyperparameters, the networks
are then retrained 9 times independently. The median performance (over these 9 runs)
for the test dataset is reported in Figure 5.3 and Table 5.1.

In the interest of fairness, in Table 5.1 we also mention the number of parameters
associated with the networks. A fully connected network with N; hidden layers has
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Layer Descriptor
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Figure 5.3: Learned probability maps for the area-classification problem.

3W + (Nj, — 1)W? linear weights and 1 bias parameter for the fixed sigmoid activation
function. The network also has some additional parameters that depend on the choice
of the activation function. The ReLLU networks have N, W biases while, in addition to
these biases, the PReLLU networks have NpW learnable parameters that represent the
linear slopes of the PReLLU activation functions in R™. In the B-spline networks, the
number of additional parameters (per activation function) is equal to the number of
active knots in the learned linear-spline nonlinearity plus the 2 coefficients that determine
its linear (null-space) component. Lastly, the APLU networks have (2K + 1) additional
parameters per activation function, where the number of adjustable knots K was set to
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Table 5.1: Number of parameters and classification error rate.

Architecture Nparam Error rate (%)
ReLU (2,4,1) 17 17.02
(2,120,1) 481 2.59
(2,6,6,1) 67 15.39
PReLU (2.4,1) 21 17.00
(2,120,1) 601 1.87
(2,6,6,1) 79 2.89
APLU (2,4,1) 169 5.15
(2,120,1) 5041 1.64
(2,6,6,1) 523 1.42
B-spline (2,4,1) 68 1.66
(2,120,1) 822 1.40
(2,6,6,1) 171 1.60

19 beforehand.

For the simplest architecture (2,4, 1), we observe that the B-spline and APLU networks
outperform the ReLU and PReLLU models which lack capacity and perform rather poorly.
This demonstrates that the learning of activation functions improves the accuracy; more
so, if the activation function has reasonably many learnable parameters.

Remarkably, the simplest B-spline network outperforms the ReLU and PReLLU networks
with richer architectures despite having fewer parameters. This is because it is capable of
learning more complex activation functions. This, in turn, translates into an overall map
that is more faithful to the gold standard—the ideal S shape. This suggests that, instead
of making the architecture of the network more complex, for example by including more
neurons in the initial layers and/or adding more layers, one can increase the accuracy by
relying on more sophisticated, learnable nonlinearities.

The results of Table 5.1 also illustrate the advantages of our learning scheme over the APL
units. For the architecture (2,4, 1), the B-spline network yields a better accuracy than the
APLU network even though it has fewer parameters. One possible explanation is that the
APL units, which have a fixed number of knots, face difficulties in optimizing their knot
locations, whereas the adaptive B-splines bypass this problem with the help of a grid and
sparsity-promoting #1-regularization. Another possible reason could be the ill-conditioned
nature of expansion (5.7), in the sense that a small perturbation of one ReLU coefficient
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Figure 5.4: Effect of A on the number of active knots and on the classification error.

has a nonlocal effect on the activation function, which makes the optimization task more
challenging. For the other two richer architectures, we get similar performances for the

APLU and B-spline networks. However, the B-spline networks require fewer knots.

Effect of the Regularization Parameter A

We consider now a B-spline network with layer descriptor (2,4, 1) for the area-classification

task. The weight decay is fixed as p1 = s = 107% and A is varied in the interval

[1071010%]. For each value of ), 10 independent models are trained on the training
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dataset. The median number of total active knots® and the classification error (on the
test dataset) of the corresponding model are shown as functions of A in Figure 5.4.

The number of active knots decreases (or, equivalently, the sparsity of the learned
activation functions increases) as A increases, which means that the hyperparameter A
controls the complexity of the network. The performance of the network remains (nearly)
constant, up to a critical value of A, after which it begins to deteriorate. This is crucial
since it suggests that, by carefully tuning A, we can obtain simpler networks that still
perform well.

2. CIFAR-10 and CIFAR-100

Now, we look at the application of the proposed learning scheme to the classification
of standard datasets such as CIFAR [195]. We consider two network architectures—the
network-in-network [196] (NIN) and a deep residual network [197] (ResNet32) for the
CIFAR-10 and CIFAR-100 classification tasks. Each dataset consists of 50,000 training
images and 10,000 test images of size (32 x 32).

First, we compare the performance of the B-spline, ReLU, and APLU networks. We
then also demonstrate the advantages of our B-spline solution over its gridded ReLU
counterpart. In the B-spline networks (NIN and ResNet), we use spline nonlinearities
with K = 49 knots on a grid of size T' = 0.16. We rely on one activation function per
output channel for the convolutional layers and one spline activation function per output
unit for the fully connected layers. For the APLU networks® (NIN and ResNet), we
set the number of adjustable knots to K = 1, with one APL activation function per
output unit for the convolutional layers as well as the fully connected layers. All networks
include a softmax unit in the final layer and are trained by minimizing the categorical
cross-entropy loss.

For each dataset, 5,000 samples are reserved for validation during training, while the
remaining 45,000 samples are augmented as in [197]. The weights in the NINs are
initialized by random sampling from a Gaussian distribution with zero mean and a
standard deviation of 0.05. The weights in the ResNets are initialized using He’s recipe
[184]. The B-spline activation functions are initialized as leaky ReLUs while the APL
units are initialized in the same manner as in the area-classification experiment. For
the B-spline NIN, B-spline ResNet, and APLU ResNet, the parameters of the activation
functions are updated using the ADAM optimizer [194] with an initial learning rate of
1073. The remaining network parameters are updated using an SGD optimizer with
an initial learning rate of 10~!'. For the APLU NIN, an SGD optimizer with an initial
learning rate of 107! is used to update all the learnable parameters. The NINs are trained
for 320 epochs with a batch size of 128. The learning rate is decreased by a factor of 10

5The number of total active knots is the sum of the number of active knots or ReLUs in each learned
activation function in the network.
5The reported configurations are the ones that were found to give the best performance.

94



Convergent Iterative Image-Reconstruction Methods Chapter 5

Table 5.2: NIN error rates on CIFAR-10 and CIFAR-100.

Activation function | CIFAR-10 CIFAR-100
ReLU 8.78% 32.44%
APLU 8.711% 31.74%

B-spline 8.29% 30.43%

Table 5.3: ResNet error rates on CIFAR-10 and CIFAR-100.

Activation function | CIFAR-10 CIFAR-100
ReLU 6.31% 29.02%
APLU 6.45% 28.85%

B-spline 6.02% 28.24%

in epochs 80, 160, and 240. The ResNets are trained for 300 epochs with a batch size of
128 while the learning rate is divided by 10 in epochs 150, 225, and 262, following the
training scheme in [198].

Comparison with ReLU and APLU Networks

For the ReLU networks (NIN and ResNet), we deploy a grid search to optimize the
weight decays in terms of the performance on the validation dataset. For the B-spline
and APLU networks, we use the same weight decays as those found for the corresponding
ReLU networks, and we perform grid searches to find the optimal values of A and the
fo-norm penalty scaling factor. We then use the optimal hyperparameters and retrain the
networks Np times independently on the complete training datasets, with 50,000 samples.
We set Ny =5 for the NINs and Ny = 9 for the ResNets. Finally, we compute the error
rates over the test datasets. The median test errors are reported in Table 5.2 and Table
5.3. We see that the B-spline networks outperform the ReLU and APLU networks here
as well. Surprisingly, the APLU ResNet is slightly inferior to the ReLLU ResNet for the
CIFAR-10 dataset. It turns out that, for residual networks with APL units, a similar
observation has been made in [199].

B-splines vs. gridded ReLUs vs. APLUs
In this experiment”, we record the memory consumption and computation time (per
epoch) for the B-spline, gridded ReL.U, and APLU ResNets.

As we see in Table 5.4, the time/memory consumption during forward and backward
propagation for gridded ReLL.Us and APLUs explodes with the number of knots. This
is because the point evaluation of an activation function requires a summation over

"This experiment was run on a TITAN X (Pascal) GPU with 12196 MB of memory.
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Table 5.4: B-splines vs. gridded ReLLUs vs. APLUs

Architecture, Nb. coefficients Memory (megabytes) Time per epoch (seconds)
B-splines, K =9 1132 44.92
B-splines, K = 29 1133 41.89

B-splines, K = 499 1299 41.19
Gridded ReLUs, K =9 3313 49.86
Gridded ReLUs, K = 29 9616 81.21

APLUs, K =9 3316 49.72
APLUs, K =29 9618 87.34

For the gridded ReLLU and APLU networks, the maximum number of knots allowed
by the GPU memory is 31.

all contributing ReLUs, which results in a time complexity of O(K). Moreover, the
corresponding intermediate values need to be stored for backpropagation.

For B-splines, by contrast, each evaluation only requires the coefficients of two adjacent
basis functions, since the ¢ 7 have minimal overlap, leading to a time complexity of
O(1). Accordingly, one only needs to store the coefficients and the index of the two active
basis functions.

Signal Recovery

We further illustrate the benefits of learning the activation functions through the applica-
tion of convolutional neural networks (CNNs) to inverse problems [37]. Here, the goal is
to recover a signal s € R? from its (noisy) measurements y € R™ given by

y = Hs +n, (5.22)

where H : R% — R™ is a linear operator that describes the measurement acquisition
process and n € R™ is an additive noise. In our experiments, we consider CNN-based
regression schemes that relate an initial estimate of the signal to the desired estimate of
the signal |41, 43]. Specifically, we compare the performance of standard ReLU CNNs
with B-spline CNNs in a deconvolution task.

1. Setup
We consider the recovery of piecewise-constant statistical signals s € R'90 that satisfy the
discrete innovation model

u = Ds, (5.23)
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Figure 5.5: Piecewise-constant signal generated according to (5.25).

where D € R!00X100 j5 o finite-difference matrix and u € R is a sparse random
vector with independent and identically distributed entries that are drawn from the
Bernoulli-Laplace distribution

pu () = (0.6)8(u) + (0.4)%3—\"'. (5.24)

Under appropriate boundary conditions, we can invert (5.23) and derive the synthesis
formula

k
sk=3 ug, k=1,2,...,100, (5.25)
q=1

which has been used for our experiments. The dynamic range of each generated signal s
is adjusted so that its values lie in [—1,1]. An example of such a signal is shown in Figure
5.5.

The noiseless measurement vector yo € R® is obtained by convolving the signal s with a
Gaussian kernel of standard deviation o = 2 and support (60 + 1) x 1. The resulting
discrete-system matrix H € R8>x190 such that yo = Hs, is

hig--+hy O -+ 0

0

H= , (5.26)

N .0
0 -+ 0 hyig---hy

where h € R'? denotes the truncated Gaussian kernel. Finally, we add a white Gaussian
noise n € R® to the noiseless measurements yg such that the input SNR, defined as

SNR(yo + 1) = 20logyq ( [yoll2/n]l2). (5.27)
is equal to 20dB.

Our training dataset for the CNN-based approaches consists of M; = 10,000 samples.
Meanwhile, the validation and test datasets contain 1,000 samples each.
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Figure 5.6: Architecture of the convolutional neural network. In a ReLU CNN, the
nonlinearity is the ReLLU, while in a B-spline CNN, the nonlinearity is a learnable linear
spline.

Table 5.5: Convolution Layers

Layer number (Filter size, number of input channels, number of output channels)
1 3x1,1,0)
2~ (L-1) 3x1,C,0)
L 3x1,C,1)

Similar to the work in [41, 43], we train CNNs to learn a mapping from an initial estimate
= HTy) to the desired estimate s* of the signal. The
architecture of the network is shown in Figure 5.6 and the details of the convolutional

of the signal (in our case s ;
layers are provided in Table 5.5. For all our experiments, the number of channels is set
as C' = 5. In the B-spline CNN, we have learnable linear-spline activation functions with
K =49 knots on a grid of size T'= 0.1.

The loss function used for training is

M
LO) = lsm—sn(0)3 (5.28)

where 0 represents the parameters of the network. All the activation functions in the
B-spline CNN are initialized as leaky ReLLUs with negative slopes set to 0.1. The loss
function is minimized using the ADAM optimizer. The networks are trained for 150
epochs with a batch size of 20. For ReLU CNNs, the initial learning rate is set as 1072
and is decreased by a factor of 0.5 in the epochs [25,50, 75,100, 125]. The same learning
rate schedule is also used for B-spline CNNs with L < 7. For B-spline CNNs with more
layers (L > 7), the initial learning rate is 1072 and is decreased by a factor of 0.5 in the
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epochs [50, 75,100, 125].

2. Results and Discussion
In our experiments, we compare the CNN-based approaches with the total-variation (TV)
method [25] given by

st = arguin (|ly ~ His3 + sl ). (5.20)
seRN

where 7 € R, is a parameter that controls the regularization strength. It is known to

promote piecewise-constant solutions and is well matched to the signals that we consider

here. In order to make a fair comparison with the CNNs, we use the same regularization

parameter 7 in the TV method for every signal in the test dataset. This value of 7 is the

one that gives the best performance in terms of the mean-square error or, equivalently,
SNR(s",8) = 201ogyq (s]l2/Ils" - s|2) (5.30)
for the validation dataset.

Sharing versus Unsharing

We consider four configurations for the B-spline CNN. The first is the fully shared network,
where a single learnable spline activation function is shared across all layers and channels.
The second and third are the channel (layer, respectively) shared network, where the
nonlinearity is shared only across channels (layers, respectively). The fourth is the
unshared network, which has an independent nonlinearity in each layer and channel.

In a first experiment, we compare the performance of these four configurations. We fix the
number of layers to L = 4. In the B-spline CNN, we rely on our hyperparameter-tuning
method (see Appendix 5.4.3) to find the optimal py and Ay in terms of performance for
the validation dataset. The weight decay for the ReLU CNN is chosen via grid search.
Using the optimal values, we retrain the networks 9 times independently; the median
SNR over these 9 runs is shown for the test dataset in Table 5.6, where B-CNN means
B-spline CNN.

We provide the number of parameters for the networks in Table 5.6. A ReLU CNN with
L layers, C channels, and filter size (w x 1), has 2wC + (L — 2)wC? convolutional-filter
weights, 1 bias term for the last convolutional layer, and 2(L — 1)C' batch-normalization
parameters. The additional parameters in the B-spline CNN are the total number of
active knots in the learned spline activation functions.

We observe that all four versions of the B-spline CNN achieve a higher SNR than the
ReLU CNN. This further supports our claim that learning the activation functions tends
to improve the performance of the network. Moreover, as expected, configurations with a
greater number of parameters perform better. The option of sharing the learnable spline
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Table 5.6: Sharing versus unsharing of the linear spline activation functions in B-spline
CNNs (L = 4).

Method Nparam  SNR (dB)  Time per epoch (seconds)
ReLU CNN 211 14.95 4.59
Fully shared B-CNN 253 15.09 16.05
Channel shared B-CNN 346 15.16 17.04
Layer shared B-CNN 456 15.23 15.90
Unshared B-CNN 830 15.36 17.78

nonlinearities makes our framework flexible and allows us to benefit from the increased
capacity of the network while introducing fewer additional parameters. Also, note that
Table 5.6 confirms that the running times for the different versions of the B-spline CNN
are nearly the same.

Increase in the Depth of the Networks

Next, we compare the ReLU CNN and the fully shared B-spline CNN when the number
of layers increases. The procedure of the previous experiment is followed again to set the
hyperparameters and to report the performance of the test dataset (see Table 5.7).

We observe that the CNN-based approaches outperform the TV method, despite it being
particularly well matched to the piecewise-constant signals that we consider. This shows
the advantage of using learning-based methods over model-based ones when sufficient
training data is available. For all values of L, the B-spline CNN achieves a higher SNR
than the ReLU CNN. However, this improvement in performance diminishes as L increases
and is negligible for L > 10. We believe that, when the network is sufficiently deep, the
ReLU CNN has a sufficient representation power and so the additional capacity offered
by the B-spline CNN does not translate into better performance. The main takeaway
here is that learning the activation functions results in a noticeable improvement in
performance for simpler/smaller networks, which are desirable for a number of reasons
such as better interpretability of the networks, computational efficiency, and controlled
Lipschitz constants [200].

5.1.6 Summary

We have presented an efficient computational solution to train deep neural networks with
learnable activation functions. Specifically, we have focused on deep spline networks.
They form a superset of the traditional ReLU networks and are known to be optimal
with respect to the second-order total variation of the adjustable nonlinearities. We have
tackled the resulting difficult joint-optimization problem by representing the linear-spline
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Table 5.7: Performance of deep networks.

Method Layers Parameters Performance

4 211 14.95

5 296 15.27

ReLU CNN 6 381 15.47
7 466 15.68

8 551 15.74

10 721 15.80

15 1146 15.84

4 253 15.09

5 339 15.34

Fully shared 6 430 15.59
B-CNN 7 503 15.73
8 587 15.79

10 760 15.81

15 1196 15.85

TV - - 14.92

nonlinearities in terms of B-spline basis functions and by expressing the second-order
total-variation regularization as an £1-penalty, thus unifying the parametric and functional
approaches for the learning of activation functions. The proposed B-spline representation
was instrumental in making the training of the DNN computationally feasible. Indeed,
any computation concerning the activation functions involves only two basis elements
per data point. Finally, we have demonstrated the benefits of our framework through
experiments in the context of classification and deconvolution problems. In particular,
we have observed that our method compares favorably to the traditional ReLU networks,
the improvement being more pronounced for simpler/smaller networks.
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5.2 Lipschitz-Constrained Neural Networks for Plug-and-
Play Reconstruction

8In this section, we build upon the previously presented framework of deep spline neural
networks (DSNNs) to design expressive 1-Lipschitz denoising networks, which can be
deployed within provably convergent plug-and-play reconstruction schemes.

5.2.1 Introduction

In linear inverse problems, the goal is to reconstruct an image s € R% from measurements
y = Hs +n € R™. The linear operator? H: R? — R™ models the acquisition system and
n € R™ is a realization of additive white Gaussian noise. Here, the MPL estimator for
the image is given by

1
s* = argmin <Hy — Hs|3 + TR(S)) ) (5.31)
seR 2

where the regularization term R: RY — R, imposes some prior knowledge about the
image s and 7 € R is a tunable hyperparameter. The cost functional in (5.31) is typically
minimized using proximal algorithms such as forward-backward splitting (FBS) [87] and
the alternating direction method of multipliers (ADMM) [24].

As mentioned in Chapter 2, the main idea in the Plug-and-Play (PnP) priors framework
[51, 201] is to replace the proximal operator of R in the iterations of proximal algorithms
with some off-the-shelf denoiser, even though it might not correspond to an explicit
regularization term. This implicit regularization approach has been shown to yield better
results than classical sparsity-promoting methods for a variety of inverse problems since it
allows the use of powerful denoisers such as NLM [202], WNNM [203], BM3D [204], and
neural networks [57, 62, 205]. However, the delicate point that remains is ensuring the
convergence of these algorithms, which is non-trivial but essential for sensitive applications
(e.g., the ones encountered in medical imaging).

There exist several works that analyze conditions on the denoiser under which PnP
algorithms are guaranteed to converge [206-210]. For example, Ryu et al. [57] show that
PnP-FBS and PnP-ADMM provably converge to fixed points if the denoiser obeys an
appropriate Lipschitz condition. They then propose a practical way to enforce the derived
Lipschitz constraint while training neural network denoisers. However, their analysis
requires the data-fidelity term to be strongly convex and this unfortunately rules out ill-
posed inverse problems. In order to design convergent PnP schemes for ill-posed problems,
stricter conditions need to be enforced on the denoiser. More specifically, it has been

8This section is based on our works [157, 158].
9We assume that the inverse problem is ill-posed, that is, H is non-invertible.
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shown that averagedness (firm nonexpansiveness) of the denoiser is sufficient to guarantee
fixed point convergence of PnP-FBS (PnP-ADMM) [54, 55]. The design and training
of constrained neural networks to satisfy the averagedness or firm nonexpansiveness
conditions is a challenging task and remains an active area of research [55, 63].

In this work, we focus on the problem of training 1-Lipschitz!'® (nonexpansive) neural
networks in order to construct averaged denoisers that can be used within PnP-FBS.
Specifically, we consider networks where the Lipschitz constant of each layer (linear and
nonlinear) is controlled to be one. Henceforth, we refer to such networks as 1-Lip neural
networks.

There are several ways to impose constraints on the linear layers. The most popular one
is spectral normalization [211], where the ¢5 operator norm of each weight matrix is set
to one. The required spectral norms are computed via power iterations. To take this idea
even further, [212| and [213] have restricted the weight matrices to be orthonormal in
fully connected layers.

The use of ReLLU activation functions in that setting, however, appears to be overly
constraining: it has been shown that 1-Lip ReLLU networks cannot even represent simple
functions such as the absolute value function under 2-norm constraints on the linear layers
[212], as well as co-norm constraints [214]|. This observation justifies the development
of new activation functions specifically tailored to 1-Lip architectures. Currently, the
most popular one is GroupSort (GS), proposed by [212], where the pre-activations are
split into groups that are sorted in ascending order. This results in a multivariate and
gradient-norm-preserving (GNP) activation function. The authors provide empirical
evidence that GS outperforms ReLU on several tasks such as Wasserstein-1 distance
estimation, robust classification, and function fitting under Lipschitz constraints.

Here, we propose an alternative way to boost the performance of 1-Lip neural networks via
the use of component-wise 1-Lipschitz learnable-linear-spline (LLS) activation functions.
Since the LLS activation functions presented in Section 3.1 are generally not Lipschitz-
constrained, we present an efficient method to explicitly control their Lipschitz constant.
Further, we also develop a normalization module that modulates the scale of each LLS
activation function without changing their Lipschitz constant and thus increases their
flexibility. We perform a systematic comparison of the proposed framework with other
1-Lip architectures (including ReLU and GS) for function fitting, Wasserstein-1 distance
estimation, and CT and MRI reconstruction within the PnP framework. Our results
show that our framework outperforms all the competing activation functions.

The section is organized as follows: We begin with a brief description of PnP-FBS in
Section 5.2.2. In Section 5.2.3, we present existing 1-Lip architectures. We then introduce

YAn operator T: R¥ — R¥ is L-Lipschitz if | T(x) — T(y)|| < L|x —y| for all x,y € R¥. The
smallest value of L is called the Lipschitz constant of T. In this section, we only consider || - || to be the
2-norm (also known as the Euclidean norm).
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our method in Section 5.2.4 and present experimental results in Section 5.2.5.

5.2.2 Plug-and-Play Forward-Backward Splitting (PnP-FBS)

The iterates for PuP-FBS corresponding to the optimization problem in (5.31) are given
by
SH4:JDGk—aHTGEk—yD, (5.32)

where D : R¢ — R? is the chosen denoiser and « is the stepsize.

Fixed-Point Convergence

A standard set of sufficient conditions to guarantee fixed-point convergence of the iterations
(5.32) is that

1. D is averaged, namely D = BN + (1 — B)Id where 8 € (0,1) and N: R — R% is a

nonexpansive mapping;
2. a€[0,2/[H|?);

3. the update operator in (5.32) has a fixed point.

Note that in general, Condition (1) is not sufficient to ensure that D is the proximal
operator of some convex regularizer R. Hence, its interpretability is still limited. Condition
(2) implies that s — (s — aHT (Hs — y)) is averaged. As averagedness is preserved
through composition, the iterates are updated by the application of an averaged operator
(see [55] for details). With Condition (3), the convergence of the iterations (5.32) follows

from Opial’s convergence theorem.

Stability of the Reconstruction Map in the Measurement Domain

Beyond convergence, we can also show the stability of the reconstruction map in the
measurement domain.

Proposition 5.1. Let s7 and s} be fized points of the PnP-FBS algorithm (5.32) for the
measurements y1 and ys, respectively. If the denoiser is averaged with 3 < 1/2, then for
any y1,y2 € R™, we have that

[Hs] — Hss[|2 < [ly1 — y22- (5.33)

Further, if we slightly increase the constraints on D, we get the result of Proposition 5.2
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Proposition 5.2. Let s7 and s3 be fized points of the PnP-FBS algorithm (5.32) for the
measurements y1 and ya, respectively. If D is K-Lipschitz with K < 1 (if it is contractive),
then the reconstruction process is stable for any H, in the sense that, for any y1,y2 € R™,

af[H]| K

— . 5.34
Iy = yala (5:34)

Is1 =832 <

The proofs for these propositions are given in Appendix 5.4.4. Overall, with PnP-FBS,
we can expect better data consistency than the one provided by the end-to-end neural
network frameworks that attempt to directly map the measurements y to the image s.
Those attempts are known to suffer from stability issues [215] and, more importantly,
have been found to remove or hallucinate tumors [216|, which is unacceptable in the
context of diagnostic imaging. Relations (5.33) and (5.34) are protection against such
hallucinations. They tell us that, if two sets of measurements are close to each other,
then the corresponding reconstructions must also be close to each other.

5.2.3 1-Lipschitz Neural Networks

In this work, we consider feedforward neural networks fg: RN — RNL of the form

fo(x): Apo---00y0Ayo0---0010A1(x), (5.35)
where each Ay: RVe-1 — RN, ¢ =1,... L, is a linear layer given by
Ag(x) = Wyx + by, (5.36)

with weight matrices W, € RNoNe-1 and bias vectors by € RV, The model incorporates
fixed or learnable nonlinear activation functions o,: RV — RN¢. For component-wise
activation functions, we have that oy(x) = (O‘gm(a?n))nNil with individual scalar activation
functions oy, : R — R. The complete set of parameters of the network is denoted by 6.

A straightforward way to control Lip(fg) is to use the sub-multiplicativity of the Lipschitz
constant for the composition operation, which yields the estimate

L-1

Lip(fg) < Lip(Ay) | ] Lip(ev) Lip(Ay). (5.37)
/=1

Consequently, one can obtain a bound for Lip(fg) by controlling the Lipschitz constant of
each linear layer and of each activation function.
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Lipschitz-Constrained Linear Layers

It is known that the Lipschitz constant of the linear layer Ay is equal to the largest
singular value of its weight matrix. In our experiments, we constrain the weight matrices
W, in two ways.

e Spectral Normalization: This method rescales each linear layer by dividing
its weight matrix by its largest singular value. The latter is estimated via power
iterations. This method was introduced for fully connected networks in [211] and

later generalized for convolutional layers in [57].

e Orthonormalization: Here, the weight matrices Wy are forced to be orthonormal,
so that Wng is the identity matrix. Unlike spectral normalization, which only
constrains the largest singular value, this method forces all the singular values to be
one. Various implementations of orthonormalization have been proposed to handle
both fully connected [212] and convolutional layers [217, 218|.

Lipschitz-Constrained Activation Functions

Here, we shortly introduce all activation functions that we compare against LLS.

e ReLU: The ReLU activation function is component-wise and 1-Lipschitz. It is
given by ReLU(x) = (max(0, z,))Y

n=1-

e Absolute Value: The absolute value (AV) activation function is component-wise,
1-Lipschitz, and GNP. It is given by AV (x) = (|z,|)_;.

e Parametric ReLU: The parametric ReLU (PReLU) activation function [184] is
component-wise. It is given by PReLUq(x) = (max(an, oy, z,))Y_; with learnable
parameters (a,))_;. It holds that Lip(PReLU,) = max(maxi<,<n |an|,1). Hence,
an easy way to make it 1-Lipschitz is to clip the parameters (a,))_; in [-1,1].

e GroupSort: This activation function [212] separates the pre-activations into
groups of size k and then sorts each group in ascending order. Hence, it is locally
a permutation and is therefore GNP and 1-Lipschitz. If the group size is 2, this
activation function is called MaxMin. 1-Lip MaxMin and GS neural networks are
universal approximators for 1-Lipschitz functions in a specific setting where the
first weight matrix satisfies ||[Wil[2,00 < 1 and all other weight matrices satisfy
IWi|leo <1 [212, Theorem 3].

e Householder: The householder (HH) activation function [219] separates the
pre-activations into groups of size 2, and for any x € R?, computes
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X, vlix >0

(5.38)
(I - 2VVT) x, vix <0,

HH, (x) = {
where v € R? is a learnable parameter with ||v||2 = 1. The HH activation function
is always 1-Lipschitz and GNP.

For these choices, Proposition 5.3 holds. The proof is given in Appendix 5.4.5.

Proposition 5.3. On any compact set D C RNo | 1-Lip neural networks with AV, PReLU,
GS, or HH activation functions can represent the same set of functions.

By contrast to Proposition 5.3, 1-Lip ReLU networks are less expressive and can only
represent a subset of these functions.

5.2.4 1-Lipschitz Deep Spline Neural Networks

As a first step towards Lipschitz-constrained deep spline neural networks, [200] added a
term in the training loss that penalizes a loose bound of the Lipschitz constant of the
LLS activation functions. This approach, however, does not offer a strict control of the
overall Lipschitz constant of the network. Here, we instead present a method to explicitly
control the Lipschitz constant of each LLS activation function.

As described in Section 5.4.2, we represent an LLS activation function ¢ in a B-spline
basis. It is fully described by the vector of its B-spline coefficients ¢ € RX and the
stepsize T'. In practice, we choose a high number K and a small stepsize T. We then
ensure that a simple activation function is learned by using TV® regularization given by
TV®)(0) = ||Lc||1, where L is the second-order finite-difference matrix defined in (5.97).
The Lipschitz constant of ¢ is given by Lip(c) = £|/Dc||o0, Where

(110 0 ---0
0110 ---0

Do | o] (5.39)

Overall, we aim to impose strict bounds on the first-order finite differences of the
coefficients ¢, and we seek to sparsify their second-order finite differences.

To ensure that every activation function o is 1-Lipschitz, the absolute difference between
any two consecutive coefficients must be at most 7. Hence, the corresponding set of
feasible coefficients is given by {c € R¥ : ||Dc||oo < T'}. A first attempt at a minimization
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over this set was made in our earlier work [157]. There, we used a method that divides
each activation function by its maximum slope after each training step. In Section 5.2.4,
we present an alternative projection scheme that is better suited to optimization and
yields a much better performance in practice, while being just as fast. Additionally, we
introduce a scaling parameter for each activation function, which facilitates the training
and increases the performance of the network even further at a negligible computational
cost.

Constrained Coefficients

The textbook approach to maintain the 1-Lipschitz property throughout an iterative
minimization scheme would be to determine the least-squares projection onto {c € RE .
IDc||oc < T} at each iteration. This operation would preserve the mean of ¢, as shown
in Appendix 5.4.6. Unfortunately, its computation is very expensive as it requires to
solve a quadratic program after each training step and for each activation function. As
substitute, we introduce a simpler projection Pr, that also preserves the mean while
being much faster to compute. In brief, Py, computes the finite-differences, clips them,
sums them and adds a constant to the preservation of the mean.

Let us denote the Moore Penrose pseudoinverse of D by Dt and the vector of ones by
1 € RX. Further, we define the component-wise operation

T].v X < T]_
Clipiy ) () = {2, @ € [T, Ty] (5.40)
T, x> 1Ts.

Proposition 5.4. The operation P, defined as

K
. 1
Prip(c) = D Clip|_77)(Dc) + 1? ; Ck (5.41)

has the following properties:

1. it is a projection onto the set {c € RE : |Dc|lo < T};
2. it is almost-everywhere differentiable with respect to c;

3. it preserves the mean of c.

The proof of Proposition 5.4 can be found in Appendix 5.4.6.

In gradient-based optimization, one usually handles domain constraints by projecting the
variables back onto the feasible set after each gradient step. However, this turned out
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to be inefficient for neural networks in our experiments. Instead, we parameterize the
LLS activation functions directly with Pr;,(c), which leads to unconstrained training.
This strategy is in line with the popular spectral normalization of [211], where the weight
matrices are unconstrained and parameterized using an approximate projection. For
our parameterization approach, Property 2 of Proposition 5.4 is very important as it
allows us to back-propagate through Py, during the optimization process. To compute
Prip efficiently, we calculate D' in a matrix-free fashion with a cumulative sum. The
computational cost of Pp, is negligeable compared to the cost of constraining the linear
layer to be 1-Lipschitz.

Scaling Parameter

We propose to increase the flexibility of our LLS activation functions by the introduction
of an additional trainable scaling factor . Specifically, we propose the new activation
function

&(z) = ia('m). (5.42)

With this scaling, & is nonlinear on [kminT'/7, kmaxZ'/7y] and the Lipschitz constant

150 (vz1) = so(ya2)| Sllo(yar) = o(yza)]|
Lip(6) = sup —L 1 = sup = Lip(o) (5.43)
z1,m2€R |21 — 22| @1,20€R ;Hv:ﬂl — vl

is left unchanged. We can see from Proposition 5.11 that the second-order total variation
is preserved as well. Basically, v allows us to decrease the data-fitting term used for
training without breaking the constraints or increasing the complexity of the activation
functions. Experimentally, we indeed found that the performance of DSNNs improves
if we also optimize over «. In contrast, the ReLU, AV, PReLU, GS, and HH activation
functions are invariant to this parameter and do not benefit from it. In practice, the
scaling parameter « is initialized as one and updated via standard stochastic gradient-
based methods. Throughout our experiments, every LLS activation function has its own
scaling parameter -.

5.2.5 Experimental Results

We evaluate the performance of 1-Lip neural networks on a variety of tasks. In each
case, we compare the performance of LLS and the five activation functions discussed in
Section 5.2.3. For all the experiments, we tune the initialization of PReL U, the group size
of GS, and the initialization, range, number of linear regions, and TV® regularization of
LLS for best performance. To train the respective networks, we use the Adam optimizer
[194] and the default hyperparameters of its PyTorch implementation. The deep spline
NNs have three optimizers with different learning rates: one for the weights (with learning
rate 1), one for the scaling parameters (with learning rate n/4) and one for parameters of
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Function f; Function f; Function f3
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Figure 5.7: Three 1-Lipschitz functions that we attempt to fit with 1-Lip neural networks.
All functions have zero mean over the interval [—1,1].

the activation function (with learning rate 1/40). These ratios remain fixed throughout
this section and, hence, only 7 is going to be stated. Our implementation is available on
Github!'!.

One-Dimensional Function Fitting

Here, we train 1-Lip neural networks to fit 1-Lipschitz functions f: R — R within the
model Y = f(X), where X is uniformly distributed on [—1,1]. The task is to fit the three
1-Lipschitz functions depicted in Figure 5.7. The aim of this experiment is twofold. First,
we want to probe the impact of the two methods described in Sections 5.2.4 and 5.2.4 on
the performance of the DSNNs by comparing the proposed 1-Lip DSNNs (denoted as LLS
New) with the ones from our earlier work [157] (denoted as LLS Old) which operate by
simple normalization. Second, we want a simple but challenging experiment to compare
the various available methods.

Let us briefly comment on the functions in Figure 5.7. For f1, we have |V fi| = 1 almost
everywhere. Hence, the GNP activation functions are expected to perform well and
serve as a baseline against which we compare LLS activation functions. The function
f2 alternates between |V fa| = 1 and |V fa| = 0. It was designed to test the ability of
LLS to fit functions with constant regions. Lastly, we benchmark all methods on the
highly varying function f3(z) = sin(77x)/7m, which is challenging to fit under Lipschitz
constraints.

For each method, we consider two variants: orthonormalization, and spectral normalization
of the weights. In both cases, we use the mean squared error (MSE) as loss function. The
train loss is computed over 1000 random points sampled uniformly from [—1,1]. The test
loss is computed over a uniform partition of [—1,1] with 10000 points. This experiment
lets us assess the expressivity of the models without caring about generalization. The
hyperparameters were all tuned on the test set. For each activation function, we tuned
the width and the depth of the neural network for best performance. RelLU networks
have 10 layers and a width of 50; AV, PReLU, and HH networks have 8 layers and a

"https://github.com/StanislasDucotterd /Lipschitz DSNN
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Figure 5.8: Fitting performances for the functions from Figure 5.7. The red markers
represent the median performance. The black bars represent the lower and upper quartiles,
respectively.

width of 20; GS networks have 7 layers and a width of 20; DSNNs have 4 layers and a
width of 10. For the activation functions, we initialized the PReLLU as the absolute value,
we used GS with a group size of 5, and the LLS was initialized as ReLU and had a range
of [~0.5,0.5], 100 linear regions, and we set A = 10~" for the TV® regularization. The
DSNNs used a learning rate of = 2 x 1073 for every function while the other networks
used n = 4 x 1073 for f1, f» and n = 1073 for f3. Every network relied on Kaiming
initialization [184] and was trained 25 times with a batch size of 10 for 1000 epochs. We
report the median and the two quartiles of the test losses in Figure 5.8.

For the spectral normalization, we observe that AV, PReLU, and HH have a tendency
to get stuck in local minima when fitting f3 (the associated upper quartile of the MSE
loss is quite large). In return, we observe that LLS consistently outperforms the other
activation functions in all experiments. Particularly striking is the improvement of LLS
New over LLS Old, which clearly demonstrates the beneficial role of the two modules
described in Sections 5.2.4 and 5.2.4. Accordingly, from now on, we drop LLS Old and
only retain LLS New.
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Table 5.8: Mean and standard deviation of the estimated Wasserstein distance over five
trials for several architectures.

Depth | ReLU AV PReLU GS HH LLS

3 0.727  1.190/0.002 1.190/0.002 1.189/0.001 1.165/0.001 1.190/0.002
5 0.881/0.001 1.368/0.003  1.371/0.002 1.369/0.002 1.369/0.002 1.373/0.003
7 0.960 1.406/0.008  1.437/0.002 1.436/0.001 1.440/0.003 1.439/0.001

Estimation of the Wasserstein Distance

The Wasserstein-1 distance is a metric between two probability distributions P; and Ps.
This metric has been used in [220] to improve the performance of GANs, which were
first introduced in [69]. Using the Kantorovich dual formulation [221]|, we can compute
the Wasserstein-1 distance Wi by solving an optimization problem over the space of
1-Lipschitz functions, leading to

Wi(h, Po) = Sup_ Ex~py [f(x)] = Exp, [f (%)) (5.44)

In our Wasserstein experiment, P; is a uniform distribution over a set of real MNIST!?
images and P» is the generator distribution of a GAN trained to generate MNIST
images. The architecture of this GAN is taken from [222]|. It has been shown in [223]
that, under reasonable assumptions, any f* that maximizes (5.44) satisfies |V f*| = 1
almost everywhere. Further, [212| have shown experimentally that, in the context of
Wasserstein distance estimation, spectral normalization of the linear layers is outperformed
by orthonormalization. Hence, we use the latter parameterization for the Wasserstein
experiments. All networks are fully connected with a width of 1024, and various depths.
They were trained 5 times each for 2000 epochs with n = 2 x 1073 and orthogonal
initialization [224]. For the networks with a depth of 3, GS has group size of 8, and
PReLU and LLS were initialized as the absolute value. For a depth of 5 or 7, GS has
a group size of 2, and PReLLU and LLS were initialized with the identity in half of the
activation functions and as the absolute value in the other half. The LLS have a range of
[—0.15,0.15], 20 linear regions, and A = 1071%. The spline coefficients only increase the
total number of parameters in the neural network by 2%. We train the networks on 54000
images from the MNIST training set and use the 6000 remaining ones as a validation set.
The test set contains 10000 MNIST images.

In Table 5.8, we report the estimated Wasserstein distance between the MNIST images
of the test set and the ones generated by the GAN. The dimensionality of the problem
is such that it is practically unfeasible to compute accurate baseline estimates based on
the sampling of both measures and the computation of their true Wasserstein distance.

2http:/ /yann.lecun.com/exdb/mnist/
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ReLU has an estimate that is significantly lower than the other methods. Most likely,
this corresponds to a gross underestimation of the true Wasserstein distance because of
its lack of expressivity. We can see that the performances are quite similar between all
the other activation functions except for AV and HH with depth 7 and 3, respectively,
which are worse than the others.

Image Reconstruction via PnP-FBS

Next, we consider provably convergent PnP-FBS for two ill-posed inverse problems—MRI
and CT reconstruction. Recall that a S-averaged denoiser is of the form D = N+ (1—3)Id
, where 8 € (0,1) and N is nonexpansive. Here, we parametrize N as a 1-Lip neural
network and train it as a denoiser. Before we talk about the inverse problem setups, we
describe our denoising experiments.

1. Denoising

The state-of-the-art image denoising architectures [154, 225, 226] are not natively 1-
Lipschitz. They rely on dedicated modules designed to improve the performance of the
denoising network, such as skip connections, downsampling and upsampling layers, batch
normalization, and attention modules. These can make it challenging to build provably
averaged denoisers, and their effectiveness remains to be demonstrated in a constrained
setting. For this reason, we use a simple CNN architecture without batch normalization.
This provides excellent performance while relying on a simple architecture that can be
directly constrained.

We train N as a 1-Lip denoiser that is composed of 8 orthogonal convolutional layers
parameterized with the BCOP framework [217]. For LLS, we take 64 channels; to
compensate for the additional spline parameters, we train every other model with 68
channels. We use kernels of size (3 x 3).

The training dataset consists of 238400 patches of size (40 x 40) taken from the BSD500
dataset [227]. We report the results on the BSD68 test set. All images take values in [0, 1].
For our experiment, we add Gaussian noise with o = 5/255,10/255,15/255. We train all
networks for 50 epochs with a batch size of 128 and the MSE loss function. The PReLU
activation functions were initialized as the absolute value. GS has a group size of 2. The
LLS activation functions have 50 linear regions, a range of 0.1, and were initialized as the
identity. We set 1 = 4 x 107 for every noise level and every model. In this experiment,
we also investigated the effect of the TV® regularization parameter A (we used the same
parameter for all the layers) on the performance and the number of linear regions in all
the activation functions. The performance results are provided in Table 5.9. As expected,
ReLU is doing worse than the other activation functions. For each noise level, LLS is

outperforming every other activation function.
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Table 5.9: PSNR and SSIM values for the Lipschitz denoising experiment in terms of
activation functions and noise levels.

Noise level o =5/255 o =10/255 o =15/255

Metric PSNR SSIM PSNR SSIM PSNR  SSIM
ReLU 36.10 0.938 3192 0.8735 29.76  0.8203
AV 36.58 0.9499 32.33 0.8889 30.09 0.8375
PReLLU 36.58 0.9498  32.25 0.8887 30.11  0.8367
GS 36.54 0.9489 3223 0.8845 30.11 0.8346
HH 36.47 09476 32.25 0.8866 30.11 0.8350
LLS (A=0) 36.85 0.9540 32.59 0.8978 30.35 0.8464
LLS (A\=10"%) 36.86 0.9546 32.55 0.8962 30.38 0.8479
LLS (A\=107%) 36.86 0.9543 32.55 0.8960 30.34 0.8455
LLS (A=10"%) 36.82 0.9534 3257 0.8970 30.36 0.8468
LLS (A\=10"3) 36.63 0.9497 3247 0.8924 30.31 0.8437
LLS (A=10"2) 35.15 0.9142 32.00 0.8782 29.73  0.8156

Table 5.10: Average number of effective linear regions (AELR) for several A and noise
levels. The maximum number of available regions for the LLS is 50.

Noise level o =5/255 o =10/255 o =15/255
LLS (A =0) 9.24 8.76 8.07
LLS (A =1079) 1.21 1.24 1.44
LLS (A =107°) 1.11 1.15 1.24
LLS (A =10"%) 1.07 1.14 1.25
LLS (A =1073) 1.02 1.06 1.10
LLS (A =1072) 1.00 1.01 1.02

The number of linear regions for the LLS activation function oy, is equal to ||[Leg, o + 1.
This metric can lead to an overestimation of the number of linear regions due to numerical
imprecisions. Instead, we define the effective number of linear regions as ([{1 < k <
Kyp o [(Legp)k| > 0.01} 4+ 1). For each DSNN, we report in Table 5.10 the average
number of effective linear regions (AELR) of all the LLS activation functions. An AELR
close to one indicates that the large majority of neurons become skip connection, which
corresponds to a simplification of the network. Without regularization, the LLS activation
functions have an AELR of 8.07 to 9.24 out of the 50 available linear regions. The TV®
regularization drastically sparsifies the LLS activation functions. With A € [1076,1074],
the AELR is between 1.07 and 1.44, which is a large decrease without degradation in the
denoising performances. For A = 1073, the LLS are even further sparsified at the cost
of a small loss of performance. We observe a significant loss of performance when A is
increased to 1072 where the network is almost an affine mapping. Notice that the AELR
is 2 for ReLU and AV, meaning that LLS outperforms them while being simpler. Another
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interesting observation is that, despite being very sparse on average, the DSNNs with
A € [107%,1073] have at least one activation function with at least three linear regions.
This suggests that most of the common activation functions might be suboptimal as they

have only two linear regions.
2. Biomedical Image Reconstruction

Finally, we deploy the trained 1-Lip denoisers within PnP-FBS to solve MRI and CT
reconstruction problems.

(A) MRI The ground-truth images for our MRI experiments are proton-density weighted
knee MR images from the fastMRI dataset [228] with fat suppression (PDFS) and without
fat suppresion (PD). They are generated from the fully-sampled k-space data. For each
of the two categories (PDFS and PD), we create validation and test sets consisting of
10 and 50 images, respectively, where every image is normalized to have a maximum
value of one. We consider both single-coil and multi-coil setups with several acceleration
factors. In the single-coil setup, we simulate the measurements by masking the Fourier
transform of the ground-truth image. In the multi-coil case, we consider 15 coils, and the
measurements are simulated by subsampling the Fourier transforms of the multiplication
of the ground-truth images with 15 complex-valued sensitivity maps (these were estimated
from the raw k-space data using the ESPIRIT algorithm [229] available in the BART
toolbox [230]). For both cases, the subsampling in the Fourier domain is performed with
a Cartesian mask that is specified by two parameters: the acceleration My € {2,4,8}
and the center fraction Mt = 0.32/Mpce. A fraction of M¢s columns in the center of the
k-space (low frequencies) is kept, while columns in the other region of the k-space are
uniformly sampled so that the expected proportion of selected columns is 1/Mye. In
addition, Gaussian noise with standard deviation o, = 2 x 1073 is added to the real and
imaginary parts of the measurements. The PSNR and SSIM values for each method are
computed on the (320 x 320) centered ROI.

(B) CT We target the CT experiment proposed in [231]. The data consist of human
abdominal CT scans for 10 patients provided by Mayo Clinic for the low-dose CT Grand
Challenge [232]|. The validation set consists of 6 images taken uniformly from the first
patient of the training set from [231]. We use the same test set as [231], more precisely,
128 slices with size (512 x 512) that correspond to one patient. The projections of the
data are simulated using a parallel-beam acquisition geometry with 200 angles and 400
detectors. Lastly, Gaussian noise with standard deviation oy, € {0.5,1,2} is added to the
measurements.

For the above-described setups, we run the PnP-FBS algorithm (5.32) with the trained
denoising networks (for LLS we use the network corresponding to A = 1076). We tune
the noise level o of each N over o = 5/255,10/255,15/255. Also, for each o, we tune
B € (0,1) and the stepsize a given in (5.32) using the coarse-to-fine method given in
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Appendix 5.4.7. The hyperparameters for all the methods are tuned on the validation set
to maximize the average PSNR.

The reconstruction performances over the test sets are reported in Tables 5.11, 5.12 and
5.20. We observe a significant gap between LLS and the other activation functions for all
the setups in terms of PSNR and SSIM. Some example reconstructions are reported in
Figures 5.9, 5.10, 5.11, 5.12, 5.13 and 5.14.

5.2.6 Summary

In this work, we have proposed a framework to efficiently train Lipschitz-constrained
neural networks with learnable linear-spline activation functions. Our implementation
embeds the Lipschitz constraint on the activation functions directly into the forward
pass and adds learnable scaling factors, which preserves the Lipschitz constant of the
activation functions and enhances the overall expressivity of the model. Empirically, we
have shown that our approach outperforms other Lipschitz-constrained neural networks
for a variety of tasks including plug-and-play image reconstruction.
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Table 5.11: Single-coil MRI.
2-fold 4-fold
PSNR SSIM PSNR SSIM
PD PDFS PD PDFS PD PDFS PD PDFS
ReLU 38.15 37.41 0938 0.918 30.62 31.45 0.818 0.786
AV 38.99 38.05 0946 0.925 31.34 32.02 0.832 0.797
PReLU 38.97 38.09 0.946 0.925 31.22 3222 0.832 0.800
GS 38.80 37.92 0944 0.924 31.27 31.93 0.829 0.796
HH 38.72 37.89 0944 0924 31.22 31.94 0.830 0.796
LLS 40.06 38.63 0.955 0.931 32.81 33.04 0.859 0.817
Table 5.12: Multi-coil MRI.
4-fold &-fold
PSNR SSIM PSNR SSIM
PD PDFS PD PDFS PD PDFS PD PDFS
ReLU 3721 37.06 0929 0915 31.37 32.57 0.837 0.822
AV 37.81 37.48 0935 0.919 31.82 32.95 0.845 0.829
PReLU 37.71 37.51 0.934 0.919 31.67 33.11 0.845 0.832
GS 3776 3741 0933 0919 31.79 329 0.843 0.829
HH 37.66 37.39 0933 0.919 31.68 3291 0.843 0.829
LLS 38.68 37.96 0.943 0.924 32.75 33.61 0.859 0.835
Table 5.13: CT.
on=0.5 on=1 on=2
PSNR SSIM PSNR SSIM PSNR SSIM
FBP 32.14 0.697 27.05 0.432 21.29 0.204
ReLU 36.94 0.914 33.65 0.860 30.34 0.782
AV 37.15 0.926 34.19 0.885 31.07 0.813
PReLU 37.18 0.927 34.21 0.887 30.87 0.812
GS 36.95 0.920 33.99 0.877 30.87 0.806
HH 36.94 0.918 34.11 0.877 30.92 0.809
LLS 38.19 0.931 35.15 0.897 31.85 0.844
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Figure 5.9: Reconstructed images for the 2-fold accelerated single-coil MRI experiment.
The reported metrics are PSNR and SSIM.
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Figure 5.10: Reconstructed images for the 4-fold accelerated single-coil MRI experiment.
The reported metrics are PSNR and SSIM.
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Figure 5.11: Reconstructed images for the 4-fold accelerated multi-coil MRI experiment.
The reported metrics are PSNR and SSIM.
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Figure 5.12: Reconstructed images for the 8-fold accelerated multi-coil MRI experiment.
The reported metrics are PSNR and SSIM.
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Figure 5.13: Reconstructed images for the CT experiment with o, = 0.5. The reported
metrics are PSNR and SSIM.
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Figure 5.14: Reconstructed images for the CT experiment with o, = 0.5. The reported
metrics are PSNR and SSIM.
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5.3 A Neural-Network-Based Convex Regularizer

131n this section, we show how we can leverage our learnable linear spline module to
design explicit neural-network-based convex regularizers.

5.3.1 Introduction

Like in the previous section, we again consider ill-posed linear inverse problems with an
AWGN model. Thus, the goal is to reconstruct the image s € R? from the measurement
vector y € R™ given by

y = Hs+n, (5.45)

where H € R™*4 models the physics of the acquisition process and n € R™ accounts for
the additive Gaussian noise. The generic MPL estimator for the image can be written as

1
s* € argmin = ||Hs — y||3 + R(s), (5.46)
scRd 2

where R: R? — R is a regularizer that incorporates prior information about s to counteract
the ill-posedness of (5.45). Here, we will focus on the learning of the regularization term
R in (5.46). Pioneering work in this direction includes the fields of experts [233-235],
where R is parameterized by an interpretable and shallow model, namely, a sum of
nonlinear one-dimensional functions composed with convolutional filters. Some recent
approaches rely on more sophisticated architectures with much deeper CNNs, such as
with the adversarial regularization (AR) [236, 237], NETT [238|, and the total-deep-
variation frameworks [67], or with regularizers for which a proximal operator exists [64-66,
239]. There exists a variety of strategies to learn R, including bilevel optimization [234],
unrolling [67, 235], gradient-step denoising [64, 65|, and adversarial training [236, 237].
When R is convex, a global minimizer of (5.46) can be found under mild assumptions. As
the relaxation of the convexity constraint usually boosts the performance [234, 240], it is
consequently the most popular approach. Unfortunately, one can then expect convergence
only to a critical point.

In this work, we prioritize the reliability and interpretability of the method. Thus, we
revisit the family of learnable convex-ridge regularizers [181, 233-235, 240]

R:s— Z Yi(wl's), (5.47)

where the profile functions ¥ : R — R are convex, and w; € R? are learnable weights. A
popular way to learn R is to solve a non-convex bilevel optimization task [241, 242 for a
given inverse problem. It was reported in [234| that these learnt regularizers outperform
the popular TV regularizer for image reconstruction. As bilevel optimization is computa-

13This section is based on our work [159].
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tionally quite intensive, it was proposed in [240| to unroll the forward-backward splitting
(FBS) algorithm applied to (5.46) with a regularizer of the form (5.47). Accordingly, R
is optimized so that a predefined number ¢ of iterations of the FBS algorithm yields a
good reconstruction. Unfortunately, on a denoising task with learnable profiles v;, the
proposed approach does not match the performance of the bilevel optimization.

To deal with these shortcomings, we introduce an efficient framework!'* to learn some R
of the form (5.47) with free-form convex profiles. We train this R on a generic denoising
task and then plug it into (5.46). This yields a generic reconstruction framework that is
applicable to a variety of inverse problems. The main contributions of the present work
are as follows.

e Interpretable and Expressive Model: We use a one-hidden-layer neural network
(NN) with learnable increasing linear-spline activation functions to parameterize
V'R. We prove that this yields the maximal expressivity in the generic setting
(5.47).

¢ Embedding of the Constraints into the Forward Pass: The structural
constraints on VR are embedded into the forward pass during the training. This
includes an efficient procedure to enforce the convexity of the profiles, and the
computation of a bound on the Lipschitz constant of VR, which is required for our
training procedure.

e Ultra-Fast Training: The regularizer R is learnt via the training of a multi-
gradient-step denoiser. Empirically, we observe that a few gradient steps suffice to
learn a best-performing R. This leads to training within a few minutes.

¢ Best Reconstruction Quality in a Constrained Scenario: We show that our
framework outperforms recent deep-learning-based approaches with comparable
guarantees and constraints in two popular medical-imaging modalities (CT and
MRI). This includes the PnP method with averaged denoisers and a variational
framework with a learnable deep convex regularizer. This even holds for a strong
mismatch in the noise level used for the training and the one found in the inverse
problem.

5.3.2 Architecture of the Regularizer

In this section, we introduce the notions required to define the convex-ridge regularizer

neural network (CRR-NN).

M All experiments can be reproduced with the code published at https://github.com/axgoujon/convex
ridge regularizers
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General Setting

Our goal is to learn a regularizer R for the variational problem (5.46) that performs
well across a variety of ill-posed problems. Similar to the PnP framework, we view the
denoising task
§* = arg min = [}s — y||2 + 7R(s) (5.48)
scRd 2
as the underlying base problem for training, where y is the noisy image. Since we prioritize
interpretability and reliability, we choose the simple convex-ridge regularizer (5.47) and

use its convolutional form. More precisely, the regularity of an image s is measured as

R:aes %C: 3 zpi((h,- * s)[k]), (5.49)

1=1 keZ?

where h; is the impulse response of a 2D convolutional filter, (h; * s)[k] is the value of
the k-th pixel of the filtered image h; * s, and N¢ is the number of channels. In the
sequel, we mainly view the (finite-size) image s as the (finite-dimensional) vector s € R?,
and since (5.49) is a special case of (5.47), we henceforth use the generic form (5.47) to
simplify the notations. We use the notation Rg to express the dependence of R on the
aggregated set of learnable parameters @, which will be specified when necessary. From
now on, we assume that the convex profiles v; have Lipschitz continuous derivatives, i.e.
YP; € CHL(R).

Gradient-Step Neural Network

Given the assumptions on Ry, the denoised image in (5.48) can be interpreted as the
unique fixed point of Tr, r«: R? — R? defined by

Tryrals) =s — a((s —y)+ TVR@(S)). (5.50)

Iterations of the operator (5.50) implement a gradient descent with stepsize a, which
converges if a € (0,2/(1 4+ 7Lg)), where Lg = Lip(VRy) is the Lipschitz constant of
V7Reg. In the sequel, we always enforce this constraint on «. The gradient of the generic
convex-ridge expression (5.47) is given by

VRe(s) = Wla(Ws), (5.51)

where W = [wy ---w,|T € RP*? and o is a pointwise activation function whose compo-
nents (o; = ¢})?_; are Lipschitz continuous and increasing. In our implementation, the
activation functions o; are shared within each channel of W. The resulting gradient-step
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operator
Tryra(s) =(1—a)s+ oz(y - TWTU(WS)) (5.52)

corresponds to a one-hidden-layer convolutional NN with a bias and a skip connection.
We refer to it as a gradient-step NN. The training of a gradient-step NN will give a
CRR-NN.

5.3.3 Characterization of Good Profile Functions

In this section, we provide theoretical results to motivate our choice of the profiles v;
or, equivalently, of their derivatives o; = /. This will lead us to the implementation
presented in Section 5.3.4.

Existence of Minimizers and Stability of the Reconstruction

The convexity of Rg is not sufficient to ensure that the solution set in (5.46) is nonempty
for a noninvertible forward matrix H. With convex-ridge regularizers, this shortcoming
can be addressed under a mild condition on the functions 1; (Proposition 5.5). The
implications for our implementation are detailed in Section 5.3.4.

Proposition 5.5. Let H € R™*% and ¢;: R - R, i =1,...,p, be convex functions. If
arg min,cp ¥;(t) # 0 for alli =1,...,p, then

1 -
@;éargn}lmiHHs—yH%—i—Zz/JZ-(WZ-Ts). (5.53)
seR i=1

Proof. Set S; = arg min,cp 9;(t). Then, each ridge ¥;(w? ) partitions R? into the three
(possibly empty) convex polytopes

o Qi ={seR!:wlse S}

e Ol = {secR:wls <infS;};

e Q) ={scR:wls>supS;}.
Based on these, we partition R? into finitely many polytopes of the form Ne_, Qﬁni, where

m; € {0,1,2}. The infimum of the objective in (5.53) must be attained in at least one of
these polytopes, say, P = _, ﬁnz

Now, we pick a minimizing sequence (si)reny C P. Let M be the matrix whose rows
are the rows of H and the w! with m; # 0. Due to the coercivity of || - ||2, we get
that Hsi remains bounded. As the ); are convex, they are coercive on the intervals
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T

(—o0,inf S;] and [sup S;, +00) and, hence, w; sj also remains bounded. Therefore, the

sequence (Msy)ren is bounded and we can drop to a convergent subsequence with limit
u € ran(M). The associated set

Q = {s e R?: Ms = u} = {M'u} + ker(M) (5.54)
is a closed polytope. It holds that

dist(sg, Q) = dist (MTMSk + Pker(M) (sk), Q>
< dist(M'Msy, Mfu) — 0 (5.55)
as k — +oo and, thus, that dist(P, Q) = 0. The distance of the closed polytopes P and

@ is 0 if and only if PN Q # 0 [243, Theorem 1]|. Note that ¢;(w]-) is constant on P if
m; = 0. Hence, any s € PN Q is a minimizer of (5.53). O

The proof of Proposition 5.5 directly exploits the properties of ridge functions. Whether
it is possible to extend the result to more complex or even generic convex regularizers is
not known to the authors. The assumption in Proposition 5.5 is rather weak as neither
the cost function nor the one-dimensional profiles v; need to be coercive. The existence
of a solution for Problem (5.46) is a key step towards the stability of the reconstruction
map in the measurement domain, which is given in Proposition 5.6.

Proposition 5.6. Let H € R™*? and ¢;: R = R, i =1,...,p, be convex, continuously
differentiable functions with arg min,cp ¢;(t) # 0. For any y1,y2 € R™ let

1 -
Sq € arg g;m §||Hs —yal3+ Z Vi(wl's) (5.56)
sE i=1

with ¢ = 1,2 be the corresponding reconstructions. Then,
[Hsi; — Hsa|l2 < [[y1 — y2ll2- (5.57)
Proof. Proposition 5.5 guarantees the existence of s,. Since the objective in (5.53) is
smooth, it holds that H” (Hs, — y,) + VR(s,) = 0. From this, we infer that
H'H(s; —s3) + (VR(s1) — VR(s2)) = HL (y1 — y2). (5.58)
Taking the inner product with (s; — s2) on both sides gives

|[Hs; — Hso||2 4 (s1 — s2)7 (VR(s1) — VR(s2))
=(H(s1 — 52))" (y1 — y2)- (5.59)

To conclude, we use the fact that the gradient of a convex map is monotone, i.e. (s; —
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s2)T(VR(s1) — VR(s2)) > 0, and apply the Cauchy-Schwarz inequality to estimate

(H(s1 —s2))" (y1 — y2) < |[Hs; — Hsol|[ly1 — ya2|. (5.60)
O

Expressivity of Profile Functions

The gradient-step NN T, - introduced in (5.52) is the key component of our training
procedure. Here, we investigate its expressivity depending on the choice of the activation
functions o; used to parametrize VRyg.

Let C’?’I(R) be the set of scalar Lipschitz-continuous and increasing functions on R, and
let LST'(R) be the subset of increasing linear splines with at most m knots. We also
define
0,1
£(RY) = {WTU(W-) . W e R, g; € P (R)} (5.61)

and, further, for any Q C R¢,

£(Q) = {ny . fe E(Rd)}. (5.62)

In the following, we set || f|c()
supseq [[ I (s)l-

supseq [[F(s)]| and [[fllc1e) = supsea [[F(s)]| +

The popular ReLLU activation function is Lipschitz-continuous and increasing. Unfortu-
nately, it comes with limited expressivity, as shown in Proposition 5.7.

Proposition 5.7. Let Q C R? be compact with a nonempty interior. Then, the set
{WTReLU(W —b): W e RP b e RP} (5.63)

is not dense with respect to || - [|c(q) in E(S2).

Proof. Since  has a nonempty interior, there exists v € R? with ||v|2 = 1, a € R, and
§ > 0 such that for I, : R — R? with I, () = tv, it holds that I, ((a — §,a+§)) C Q. Now,
we prove the statement by contradiction. If the set (5.63) is dense in £(€2), then the set

{(WV)TReLU(Wv —b): W e RP4 b e ]Rp}

P
:{Z w,-ReLU(wZ- . —bi): w;, b; € R} (5.64)
i=1

is dense in £((a — d,a + 0)). Note that all functions f in (5.63) can be rewritten in the

form
P1 P2

f(x) =) ReLU(wiz — b;) +» _(~ReLU(—thiz — b;)), (5.65)
=1 1=1
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where w;, w; € RT, b;, b; € R, and p; + p2 = p. Every summand in this decomposition is
an increasing function. For the continuous and increasing function

g:t— ReLU(t —a+6/2) — ReLU(t —a — §/2), (5.66)

the density implies that there exists f of the form (5.65) satisfying ||g — fllc((a=sa4s)) <
5/16. The fact that g(a + 6/2) = g(a + ¢) implies that (f(a+0) — f(a+6/2)) < 46/8. In
addition, it holds that

fla+0)— fla+4d/2)
> ;ReLU<wi(a +6) - bi) - ReLU(wi(a +6/2) - bZ-)

> > wila+d—a—0/2)

{i:b;<w;(a+6/2)}

{i:b;<w;(a+6/2)}
Hence, we conclude that 3 ¢ < ais/23 wi < 1/4. Similarly, we can show that
Z{i:i)i>wi(6/2—a)} w; < 1/4. Using these two estimates, we get that
7 1
< fla+6/2) = fla—4/2)

5
< ) D < —
< Z ow; + ) Z ow; < 5 (5.68)
{i:bi<w;(a+6/2)} {3:0;>w;(5/2—a)}
which yields a contradiction. Hence, the set (5.63) cannot be dense in £(12). O

Remark 5.1. Any increasing linear spline s with one knot is fully defined by the knot
position to and the slope on its two linear regions (s— and s4). This can be expressed as
s =u’ReLU(u(t —to)) with w = (,/51, —/5=). Hence, among one-knot spline activation
functions, the ReLU already achieves the mazimal representational power for CRR-NNs.
We infer that increasing PReLU and Leaky-ReL U induce the same limitations as the ReLU
when plugged into CRR-NNs.

In contrast, with Proposition 5.8, the set £(2) can be approximated using increasing
linear-spline activation functions.

Proposition 5.8. Let Q C R¢ be compact and m > 2. Then, the set
{WTU(W-): W e R g, ¢ cst)} (5.69)
is dense with respect to || - [|c(q) n E(Q).
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Proof. First, we consider the case d = 1. By rescaling and shifting, we can assume that
S C [0, 1] without loss of generality. Let f € C?’l([O, 1]), and ¢,, be the linear-spline
interpolator of f at locations 0,1/2",...,(1 —1/2"),1. Since f is increasing and ¢, is
piecewise linear, (,, is also increasing. Further, we get that

If = enlloqoay < max f(k/2") = f((k—1)/2"). (5.70)
ke{l,...,2n}
Continuous functions on compact sets are uniformly continuous, which directly implies
that || f — ¢nllc(o,1)) — 0. Now, we represent ¢, as a linear combination of increasing
linear splines with 2 knots

.
on(@) = F0) + Y arag (2" (k= 1), (5.71)
k=1

where ay,, = (f(k/2") — f((k —1)/2")) and g is given by

0, <0
glr)=qx, 0<z<l1 (5.72)

1, otherwise.

Finally, (5.71) can be recast as ¢, (7) = W2 o,(zwy,), where each o, ; is an increasing

linear spline with 2 knots and w € R?". This concludes the proof for d = 1.

Now, we extend this result to any d € N*. Let ®: RY — R? be given by s — W7o (Ws)
with components o; € C?(R). Let S; = {wls: s € Q}, where w; € R? is the ith row of
W. Using the result for d = 1, each o; can be approximated in C(S;) by a sequence
of functions (u£7i<pn(un7i-))n€N, where ¢, has components ¢, ; € ES%(R) and u,; are
vectors with a size that does not dependend on i. Further, the u,; can be chosen such
that the jth component is only nonzero for a single i. Let U, be the matrix whose
columns are u, ;. Then, we directly have that

lim max
n—o0se{yeRdy;€5;}

U, (Ups) — U(S)H2 —0. (5.73)

Hence, the sequence of functions ((U, W)T¢,, (U, W:)),en converges to ® in C(£2). This
concludes the proof. O

In the end, Propositions 5.7 and 5.8 imply that using linear-spline activation functions
instead of the ReLU for the o; enables us to approximate more convex regularizers Rg.

Corollary 5.1. Let Q C R be convexr and compact with a nonempty interior. Then, the
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reqularizers of the form (5.47) with Jacobians of the form (5.69) are dense in

p
{Z%(wf s) 1 € CHY(R) conver, w; € Rd} (5.74)
i=1
with respect to || - ||c1(q). The density does not hold if we only consider regularizers with

Jacobians of the form (5.63).

Proof. Let R be in (5.74). Consequently, its Jacobian is in £(€2). Due to Proposition 5.7,
the regularizers with Jacobians of the form (5.63) cannot be dense with respect to [|-[|c1(q)-
Meanwhile, by Proposition 5.8, we can choose sy € €2 and corresponding regularizers R, of
the form (5.47) with Jg, € (5.69), |Jr, — Jrllc@) — 0 asn — oo, and Ry(so) = R(so).
Now, the mean-value theorem readily implies that ||R, — R|c1q) = 0asn —oo. [

Motivated by these results, we propose to parameterize the o; with learnable linear-spline
activation functions. This results in profiles v; that are splines of degree 2, being piecewise

polynomials of degree 2 with continuous derivatives.

5.3.4 Implementation

Training a Multi-Gradient-Step Denoiser

M

m—1 be their noisy

Let {s™}M_, be a set of clean images and let {y™}}_, = {s™ + n™
versions, where n" is the noise realisation. Given a loss function £, the natural procedure

to learn the parameters of Rg based on (5.48) is to solve

M
07,7, € argmin Z E(ngema(ym), Sm> (5.75)
]

for the limiting case t = co and an admissible stepsize a.. Here, T7t€9,T, ., denotes the t-fold
composition of the gradient-step NN given in (5.52). In principle, one can optimize the
training problem (5.75) with ¢ = co. This forms a bilevel optimization problem that can
be handled with implicit differentiation techniques [234, 244-246]. However, it turns out
that it is unnecessary to fully compute the fixed-point T%; . o(¥™) to learn Rg in our
constrained setting. Instead, we approximate Tﬁ‘; o (y™) in a finite number of steps.
This specifies the t-step denoiser NN Ton,T, o» Which is trained such that

Thyra(y™) 8™ (5.76)

for m =1,..., M. This corresponds to a partial minimization of (5.48) with initial guess
y™ or, equivalently, as the unfolding of the gradient-descent algorithm for ¢ iterations with
shared parameters across iterations [47, 247|. For small ¢, this yields a fast-to-evaluate
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denoiser. Since it is not necessarily a proximal operator, its interpretability is, however,
limited.

Once the gradient-step NN is trained, we can plug the corresponding Ry into (5.48),
and fully solve the optimization problem. This yields an interpretable proximal denoiser.
In practice, turning a t-step denoiser into a proximal one requires the adjustment of 7
and the addition of a scaling parameter, as described in Section 5.3.4. Our numerical
experiments in Section 5.3.6 indicate that the number of steps t used for training the
multi-gradient-step denoiser has little influence on the test performances of both the t-step
and proximal denoisers. Hence, training the model within a few minutes is possible. Note
that our method bears some resemblance with the variational networks (VN) proposed
in [240], but there are some fundamental differences. While the model used in [240]
also involves a sum of convex ridges with learnable profiles, these are parameterized by
radial-basis functions and only the last step of the gradient descent is included in the
forward pass. The authors of [240] observed that an increase in ¢ deters the denoising
performances, which is not the case for our architecture. More differences are outlined in
Section 5.3.4.

Implementation of the Constraints

Our learning of the t-step denoiser is constrained as follows.

1. The activation functions o; must be increasing (convexity constraint on ;).
2. The activation functions o; must take the value 0 somewhere (existence constraint).

3. The stepsize in (5.52) should satisfy a € (0,2/(1 + 7Lg)) (convergent gradient-
descent).

Since the methods to enforce these constraints can have a major impact on the final

performance, they must be designed carefully.
1. Monotonic Splines

Here, we address Constraints (i) and (ii) simultaneously. Similar to our previous contri-
butions in Sections 5.1 and 5.2, we use learnable linear splines o.i: R — R with (M + 1)
uniform knots v, = (m — M/2)A, m = 0,..., M, where A is the spacing of the knots.
For simplicity, we assume that M is even. The learnable parameter ¢’ = (cfﬂ)%[zo e RM+1
defines the value og:i(vy,) = ¢, of o at the knots. To fully characterize o4, we extend
it by the constant value ¢ on (—oo, 1] and ¢4, on [vas, +oc). This choice results in a
linear extension for the corresponding indefinite integrals that appear for the regularizer
Re in (5.48). Further details on the implementation of learnable linear splines can be
found in Appendix 5.4.2.
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Let D € RMX(M+1) he the one-dimensional finite-difference matrix with (Dc?),, =

Cin—i—l —c form=0,...,(M —1). As o is piecewise-linear, it holds that
0,i is increasing < Dc' > 0. (5.77)

In order to optimize over {o.: Dc > 0}, we reparameterize the linear splines as OPeux(ci)s
where

Pevx(-) = CDTReLU(D - (5.78)

is a nonlinear projection operator onto the feasible set. There, D denotes the Moore-
Penrose inverse of D and C = (Idp/41 — 1M+1e;‘f/[/2+1) shifts the output such that the
(M/2 + 1)th element is zero. In effect, this projection simply preserves the nonnegative
finite differences between entries in ¢’ and sets the negative ones to zero. As the
associated profiles 1; are convex and satisfy ¢(0) = 0;(0) = 0, Proposition 5.5 guarantees
the existence of a solution for Problem (5.46).

The proposed parameterization op_,,(c,) of the splines has the advantage to use uncon-
strained trainable parameters c;. The gradient of the objective in (5.75) with respect to
c; directly takes into account the constraint via P.,x. This approach differs significantly
from the more standard projected gradient descent—as done in [240] to learn convex
profiles—where the ¢; would be projected onto {c;: Dc; > 0} after each gradient step.
While the latter routine is efficient for convex problems, we found it to perform poorly
for the non-convex problem (5.75). For an efficient forward and backward pass with
auto-differentiation, P¢yy 18 implemented with the cumsum function instead of an explicit
construction of the matrix D, and the computational overhead is very small.

2. Sparsity-Promoting Regularization

The use of learnable activation functions can lead to overfitting and can weaken the
generalizability to arbitrary operators H. Hence, the training procedure ought to promote
simple linear splines. Here, it is natural to promote the better-performing splines with the
fewest knots. This is achieved by penalizing the second-order total variation ||LP¢yx(c;)1

M—-1)x(M+1)

of each spline op__(c;), where L € R( is the second-order finite-difference

matrix. The final training loss then reads

M p

> £(Thyral™),s™) + A TP (e, (5.79)
m=1 i=1

where A € R allows one to tune the strength of the regularization.

3. Convergent Gradient Steps

Constraint (iii) guarantees that the t-fold composition of the gradient-step NN Tf%em o
computes the actual minimizer of (5.48) for ¢ — oco. Therefore, it should be enforced in
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any sensible training method. In addition, it brings stability to the training. To fully
exploit the model capacity, even for small £, we need a precise upper-bound for Lip(VRy).
The estimate that we provide in Proposition 5.9 is sharper than the classical bound
derived from the sub-multiplicativity of the Lipschitz constant for compositional models.
It is easily computable as well.

Proposition 5.9. Let Lg denote the Lipschitz constant of VRg(s) = WX o (Ws) with

W e RP*? gnd g; € C$71(R). With the notation X = diag(||o}[loc, - - - [|oplleo) it holds
that
Lo < [WIS W = [|VE W2, (5.80)

which is tighter than the naive bound

Lo < Lo ||W|2. (5.81)

Proof. The bound (5.81) is a standard result for compositional models. Next, we note
that the Hessian of Rg reads

Hg,(s) = WIS (Ws)W, (5.82)

where X(z) = diag(oq(21),...,0,(2p)). Further, it holds that Ly < supgcga [Hr,(s)||-
Since the functions o; are increasing, we have for every s € RP that ¥, — 3(Ws) = 0

and, consequently,
wT (zoo - E(Ws))W > 0. (5.83)

Using the Courant-Fischer theorem, we now infer that the largest eigenvalue of W73, W
is greater than that of WS (Ws)W. O

The bounds (5.80) and (5.81)are in agreement when the activation functions are identical,
which is typically not the case in our framework. For the 14 NNs trained in Section 5.3.6,
we found that the improved bound (5.80) was on average 3.2 times smaller than (5.81). As
(5.80) depends on the parameters of the model, it is critical to embed the computation into
the forward pass. Otherwise, the training gets unstable. This is done by first estimating
the normalized eigenvector u corresponding to the largest eigenvalue of W3 W via
the power-iteration method in a non-differentiable way, for instance under the torch.no_-
grad() context-manager. Then, we directly plug the estimate Lg ~ [|[WT X, Wul in
our model and hence embed it in the forward pass. This approach is inspired by the
spectral-normalization technique proposed in [211], which is a popular and efficient way
to enforce Lipschitz constraints on fully connected linear layers. Note that a similar
simplification is also proposed and studied in the context of deep equilibrium models [248].
In practice, the estimate u is stored so that it can be used as a warm start for the next
computation of Lg.
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From Gradients to Potentials

To recover the regularizer R from its gradient V'R, one has to determine the profiles v,
which satisfy ¢} = Op..x(ci)- Hence, each 1; is a piecewise polynomial of degree 2 with
continuous derivatives, i.e. a spline of degree two. These can be expressed as a weighted
sum of shifts of the rescaled causal B-spline of degree 2 [249|, more precisely as

V=Y diBt (T) . (5.84)

kEZ

To determine the coefficients (d )xez, we use the fact that (62) (k) = (61,5 —02), where §
is the Kronecker delta, see [249] for details. Hence, we obtain that di, —di ;| = (Peyx(c)),
which defines (d}c) kez up to a constant. This constant can be set arbitrarily as it does not
affect VR. Due to the finite support of ﬁ_%_, one can efficiently evaluate 1; and then R.

Boosting the Universality of the Regularizer

The learnt Rg depends on the training task (denoising) and on the noise level. To solve
a generic inverse problem, in addition to the regularization strength 7, we propose to
incorporate a tunable scaling parameter © € R™ and to compute

argmin%HHs —y|I3 +7/uRe(us). (5.85)
s€R4

While the scaling parameter is irrelevant for homogeneous regularizers such as the
Tikhonov and TV, it is known to boost the performance within the PnP framework when
applied to the input of the denoiser [250]. During the training of ¢-step denoisers, we
also learn a scaling parameter p by letting the gradient step NN (5.50) become

TRy rpa(s) =s— a((s -y)+ TVRg(,us)), (5.86)

with now a < 2/(1 + TuLip(VRg)).

Reconstruction Algorithm

The objective in (5.85) is smooth with Lipschitz-continuous gradients. Hence, a recon-
struction can be computed through gradient-based methods. We found the fast iterative
shrinkage-thresholding algorithm (FISTA, Algorithm 3) to be well-suited to the problem
while it also allows us to enforce the positivity of the reconstruction. Other efficient
algorithms for CRR-NNs include the adaptive gradient descent (AdGD) [251] and its
proximal extension [252]; both benefit from a stepsize based on an estimate of the local
Lipschitz constant of V'R instead of a more conservative global one.
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Algorithm 3 FISTA 23] to solve (5.85)
Input: s e R, y e R™, 7>0, u>0
Set k=0, zg = sp, o = 1/(urLip(VR) + |H|]?), to = 1
while tolerance not reached do
sky1 = (zv — «(H  (Hzy, — y) + TV R(uz)))+
thr1 = (14 /482 +1)/2

Zj+1 = Sk+1 + %(Skﬂ — sg)
k+—k+1

end while

Output: sg

Table 5.14: Properties of different regularization frameworks.

Explicit Provably = Universal Shallow Smooth

cost convergent reg.
TV 4 4 v v X
ACR v 4 X X X
DnICNN 4 4 4 X v
PnP-BCNN X 4 v X -
PnP-DnCNN X X v X -
CRR-NN 4 4 v 4 v

5.3.5 Connections to Deep-Learning Approaches

Our proposed CRR-NNs have a single nonlinear layer, which is rather unusual in an the
era of deep learning. To further explore their theoretical properties, we briefly discuss
two successful deep-learning methods, namely, the PnP and the explicit design of convex
regularizers, and state their most stable and interpretable versions. This will clarify
the notions of strict convergence, interpretability, and universality. All the established
comparisons are synthesized in Table 5.14.

Plug-and-Play and Averaged Denoisers
1. Convergent Plug-and-Play

The training procedure proposed for CRR-NNs leads to a convex regularizer Rg, whose
proximal operator (5.48) is a good denoiser. Conversely, the proximal operator can be
replaced by a powerful denoiser D in proximal algorithms, which is referred to as PnP.
In the PnP-FBS algorithm derived from (5.46) [23, 87|, the reconstruction is carried out
iteratively via
_ T
Skt+1 = D(Sk —oH" (Hs — Y)>7 (5.87)
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X1+ € Xo + €3

-

Figure 5.15: The distance between the two noisy images (x1 + €1) and (x2 + €2) can be
smaller than that between their clean versions x; and xs. This limits the performance of a
nonexpansive denoiser D since [|[D(x1+€1)—D(x2+€2)|| < ||x1+e€1—(x2+€2)|| < [|x1—X2||
in the scenario depicted.

where « is the stepsize and D: R? — R? is a generic denoiser. As mentioned in Section
5.2, a standard set of sufficient conditions'® to guarantee convergence of the iterations
(5.87) is that

1. D is averaged, namely D = SN + (1 — 8)Id where 8 € (0,1) and N: R” — R" is a

nonexpansive mapping;
2. a € [0,2/|[H|);

3. the update operator in (5.87) has a fixed point.

In general, Condition (i) is not sufficient to ensure that D is the proximal operator of
some convex regularizer R. Hence, its interpretability is still limited. Further, Condition
(ii) implies that s — (s —aH”(Hs — y)) is averaged. Hence, as averagedness is preserved
through composition, the iterates are updated by the application of an averaged operator
(see [55] for details). With Condition (iii), the convergence of the iterations (5.87) follows
from Opial’s convergence theorem. Beyond convergence, it is known that averaged
denoisers with 5 < 1/2 yield a stable reconstruction map in the measurement domain
(see Section 5.2.2), in the same sense as given in Proposition 5.6 for CRR-NNs.

2. Constraint vs Performance

As discussed in |66, 201], the performance of the denoiser D is in direct competition
with its averagedness. A simple illustration of this issue is provided in Figure 5.15.
Unsurprisingly, Condition (i) is not met by any learnt state-of-the-art denoiser, and it is
usually also relaxed in the PnP literature.

For instance, it is common to use non-1-Lipschitz learning modules, such as batch
normalization [57], or to only constrain the residual (Id — D) to be nonexpansive, which
enables one to train a nonexpansive NN in a residual way [55, 57, 253|, with the caveat
that Lip(D) can be as large as 2. Another recent approach consists of penalizing during
training either the norm of the Jacobian of D at a finite set of locations [66, 254] or of
another local estimate of the Lipschitz constant [246, 255]. Interestingly, even slightly
relaxed frameworks usually yield significant improvements in the reconstruction quality.

5Here, H can be noninvertible; otherwise, weaker conditions exist [57].
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However, they do not provide convergence guarantees for ill-posed inverse problems, which
is problematic for sensitive applications such as biomedical imaging.

3. Averaged Deep NNs

To leverage the success of deep learning, N is typically chosen as a deep CNN of the

form?16

N=Cgoogo---0Cro00Cy, (5.88)

where Cj, are learnable convolutional layers and o is the activation function [57, 211].
To meet Condition (i), N must be nonexpansive, which one usually achieves by con-
straining Cj and o to be nonexpansive. This is predicated on the sub-multiplicativity
of the Lipschitz constant with respect to composition; as in Lip(f o g) < Lip(f)Lip(g).
Unfortunately, this bound is not sharp and may grossly overestimate Lip(f o g). For deep
models, this overestimation aggravates since the bound is used sequentially. Therefore, for
averaged NNs, the benefit of depth is unclear because the gain of expressivity brought by
the many layers is reduced by a potentially very pessimistic Lipschitz-constant estimate.
Put differently, these CNNs can easily learn the zero function while they struggle to
generate mappings with a Lipschitz constant close to one. For the same reason, the
learning process is also prone to vanishing gradients in this constrained setting. Under
Lipschitz constraints, the zero-gradient region of the popular ReLLU activation function
causes provable limitations [212, 214, 256]. As we saw in Section 5.2, some of these can
be resolved by the use of 1-Lipschitz learnable linear spline activation functions instead.

In this work, CRR-NNs are compared against two variants of PnP.

e PnP-DnCNN corresponds to the popular implementation given in [57|. The
denoiser is a DnCNN with 1-Lipschitz linear layers (the constraints are therefore
enforced on the residual map only) and unconstrained batch-normalization modules.
Hence this method has no convergence and stability guarantees, especially for
ill-posed inverse problems.

e PnP-BCNN corresponds to PnP equipped with a provably averaged denoiser (the
methods we saw in Section 5.2). This method comes with similar guarantees as
CRR-NNs but less interpretability. It is included to convey the message that the
standard way of enforcing Lipschitz constraints affects expressivity as reported for
instance in [257|. With that in mind, CRR-NNs provide a way to overcome this
limitation.

4. Construction of Averaged Denoisers from CRR-NNs

The training of CRR-NNs offers two ways to build averaged denoisers. Since proximal

18The benefit of standard skip connections combined with the preservation of the nonexpansiveness of
the NN is unclear.
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operators are half-averaged, we directly get that the proximal denoiser (5.48) is an
averaged operator. For the t-step denoiser, the following holds.

Proposition 5.10. The t-step denoiser (5.76) is averaged for a € [0,2/(2 4 7Lg)] with
Lo = Lip(VRy).

Proof. The t-step denoiser is built from the gradient-step operator T, - . Here, we use
the more explicit notation

T(s,y) =s—a((s—y)+7VRe(s)). (5.89)

This makes explicit the dependence on y and, for simplicity, the dependence on Ry, 7, and
a are omitted. It is known that T is averaged with respect to s for a € (0,2/(1 + 7Lg)).
This ensures convergence of gradient descent, but it does not characterize the denoiser itself.
The t-step denoiser depends on the initial value s; = y and is determined by the recurrence
relation si11 = T'(sg,y). For the map Ly:y — sy, it holds that Ly = U o Ly + ald,
where U = Id — a(Id + 7V Rg). The Jacobian of U reads Jy =1 — a(I+ 7Hg,) and
satisfies that ((1 — ) —atLg)l < Jy < (1 — «)I. From this, we infer that

Lip(U) < max(om-Lg —(1-a),1- a). (5.90)

Since o < 2/(2 4+ 7Lg), we then get that Lip(U) < (1 — «). Hence, Lip(U o L) <
(1 — a)Lip(Ly). Since Lo = Id is averaged, the same holds by induction for all the ¢-step
denoisers L;. O

Note that for o € (2/(2+7Lg),2/(1+7Lg)), the 1-step denoiser is also averaged but, for
1 <t < 400, it remains an open question. The structure of t-step and proximal denoisers
differs radically from averaged CNNs as in (5.88). For instance, the ¢t-step denoiser uses the
noisy input y in each layer. Remarkably, these skip connections preserve the averagedness
of the mapping. While constrained deep CNNs struggle to learn mappings that are not
too contractive, both proximal and t-step denoisers can easily reproduce the identity by
choosing Rg = 0. This seems key to account for the fact that the proposed denoisers
outperform averaged deep NNs, while they can be trained two orders of magnitude faster,
see Section 5.3.6.

Deep Convex Regularizers

Another approach to leverage deep-learning-based priors with stability and convergence
guarantees consists of learning a deep convex regularizer R. These priors are typically
parameterized with an ICNN, which is a NN with increasing and convex activation
functions along with positive weights for some linear layers [258]. There exist various
strategies to train the ICNN.
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The adversarial convex regularizer (ACR) framework [231, 259 relies on the adversarial
training proposed in [236]. The regularizer is learnt by minimizing its value on clean
images and maximizing its value on unregularized reconstructions. This allows for learning
non-smooth R and also avoids bilevel optimization. A key difference with CRR-NNs and
PnP methods is that ACR is modality-depend (it is not universal). In addition, with
R being non-smooth, it is challenging to exactly minimize the cost function, but the
authors of [231, 259] did not find any practical issues in that matter using gradient-based
solvers. To boost the performance of R, they also added a sparsifying filter bank to the
ICNN, namely, a convex term of the form ||Us||;, where the linear operator U is made of
convolutions learnt conjointly with the ICNN.

In [64], the regularizer is trained so that its gradient step is a good blind Gaussian denoiser.
There, the authors use ELU activations in the ICNN'7 to obtain a smooth R.

The aforementioned ICNN-based frameworks [64, 231, 259] have major differences with
CRR-NNs: (i) they typically require orders of magnitude more parameters; (ii) the
computation of VR, used to solve inverse problems, requires one to back-propagate
through the deep CNN which is time-consuming; (iii) the role of each parameter is not
interpretable because of the depth of the model (see Section 5.3.6). As we shall see,
CRR-NNs are much faster to train and tend to perform better (see Section 5.3.6).

5.3.6 Experimental Results
Training of CRR-NNs

The CRR-NNs are trained on a Gaussian-denoising task with noise levels o € {5/255,25/255}.
The same procedure as in [57, 154] is used to form 238,400 patches of size (40 x 40) from
400 images of the BSD500 dataset [227|. For validation, the same 12 images as in [57, 154]
are used. The weights W in Rg are parameterized as the composition of two zero-padded
convolutions with kernels of size (7 x 7) and with 8 and 32 output channels, respectively.
This composition of two linear components, although not more expressive theoretically,
facilitates the patch-based training of CRR-NNs. For inference, the convolutional layer
can then be transformed back to a single convolution. Similar to [234], the kernels of the
convolutions are constrained to have zero mean. Lastly, the linear splines have M +1 = 21
equally distant knots with A = 0.01, and the sparsifying regularization parameter is
A =2 x 1073(2550). We initially set c; = 0.

The CRR-NNs are trained for 10 epochs with t € {1,2,5, 10, 20, 30,50} gradient steps.
For this purpose, the ¢; loss is used for £ along with the Adam optimizer with its default
parameters (f1, 82) = (0.9,0.999), and the batch size is set to 128. The learning rates are
decayed with rate 0.75 at each epoch and initially set to 0.05 for the parameters 7 and pu,

"The authors also explore non-convex regularization but they offer no guarantees on computing the
global minimum.
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Table 5.15: Convex models and averaged denoisers tested on BSD6S.

o =5/255 o =25/255

TV*+ [261] 36.41 27.48
Higher-order MRFs** [234] NA 28.04
VNLET[240] NA 27.69
BCNN, ¥ 36.86 27.93
Disrat [260] 36.54 NA
GS-DnICNNT[64] 36.85 27.76
D apnit[260] 36.62 NA
CRR-NN-ReLU (t-step)t? 35.50 26.75
CRR-NN (t-step)* 36.97 28.12
CRR-NN (proxirrlad)>"’i 36.96 28.11

* Full minimization of a convex function
t Partial minimization of a convex function

1 Stable steps (averaged layers)

to 1073 for W, and to 5 x 107 for c;.

Recall that for a given ¢, the training yields two denoisers.

e t-Step Denoiser: This corresponds to T7t29,7, ., and is the denoiser optimized during
training. It is natural to compare it to properly constrained PnP methods based on
averaged deep denoisers as in [157, 260|, which in general also do not correspond to
minimizing an energy.

e Proximal Denoiser: The learnt regularizer Ry is plugged into (5.85) with H =1,
and the solution is computed using Algorithm 3 with small tolerance (1076 for
the relative change of norm between consecutive iterates). The parameters 7 and
1 are tuned on the validation dataset with the coarse-to-fine method given in
Appendix 5.4.7. This important step enables us to compensate for the gap between
(i) gradient-step training and full minimization, and (ii) training and testing noise
levels, if different.

Denoising: Comparison with Other Methods

Although not the final goal, image denoising yields valuable insights into the training
of CRR-NNs. It also enables us to compare CRR-NNs to the related methods given in
Table 5.15 on the standard BSD68 test set.

Now, we briefly give the implementation details of the various frameworks. CRR-NN-
ReLU models are trained in the same way as CRR-NNs, but with ReLU activation
functions (with learnable biases) instead of linear splines. To emulate [64], we train
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Figure 5.16: Test denoising performance of CRR-NNs for noise level o = 5/255 and
o = 25/255 versus the number of gradient steps used for training, the denoiser type
(t-step vs proximal), and the noise level used for training.

a DnICNN with the same architecture (ELU activations, 6 layers, and 128 channels
per layer, 745344 parameters) as a gradient step denoiser for 200 epochs, separately
for o € {5/255,25/255}, and refer to it as GS-DnICNN. For the averaged deep CNN
denoiser BCNN,, = BN + (1 — 8)Id, we took N as the LLS network (with A = 107°) from
Section 5.2, trained as a denoiser separately for o € {5/255,25/255}, and we set 8 = 0.99.
The other reported frameworks do not provide public implementations. Therefore, the
numbers are taken from the corresponding papers. Lastly, the TV denoising is performed
with the algorithm proposed in [261]. The results for all models are presented in Table 5.15
and Figure 5.16.

e t-Step/Averaged Denoisers: The CRR-NN-ReLLU models perform poorly and
confirms that ReLU is not well-suited to our setting. This limitation of ReLU was
also observed in our experiments of Section 5.2 in the context of 1-Lipschitz denoisers.
Our models improve over the gradient-step denoisers parameterized with ICNNs,
even though the latter has many more parameters. The CRR-NN implementation
improves over the special instance VN of variational-network denoisers proposed
in [240], which also partially minimizes a convex cost. With a convex model similar
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to CRR-NNs (see Section 5.3.4 for a discussion), it is shown that an increase in
t decreases the performance (reported as VN3 in [240, Figure 5]). The model
VNV cannot compete with the proximal denoiser trained with bilevel optimization
in [234]. By contrast, for ¢ = 25/255 we obtain an improvement over VN of
0.2dB for ¢t = 1, and more than 0.6dB as ¢ increases. Note that, in [240], the layers
of the t-step VN denoiser are not guaranteed to be averaged. Our models also
outperform the averaged SCNN, (+0.1dB for ¢ =5, 40.2dB for ¢ = 25/255), and
the two averaged denoisers Digra and Dapyv [260] (40.4/4-0.3dB for o = 5/255).
In their simplest form, the latter are built with fixed linear layers (patch-based

wavelet transforms) and learnable soft-thresholding activation functions.

e Proximal Denoisers: Our models yield slight improvements over the higher-
order Markov random field (MRF) model in the pioneering work [234] (28.04dB vs
28.11dB for o = 25/255). With a similar architecture—but with fixed smoothed
absolute value v;—the latter approach involves a computationally intensive bilevel
optimization with second-order solvers. Here, we show that a few gradient steps
for training already suffice to be competitive. This leads to ultrafast training and
bridges the gap between higher-order MRF models and VN denoisers. Lastly, we
remark that our proximal denoisers are robust to a mismatch in the training and
testing noise levels.

Biomedical Image Reconstruction

The six CRR-NNs trained on denoising with ¢ € {1,10,50} and o € {5/255,25/255} are
now used to solve the MRI and CT reconstruction problems described in the experiments
of Section 5.2.

1. Reconstruction Frameworks

A reconstruction with isotropic TV regularization is computed with FISTA [23], in which
proxg is computed as in [26] to enforce positivity. We also consider reconstructions
obtained with the PnP method with (i) provably averaged denoisers SCNN, (o = 5,25);
and (ii) the popular pretained DnCNNs [57] (0 = 5,15,40). The latter are residual
denoisers with 1-Lipschitz convolutional layers and batch normalization modules, which
yield a non-averaged denoiser with no convergence guarantees for ill-posed problems. To
adapt the strength of the denoisers, in addition to the training noise level, we use relaxed
denoisers D, = yD + (1 — 7)Id for all denoisers D, where v € (0,1] is tuned along with
the stepsize « given in (5.87). We only report the performance of the best-performing
setting. The ACR framework [231, 259] yields a convex regularizer for (5.46) that is
specifically designed to the described CT problem. To be consistent with [231, 259], we
apply 400 iterations of gradient descent, even though the objective is nonsmooth, and
tune the stepsize and 7. The results are consistent with those reported in [231, 259].
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Table 5.16: Single-coil MRI.

2-fold 4-fold
PSNR SSIM PSNR SSIM
PD PDFS PD PDFS PD PDFS PD PDFS
Zero-fill 33.32 34.49 0.871 0.872 27.40 29.68 0.729 0.745
TV 39.22 37.73 0.947 0.917 32.44 32.67 0.833 0.781
PnP-GCNN 40.06 38.63 0.955 0.931 32.81 33.04 0.859 0.817
CRR-NN 40.95 38.91 0.961 0.934 33.99 33.75 0.880 0.831

PnP-DnCNN [57] 40.52 39.02 0.956 0.935 35.24 34.63 0.884 0.840

Table 5.17: CRR-NN: Single-coil MRI versus training setup.

2-fold 4-fold
PSNR SSIM PSNR SSIM
image ouan t PD PDFS PD PDFS PD PDFS PD PDEFS

BSD 5/255 1 40.55 38.71 0.959 0.932 33.32 33.37 0.866 0.819
BSD  5/255 10 40.52 38.69 0.959 0.932 33.30 33.36 0.865 0.817
BSD  5/255 50 40.50 38.67 0.958 0.931 33.29 33.32 0.865 0.816
BSD 25/255 1 40.75 38.84 0.960 0.934 33.62 33.60 0.875 0.828
BSD 25/255 10 40.78 38.81 0.960 0.933 33.63 33.59 0.875 0.826
BSD 25/255 50 40.71 38.77 0.960 0.932 33.57 33.54 0.872 0.824
MRI  5/255 10 40.95 38.91 0.961 0.934 33.99 33.75 0.880 0.831
MRI 25/255 10 40.61 38.73 0.959 0.932 33.93 33.71 0.878 0.830

To assess the dependence of CRR-NNs on the image domain, we also train models for
Gaussian denoising of CT and MRI images (¢t = 10, o € {5/255,25/255}). The training
procedure is the same as for BSD image denoising, but a larger kernel size of 11 was
required to saturate the performance.

The hyperparameters for all these methods are tuned to maximize the average PSNR
over the validation set with the coarse-to-fine method given in Appendix 5.4.7.

2. Results and Discussion For each modality, a reconstruction example is given
for each framework in Figures 5.17 and 5.18. The PSNR and SSIM values for the test
set given in Tables 5.16, 5.18, and 5.20 attest that CRR-NNs consistently outperform
the other frameworks with comparable guarantees. It can be seen from Tables 5.17,
5.19, and 5.21 that the improvements hold for all setups explored to trained CRR-NNs.
The training of CRR-NNs on the target image domain allows for an additional small
performance boost. The performances of CRR-NNs are close to the ones of PuP-DnCNN,
which has however no guarantees and little interpretability. PnP-DnCNN typically yields
artifact-free reconstructions but is more prone to over-smoothing (Figure 5.17) Lastly,
observe that the properly constrained PnP-SCNN is not always better than TV. This
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Table 5.18: Multi-coil MRI.

4-fold 8-fold
PSNR SSIM PSNR SSIM
PD PDFS PD PDFS PD PDFS PD PDFS
HTy 27.71 29.94 0.751 0.759 23.80 27.19 0.648 0.681
vV 38.06 37.31 0.935 0.914 32.77 33.38 0.850 0.824
PnP-SCNN 38.68 37.96 0.943 0.924 32.75 33.61 0.859 0.835
CRR-NN 39.54 38.29 0.950 0.927 34.29 34.50 0.881 0.852

PnP-DnCNN [57] 39.55 38.52 0.947 0.929 35.11 35.14 0.881 0.858

Table 5.19: CRR-NN: Multi-coil MRI versus training setup.

4-fold 8-fold
PSNR SSIM PSNR SSIM
image ouain t PD PDFS PD PDFS PD PDFS PD PDFS

BSD 5/255 1 39.15 38.09 0.947 0.925 33.82 34.22 0.873 0.846
BSD  5/255 10 39.14 38.08 0.946 0.925 33.82 34.20 0.873 0.845
BSD  5/255 50 39.14 38.05 0.946 0.924 33.78 34.16 0.872 0.844
BSD 25/255 1 39.34 38.21 0.948 0.926 34.02 34.35 0.876 0.849
BSD 25/255 10 39.33 38.19 0.948 0.926 34.01 34.34 0.876 0.848
BSD 25/255 50 39.29 38.15 0.948 0.926 33.96 34.29 0.876 0.847
MRI  5/255 10 39.54 38.29 0.950 0.927 34.29 34.50 0.881 0.852
MRI 25/255 10 39.33 38.14 0.947 0.925 34.22 34.40 0.878 0.849

Table 5.20: CT.

on=0.5 on—1 on=2
PSNR SSIM PSNR SSIM PSNR SSIM
FBP 32.14 0.697 27.05 0.432 21.29 0.204
TV 36.38 0.936 34.11 0.906 31.57 0.863
PnP-GCNN 38.19 0.931 35.15 0.897 31.85 0.844
ACR [231, 259 38.06 0.943 35.12 0.911 32.17 0.868
CRR-NN 39.30 0.947 36.29 0.916 33.16 0.878

PnP-DnCNN [57] 38.93 0.941 36.49 0.921 33.52 0.897
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Table 5.21: CRR-NN: CT versus training setup.

on=0.5 on=1 on=2

image ogain t PSNR SSIM PSNR SSIM PSNR SSIM

BSD 5/255 1 38.84 0.943 35.70 0.907 32.48 0.860
BSD  5/255 10 38.90 0.943 35.73 0.908 32.49 0.860
BSD  5/255 50 38.82 0.940 35.64 0.904 32.47 0.855
BSD 25/255 1 39.01 0.945 35.91 0.913 32.72 0.867
BSD 25/255 10 39.07 0.945 35.95 0.911 32.71 0.867
BSD 25/255 50 39.04 0.944 35.89 0.912 32.71 0.860
CT 5/255 10 39.30 0.947 36.29 0.916 33.15 0.873
CT  25/255 10 38.89 0.945 36.11 0.917 33.16 0.878

confirms the difficulty of training provably 1-Lipchitz CNN, which is also reported for
MRI image reconstruction in [257].

Under the Hood of the Learnt Regularizers

The filters and activation functions for learnt CRR-NNs with o € {5/255,25/255} and
t = 5 are shown in Figures 5.19 and 5.20.

1. Filters

The impulse responses of the filters vary in orientation and frequency response. This
indicates that the CRR-NN decouples the frequency components of patches. The learnt
kernels typically come in groups that are reminiscent of 2D steerable filters [262, 263].
Interestingly, their support is wider when the denoising task is carried out for o = 25/255
than for o = 5/255.

2. Activation Functions

The linear splines converge to simple functions throughout the training. The regulariza-
tion (5.79) leads to even simpler ones without a compromise in performance. Most of
them end up with 3 linear regions, with their shape being reminiscent of the clipping
function Clip(z) = sign(x) min(|z|, 1). The learnt regularizer is closely related to ¢;-norm
based regularization as many of the learnt convex profiles 1; resemble some smoothed
version of the absolute-value function.

3. Pruning CRR-NNs

Since the NN has a simple architecture, it can be efficiently pruned before inference by
removal of the filters associated with almost-vanishing activation functions. This yields
models with typically between 3000 and 5000 parameters and offers a clear advantage
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Figure 5.17: Reconstructed images for the 4-fold accelerated multi-coil MRI experiment.
The reported metrics are PSNR and SSIM. The last row shows the squared differences
between the reconstructions and the ground-truth image.

over deep models, which can usually not be pruned efficiently.
4. A Signal-Processing Interpretation

Given that the gradient-step operator s + (s — W7 a(Ws)) of the learnt regularizer is
expected to remove some noise from s, the 1-hidden-layer CNN W7o (W) is expected
to extract noise. The response of s to the learnt filters forms the high-dimensional
representation Ws of s. The clipping function preserves the small responses to the filters,
while it cuts the large ones. Hence, the estimated noise W7 a(Ws) is reconstructed by
essentially removing the components of s that exhibit a significant correlation with the
kernels of the filters. All in all, the learning of the activation functions leads closely to
wavelet- or framelet-like denoising. Indeed, the proximal operator of x — ||[DWT(s)||; is
given by

Prox|pwr(.)|, () = IDWT(soft(DWT(s)))
=s — IDWT(clip(DWT(s))), (5.91)

where soft(-) is the soft-thresholding function, DWT and IDWT are the orthogonal
discrete wavelet transform and its inverse, respectively. The equivalent formulation with
the clipping function follows from IDWT(DWT(s)) = s and soft(s) = (s — clip(s)). The
soft-thresholding function is used for direct denoising while the clipping function is tailored
to residual denoising. Note that the given analogy is, however, limited since the learnt
filters are not orthonormal (WW # I).

5. Role of the Scaling Factor
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Figure 5.18: Reconstructed images for the CT experiment with o, = 0.5. The reported
metrics are PSNR and SSIM. The last row shows the squared differences between the
reconstructions and the ground-truth image.

To clarify the role of the scaling factor p introduced in (5.85), we investigate a toy problem
on the space of one-dimensional signals. Since these can be interpreted as images varying
along a single direction, a signal regularizer R can be obtained from Rg by replacing
the 2D convolutional filters with 1D convolutional filters whose kernels are the ones of
Reg summed along a direction. Next, we seek a compactly supported signal with fixed
mass that has minimum regularization cost, as in

. _ 17c=1,
¢ =argminR;(uc) s.t. (5.92)
ceRd c, =0, vk ¢ []{71, kg].

The solutions for various values of p are shown in Figure 5.21. Small values of y promote
smooth functions in a way reminiscent of the Tikhonov regularizer applied to finite
differences. Large values of p promote functions with constant portions and, conjointly,
allows for sharp jumps, which is reminiscent of the TV regularizer. This reasoning is in
agreement with the shape of the activation functions shown in Figures 5.19 and 5.20.
Indeed, an increase in @ allows one to enlarge the region where the regularizer has constant
gradients, while a decrease of y allows one to enlarge the region where the regularizer has
linear gradients.

5.3.7 Summary

We have proposed a framework to learn universal convex-ridge regularizers with adaptive
profiles (implemented using learnable linear spline activation functions). When applied
to inverse problems, it is competitive with those recent deep-learning approaches that
also prioritize the reliability of the method. Not only CRR-NNs are faster to train, but
they also offer improvements in image quality.
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l

Figure 5.19: Impulse response of the filters and activation functions of the CRR-NN
trained with o = 5. The crosses indicate the knots of the splines. For the 8 missing filters,
the associated activation functions were numerically identically zero.
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Figure 5.20: Impulse response of the filters and activation functions of the CRR-NN
trained with o = 25/255.
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pt

0 25 50 75 100 125 150 175 200

Figure 5.21: Solutions of the one-dimensional problem (5.92) for increasing values of p.
The plotted functions are supported in [25,175] and minimize the learnt regularizer given
a unit sum of their values.
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5.4 Appendix

5.4.1 Second-Order Total Variation

In this section, we briefly explain the notion of second-order total variation and provide
the definition of the corresponding native space BV (R). We refer to [164] for more
details.

The second-order total-variation seminorm of a function f : R — R is defined as
TV (f) = [D*fllm, (5.93)

where D is the (weak) derivative operator and the total-variation norm || - ||z is defined
over the Banach space M(R) of bounded Radon measures as

lwlam = sup  (w, ),

PES(R): [lplloo=1
where S(R) is Schwartz’ space of smooth and rapidly decaying test functions. The space
M(R) is a generalization of the space L;(R) of absolutely integrable functions, in the
sense that L1 (R) € M(R) and, for any f € L;(R), the two norms satisfy || f||r, = || fl|m-
The generalized space M(R) is, however, larger than L;(R) as it contains the set of all
shifted Dirac impulses §(- — 7) with ||0(- — 7)||p = 1 for any 7 € R. In particular, this
implies that

ws = alklé(- — ;) € M(R) and fuwslag = ‘a[k]’

kEZ keZ

for any absolutely summable sequence a[-] € £1(Z). Likewise, since D?{(-—7)+} = 6(-—7%)
(Green’s function property), one readily deduces that TV (c) = ||al|s, for the generic
spline activation function defined by (5.8).

Finally, the native space BV (R) is the space of functions with second-order bounded

variation

BVA(R) = {f:R > R: TVA(f) < 00}

5.4.2 Learnable Spline Activation Function Module

In this section, we describe our implementation of the B-spline formulation of the learnable
linear-spline activation functions. We also detail our sparsification procedure which is a
postprocessing step during training; the intent is to control the number of active knots in

the network.
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Figure 5.22: The left and right linear extrapolations beyond [—3, 3] of the activation
function are computed with the help of two extra B-splines on each side.

B-Spline Formulation

We place a highly redundant set of knots (for the linear spline) on a finite uniform grid
of size T'. The cardinality of this set of knots is K, with K odd. We define the indices
kmin = —(K — 1)/2 and kpax = (K — 1)/2. The spline we want to build will extend
linearly outside the interval [kpyinT, kmax?| and can be represented in the gridded ReL.U
basis as

kmax

o(xz) =bo+ bz + Z ar(x — kT) 4, (5.94)
k=kmin

with TV® (o) = ||al;.

Here, we represent ¢ in a B-spline basis as

ckmin + %(Ckmin - ckmin_l)(‘r - kminT)7 T € (_007 kminT)
kmax+1
o-(gj) = Z CkQOT(LL“ — I{ZT), T € [kjminT, kmaXT] (5.95)
k=kmin—1

ckmax + %(ck’max+1 - ckmax)(x - kmaXT)7 WS (kmaXT7 00)7
where @7 is the triangle-shaped B-spline
1—

%7 _TSJ:ST7

or(z) = (5.96)

0, otherwise.

The B-spline representation in (5.95) is equivalent to the one in (5.9). Here, we place
K + 2 triangular basis functions on the grid and, instead of using one-sided boundary
basis functions, the linear extrapolations beyond [kminT, kmax?] are handled with the
help of the last two B-spline coefficients on each side: (Kmin—1,kmin) and (kmax, Kmax+1)-
An example of this construction is shown in Figure 5.22.

The relationship between the ReLU coefficients a € R¥ and the B-spline coefficients
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c € RE*2 is given by

1-2 1 0 -+ --- 0 Ch 1
akmin 0 1 —2 1 0 T O Ckmin
1. L. .
=7 , (5.97)
Aemax : LT T 0 | Chmax
0 """ O 1 _2 1 _Ckmax+l_
LGR(;{:Q)XK
while the linear-term parameters by, b1 can be determined from ¢, , and ¢, . From

(5.97), we see that the TV(?) regularization of ¢ can also be computed from the B-spline
coefficients as TV®) (o) = ||Lcl|;.

Sparsification

To train networks with learnable spline nonlinearities, we augment the cost function with
the TV regularization of the activation functions. This translates into an ¢1-penalty
on the ReLU coefficients a = (ay) or, equivalently, on the filtered version of the B-spline
coefficients Lc. We rely on the sparsifying effect of the £1-norm to remove some of the
redundant knots. In practice, we observe that, while some of the coefficients a; = [Lc]y
attain small values, they never vanish entirely. In order to fix this and have a tight control
on the number of knots, we have applied a further “sparsification" as a postprocessing
step after training.

The first step is to retrieve the ReLLU coefficients a from the trained B-spline coefficients c
using (5.97). Then, every coefficient aj, with absolute value below a certain threshold is set
to zero, yielding & = (ay). Finally, we transform these modified ReLU coefficients to the
that determine

new B-spline coefficients ¢. In this step, the coefficients ¢y, and ¢

min—1 min

the linear term are assigned the same values as ¢, and cg respectively. The other

min—1 min ?

coefficients ¢, are computed from aj using the relations in (5.97). The sparsification is
achieved by selecting the maximum threshold such that the training accuracy does not
drop by more than 0.2%.

5.4.3 Hyperparameter Tuning: Training Deep Spline Neural Networks

In this section, we propose a method to tune the hyperparameters of Problems (5.3) and
(5.6). Our hyperparameter-tuning method is based on some optimality conditions that
we prove for the global minimizers of these problems. It is flexible with respect to the
choice of linear layers and architecture and can be applied to any deep spline network.
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Optimality Conditions

The main principle of our optimality conditions is based on the scale- and dilation-
invariance properties of the second-order total-variation regularization, as we state in
Proposition 5.11.

Proposition 5.11. The second-order total-variation regularization TV : BV() (R) =R
is scale- and dilation-invariant. Specifically, for any o € BV(?) (R) and any c # 0, we
have that

TV® (co) = |e|TVP (), (5.98)
and
TV (a(c) = || TV (). (5.99)
Proof. We first recall that
D2
V() = [D2ofp = sup D%¥) (5.100)

ees@\{o} 1Pl

One deduces (5.98) from the linearity of D? and the homogeneity of the M-norm. To
derive (5.99), we use the relation D*{o(c-)} = 2D?{o}(c-) and the equality (f(c'),g) =
¢ 1{f,g(-/c)) which, together with (5.100), yields

2 Je 2,
TV(2)(0'(C')) = sup c—<D 7,#(:/¢)) =lc| sup 7<D ’w,

5.101
eESR)\{0} [l oo ves@\{o} [[¥llso ( )

where the latter is obtained via the change of variable ¥ = sgn(c)¢(-/c). The last step is
(D%, )
sup  —————
ves@N\{0} 1Yl
which, when combined with (5.101), yields (5.99). O

to notice that
=TV® (o)

In Theorem (5.1), we prove that the energies of all linear and nonlinear layers of any
global minimizer of (5.3) are inversely proportional to their corresponding regularization
parameters.

Theorem 5.1. Let fg« be a global minimizer of (5.3) with linear parameters ¢; and
learned activation functions g;. Then, we have that

21673 = MTVP (g]) = -+ = A TV (g] 1) = 2|97 13- (5.102)

Proof. Let us denote by G* the geometric mean of the L 4+ 2(L — 1) = (3L — 2) quantities

o), UL v} U5V

L-1 L-1

/=1 /=1
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It turns out that G* can be computed via the relation

2
"L <Hﬁdwm>< Aﬁw“<®>.

Due to the inequality of arithmetic and geometric means (AM and GM, respectively), we
have that

L—-1
@L2@<ZMW”&+ZMWM (5.103)
(=1 (=1

where the inequality is saturated if and only if (5.102) holds.

Inspired from the mentioned AM-GM inequality, we now define a new set of linear

parameters ¢y, £ =1,..., L and adjustable activation functions gy, £ =1,...,L — 1, as
G 1
~ * 2
Po = cep, co = <> ;
puel|bell3
. : G*
g = dige (ngg_1> ) de = cpdg— 1W

with the convention that dg = 1. Let us specify the corresponding linear and nonlinear
layers by W, and &, respectively. One readily observes that

W, = Wy, oy = dyoy ( : )
cedp—q

in all layers. Interestingly, the input-output relation of this new neural network is the
same as that of fg«. This is due to two simple observations.

e For/=1,...,L — 1, we have that

Wyo6(-) =dWyoo(-/dp_1).

e For the output-layer, we have that cpdyp_1 = 1.

Since the input-output relation remains unchanged, the data-fidelity term in the cost
functional of the minimization (5.3) does not change either. Now, due to the optimality
of fg«, we deduce that

L—-1 L—1 L
> ATV (g +Zw||¢z||2 <D NIV (@) + > el dell3- (5.104)
= -1 =1 =1
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Using Proposition 5.11, we have that

d
MTVE (&) = ATV (gy) = 267,
cedp_1
for £=1,...,L — 1. Similarly, from the scale invariance of the fo-norm, we deduce that

pel|Bells = pectl| 713 = G*.
Replacing these in (5.104), we obtain that
L—1 L
D oANTVO(gh) + ) mel$il3 < BL - 2)G",
=1 =1

which is the converse of the AM-GM inequality (5.103). This shows that (5.103) is
saturated and, hence, that (5.102) holds. O

For the case where the activation functions are shared across layers, we show in Theorem
5.2 that the optimal configuration is such that there would be a balance between the
total energy of linear layers and the second-order total variation of the learned activation
functions.

Theorem 5.2. Let fg« be a global minimizer of (5.6). Then, we have that

L-1

ATV (g*) =2 el b5 13- (5.105)
(=1

Proof. The proof is very similar to the one for Theorem 5.1. We define G* as
1
A\ 2 /L 3
6 = (51 (Sudedi) -
(=1
The AM-GM inequality implies in this case that

L
3GT < NIV (%) + > 9y 13, (5.106)
/=1

with equality if and only if (5.105) holds. Now, we define a new set of linear parameters

and adjustable activation functions as

b0 =c oy, t=1,...,L,
g = Cg(C'),
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where the constant ¢ > 0 is
G*

3TV (g)

Again, the data-fidelity term remains unchanged. From the optimality of fg«, we deduce
that

ATV (g +ZW”¢€”2 < ATV® (g +Zuzll¢e\lg
/=1

By direct calculations, similar to what we did in Theorem 5.1, we simplify the above
inequality into

ATV (g7) + ZmHmHQ <367
which, together with (5.106) implies that the AM-GM equality holds, ultimately leading
o (5.105). m

Hyperparameter Tuning

Using Theorems 5.1 and 5.2, we now introduce a way to tune the hyperparameters
of our optimization problems. The main idea is to enforce the optimality condition
in the initial settings (before training) and, consequently, to reduce the dimension of
the hyperparameter space so that it is sufficient to perform a grid search over a single
parameter.

Our scheme is described as follows:
1. Initialize the linear parameters ¢2 (e.g., using Xavier’s rule) and the activation

functions g) (e.g., soft-threshold/absolute value) and compute the quantities ||¢||3
and TV(?) (g9) for all layers.

2. Set
) ¢ (5.107)
[ = s :
20713
where C' > 0 is the unique hyperparameter that is required to be tuned.
3. If the activation functions are shared across layers, set
L-1)C
= % (5.108)
TV )(gO)
Otherwise, set
C
N=—. 5.109
LTV (g) 109

4. Perform a grid search to find the optimal value of C' > 0.
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5.4.4 Stability Results for PnP-FBS
Proof of Proposition 5.1

We start by showing that, if D is S-averaged with 5 < 1/2, then 2D — Id is 1-Lipschitz

since

[(2D — Id)(z1 — 22)[]2 = [[2B(N(z1) — N(z2)) + (1 — 28)(z1 — 22) |2
< 2B|IN(z1) — N(z2)[]2 + (1 — 28)||z1 — z2||2
< |z1 —2z2ll2, Vz1,22 €R™ (5.110)

Let f(Hs,y) = %HHS — y||3. Using the above property, we get that

(2D — 1d)(s{ — aV f(Hs},y1)) — (2D — 1d)(s} — aV f(Es3, y2))
< ||(s — aVf(Hs},y1)) - (s3— aVf(Hsy,y2))|2  (5.111)

and, from the fixed-point property of s} and s3, we get that

12(s1 = s3) — (81 — @V f(Hs1,y1)) + (85 — oV f(Hs;, y2)) |2
< |l(s1 — aVf(Hsy,y1)) — (s2 — aV f(Hs;, y2))|f2- (5.112)

Using the fact that V f(Hs,y) = H” (Hs — y) and developing on both sides, we get that
(s} — s, HT (Hs} — yo) — HT (Hs} —y1)) > 0. (5.113)

We finally get the result by switching H” to the other side and by using the Cauchy-
Schwartz inequality, which leads to

[EL(sT — s5)[l2lly1 — yall2 > (H(s] — s3),y1 — y2) > |[H(s] - s5)]3. (5.114)

Proof of Proposition 5.2:

We show the relation between the difference of the kth iterate of PnP-FBS and the
difference of its starting points using the fact that the matrix I — o H”H has a spectral
norm of one when « has an appropriate value. The modulus is
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st —s5]l2 = [D(si™" —aH"(Hsy™' —y1) = D(s5™" — aH' (Hs} ™" — y2)|
<K|I—-aHH)(s{ ! —s57!) — oH (y1 — y2) 2
< K8y = s57 2 + oK H|[y1 — yoll2
< K?|sy? =852 2 + o H| (K + K?)|ly1 — vzl

k
< K¥||sY = 3|2 + ol H[ly1 — yall2 D K™ (5.115)
n=1
Taking the limit k — oo, we get that
" * ol H|| K
[sT —s3l2 < IH] ly1 — yall2. (5.116)

- 1-K

5.4.5 Proof of Proposition 5.3

We show that the four activation functions can be expressed in terms of each other
on compact sets without violating the 2-norm weight constraints. Choose B such that
x+ B > 0 for all z in the compact set and any pre-activation in the network.

AV as Expressive as PReLU
We can express AV using PReLLU with a = —1. For the other direction, we have that

PReLU,(x)

= [VI+ a2 -/T=a)2] AV (

(14a)/2
—az|*"

(14 a)/2B
0

1+4+a
2B

(5.117)

AV as Expressive as GS

This was already proven in [212], but we include the expressions for the sake of complete-
ness. It holds that

max(e) | _veay (w71 4 | Bl - [V2B : (5.118)
min(xy) x2 0 0
where
1 11
M=— . 5.119
2 [1 —1] ( )
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For the reverse direction, we have that

1
AV(z) = [% —LQ} MaxMin ([\{5] x) . (5.120)
V2
GS as Expressive as HH
For v = %(1, —1) we have that HH, = MaxMin. Further, we can also express HHy
using MaxMin as
HHy (z) = R(v) MaxMin (R(V)Tz>, (5.121)

where R(v) is the rotation matrix

cos y(v1,v2) — siny (v, v2)
siny(vy,vg) cosy(v1,v2)

R(v) = ] with (v, v9) = g + 2 arctan (5.122)

1+

5.4.6 Properties of Py,

1. The Least-Square Projection onto {c € RX : |Dc|/o < T} Preserves the
Mean

Let x e RE andy € {c € R : |Dc|lc < T} and x = X + pz1, y = ¥ + p1,1, where x
and y have zero mean. It holds that

I = yl3 = 1% = 5 + Ltz — my)ll5 = X = 53 + (1a — p1y)° K. (5.123)

Hence, we can add (uy — f1y)1 to y and decrease the distance without violating the
constraints.

2. PLi, Maps R¥ to {x € RX : |[Dx|o < T}

We have, for any ¢ € RX that

K
. 1 .
IDPLip ()0 = DD Clip_g7y(De) + D123 el = || Cliby 11y (De)lloc < T

k=1
(5.124)

Here, we used the fact that DD is the identity matrix in RX~1LK=1 and that D1 is equal

to the zero vector in R,

3. Prip is a Projection
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Using the same properties as above, it holds that

K
. . 1
Prip (PLip(c)) = D' Clip_7.7(DDT Clip_17(Dc) + D1 Z k) + 1

1 K
1 K
= D' Clip_z7y(Clip;_7,77(De)) + 1 ; Ch
1 K
= D' Clip,_771(De) + 1 kz_l cr = PLip(c). (5.125)

4. Prj, Preserves the Mean of ¢

From the properties of the Moore-Penrose inverse, we have that ker((D")”) = ker (D),
therefore, 17D = 0 and

K K

1 1

?1TPLip( c) = ElTDT Clip_77(Dc) + 171 Z Z . (5.126)
k=1 k:l

5. Prip is Differentiable Almost Everywhere with Respect to c

The Clip[_T,T} function is differentiable everywhere except at T and —1'. Therefore, the
operation DY Clipi_7,7(Dc) is differentiable everywhere except on

K-1

s=J {XGRK: (Dx)4] :T}. (5.127)

k=1

The set S is a union of 2(K — 1) hyperplanes with dimension K —1. Hence, it has measure
zero in RX.

5.4.7 Hyperparameter Tuning: Solving Inverse Problems

The parameters 7 and p used in (5.85) can be tuned with a coarse-to-fine approach. Given

e X () T s s e}, we identify the
best values 7% and p* on this subset and move on to the next iteration as follows:

the performance on the 3 x 3 grid {(~;)

e if 7* = 7, we refine the search grid by reducing v, to (7,)S, ¢ < 1;

e otherwise, 7 is updated to 7*.

A similar update is performed for the scaling parameter. The search is terminated when
both v, and 7, are smaller than a threshold, typically, 1.01. In practice, we initialized
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Vr = Y = 4 and set ¢ = 0.5. The method usually requires between 50 and 100 evaluations
on tuples (7, ) on the validation set before it terminates. The proposed approach is
predicated on the observation that the optimization landscape in the (7, ) domain is
typically well-behaved. The same principles apply to tune a single hyperparameter, as
found in the TV method. Let us remark that the performances were found to change
only slowly with the scaling parameter p for the MRI and CT experiments. Hence, in
practice, it is enough to tune p very coarsely.
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Deep Generative Priors for Nonlin-
ear Inverse Problems

In this chapter, we show how we can leverage the power of deep generative models
as image priors to develop a Bayesian inference pipeline that produces high quality
reconstructions together with uncertainty maps. To the best of our knowledge, this is
one of the first deployments of such techniques for the resolution of nonlinear inverse
problems.

6.1 Contributions

Here, we present a Bayesian framework to solve a broad class of nonlinear inverse problems,
where the prior knowledge about the image of interest is specified through a trained deep
latent variable generative model such as a GAN or a VAE. Our contributions are listed
below.

e We develop a method based on the Metropolis-adjusted Langevin algorithm (MALA)
[265, 266] to sample from the posterior distribution for the class of nonlinear inverse
problems where the forward model has a neural-network-like structure. This class
includes a wide variety of practical imaging modalities. We show that the structure
of the forward model and the low-dimensional latent space of the generative prior

enable tractable Bayesian inference.

e We introduce the concept of augmented generative models. This is motivated by
the observation that the above-mentioned deep generative models are easier to
train when the dataset consists of images with the same range of pixel values.
Unfortunately, such models are not well-matched to imaging modalities where one
is interested in extracting the precise value of objects rather than merely visualizing
contrast. Our proposed augmented models provide us with a simple but effective

way of dealing with quantitative data.

'This chapter is based on our work [264].
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e We illustrate the advantages of the proposed reconstruction framework through
numerical experiments for two nonlinear imaging modalities: phase retrieval and
optical diffraction tomography.

The chapter is organized as follows: In Section 6.2, we discuss the structure of the
forward model for our nonlinear inverse problems. We detail the Bayesian reconstruction
framework in Section 6.3. There, we introduce augmented generative models and we
explain our posterior-sampling scheme. We present our experimental results in Section
6.4.

6.2 Nonlinear Inverse Problems and Forward Models

In this section, we start by describing the class of nonlinear inverse problems that we
are interested in. We then focus on two concrete examples—phase retrieval and optical
diffraction tomography—and detail the physical models involved.

6.2.1 Nonlinear Inverse Problems

The objective is to recover an image st € R from its noisy measurements yt € CM given
by y' = N(y{) with
yo = H(s"), (6.1)

where H : RX — CM is a nonlinear operator that models the physics of the imaging system
and N : CM — CM is an operator that models the corruption of the measurements
by noise. In this work, we consider the class of nonlinear forward models H whose
computational structure can be encoded by a directed acyclic graph and thus resembles a
neural network.

The Jacobian matrix of H at any point x = (21,...,zx) € R¥ is defined as
o B0 - 52 H)h
Ju(x) = : : : (6.2)

gy (00 - 52 ()]

Gradient-based MCMC methods (see Section 6.3 for a specific example) involve the
computation of quantities such as JH (x)r for some vectors x € RX r € C*| and this can
be a potential bottleneck. The neural-network-like structure of H allows us to compute
these efficiently using the error backpropagation algorithm. This, in turn, makes Bayesian
inference computationally feasible.

The class of nonlinear inverse problems that fit this description is very broad and adaptable
to most existing imaging modalities. In principle, it covers all possible inverse problems,
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5"

[s']2

s'x

Figure 6.1: The forward model for phase retrieval (6.3) expressed as a one-layer fully-
connected neural network with linear weights A and quadratic activation functions.

in particular, the linear case is trivially covered. More generally, if sufficient data is
available, one can indeed train a neural network to mimic the physics of our forward
model. Next, we look at two particular problems that nicely fall within our predefined
class.

6.2.2 Phase Retrieval

Phase retrieval [267, 268| is a nonlinear inverse problem that is ubiquitous in computational
imaging. It consists in the recovery of a signal from its intensity-only measurements and
is a central issue in optics [269, 270], astronomy [271, 272], and computational microscopy
[273-276].

In the phase-retrieval problem that we consider in this paper, the noise-free measurements
are modeled as
2
yh = Hpu(s') = |As']%, (6.3)

where A : RF — CM is either the Fourier matrix [269, 276, 277| or some realization of a
random matrix with independent and identically distributed (i.i.d.) elements [268, 278,
279], and where | - |? is a component-wise operator. As shown in Figure 6.1, the forward
model in (6.3) can be expressed as a one-layer fully-connected neural network with fixed
linear weights A and quadratic activation functions.

6.2.3 Optical Diffraction Tomography

In optical diffraction tomography (ODT), the aim is to recover the refractive-index (RI)
map of a sample from complex-valued measurements of the scattered fields generated
when the sample is probed by a series of tilted incident fields [280]. According to the
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Figure 6.2: Optical diffraction tomography. A sample of refractive index ny + s'(r) is
immersed in a medium of index ny, and illuminated by an incident plane wave (wave
vector k). The interaction of the wave with the object produces scattered waves, which
are recorded at the detector plane.

scalar-diffraction theory, the propagation of the incident fields through the sample is
governed by the wave equation. While pioneering works relied on linear models to approx-
imate this propagation [280, 281|, recent works have significantly improved the quality
of RI reconstruction by using more accurate nonlinear models that account for multiple
scattering [282]. Here, we look at one such nonlinear model called the beam-propagation
method (BPM).

Helmholtz Equation. We consider a sample with a real-valued spatially varying
refractive index that is immersed in a medium with constant refractive index ny, as
shown in Figure 6.2. The RI distribution in the region of interest Q2 = [0, Ly] x [0, L,]
is represented as n(r) = ny, + s'(r), where r = (z,z) and s'(r) is the RI contrast. The
sample is illuminated with an incident plane wave u™(r) of free-space wavelength \, whose
direction of propagation is specified by the wave vector k. The total field u(r) that results
from the interaction between the sample and the incident wave is then recorded at the
positions {r,, }}" | in the detector plane T' to yield the complex measurements y* € CM’.
The interplay between the total field u(r) at any point in space and the refractive index
contrast dn(r) is described by the Helmholtz equation

V2u(r) + k2n?(r)u(r) =0, (6.4)

where kg = 27”

Beam Propagation Method. For computational purposes, the region of interest €2
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Figure 6.3: The computational structure for BPM resembles a neural network.

is subdivided into an (Ny x N,) array of pixels with sampling steps dx and 4, along the
first and second dimension, respectively. The corresponding samples of the RI contrast
st(r) and total field u(r) are stored in the vectors? st € R and u € CX| respectively,
where K = Ny N,. Further, let SL € RM and uy, € C represent the above quantities
when restricted to the slice z = k4,.

BPM computes the total field u in a slice-by-slice manner along the z-axis. For a given
incident wave u'"(r) that is propagated over a region larger than €2, we set the initial

. x_1
conditions as u_1(sg) = (um(iéx, —5Z)> € CMx. The total field over Q is then

1=
computed via a series of diffraction and refraction steps

Uy (s) = w1 (s") « hi., (diffraction) (6.5)
uy(s") = ux(s)) © pr(s’) (refraction), (6.6)
where k = 0,1,...,(N,—1), and the symbols * and ® stand for convolution and pointwise

multiplication, respectively. The convolution kernel hgiop € CNx for the diffraction step

is characterized in the Fourier domain as

}(wx) _ ejaz <\/k%nb2 - w§>, 6.7

F{n;

prop

where F denotes the discrete Fourier transform and w, € R™x is the frequency variable.
The subsequent refraction step involves a pointwise multiplication with the phase mask

pr(s’) = ejko(sZsZ. (6.8)

Finally, we define an operator R : CM< — CM' that propagates uy,_1(s') to the detector

2Since the total field u(r) depends on the RI contrast s'(r), we also refer to its discretized version as
u(s").
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plane I and restricts it to the sensor positions to give us the measurements yt € CM "
Thus, for a given incident wave u'™, our noise-free nonlinear BPM forward model is of the
form

v = Hppm(s™; u'") = R(uNz,l(sT)) (6.9)

In Figure 6.3, we show the implementation of Hypy, as a directed acyclic graph.

Complete Forward Model. We assume that the sample is illuminated with @ inci-
dent plane waves {uiqn}qe{lw’Q} and that the corresponding measurements are {yfl €
CM’}qe{l,...7Q}- These measurements are related to the RI contrast st of the sample
through the BPM forward model in (6.9). We define a stacked measurement vector as
yi=(y],... ,yZ?) € RM (M = QM'). This allows us to rewrite the complete forward
model in the form of (6.1), where the operator H consists of the application of Hypm
with all the illuminations and the concatenation of the outputs into a single vector.

6.3 Bayesian Reconstruction Framework

We now present our reconstruction framework that is based on Bayesian statistics for
solving the generic nonlinear inverse problem described in Section 6.2.1. Let Y and S
be the random vectors® associated with the measurements and the signal, respectively.
As in Chapter 2, the statistical model for the measurement noise is specified via the
conditional distribution of Y|S = s, where s € RX. In this section, we first discuss the
prior distribution of S, which, in our framework, is defined through a deep generative
model, followed by the posterior distribution of S|Y = y'. Finally, we detail a MCMC
scheme to generate samples from the posterior distribution. This allows us to perform
inference by computing point estimates and the uncertainties associated with them.

6.3.1 Prior Distribution

The choice of the distribution Pg reflects our prior knowledge about the image of interest.
In classical Bayesian methods, Pg is generally chosen from a family of distributions with
closed-form analytical expressions for their pdfs such that it fits the characteristics of the
image and also allows for efficient inference. Popular examples include the Gaussian and
Markovian models. In our framework, we instead propose to leverage the power of neural
networks to define a data-driven prior distribution.

We assume that we have access to a dataset that contains sample images from the true
(but unknown) probability distribution Pipage of our image of interest. The idea then is
to approximate Piyage with Ps as defined by a deep generative model. More specifically,

3In this chapter, for a given random vector V, we will denote its probability distribution by Py (which
is a measure) and its pdf with respect to the Lebesgue measure (if Py admits one) by py.
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we consider deep latent variable generative models consisting of a generator network
G:R? — R (d < K) that maps a low-dimensional latent space to the high-dimensional
image space. For such a model, we have S = G(Z), where Z is a random vector that takes
values in R? with a pdf p, (typically a Gaussian or uniform distribution). If this model is
properly trained, the resulting Ps (which is the pushforward of P, through the mapping
G) is close to Pimage and the images generated by it are statistically similar to the ones
in the dataset.

In our experiments (see Section 6.4), we use the well-known Wasserstein GANs (WGANSs)
[220] for our data-driven prior. We provide a brief description of WGANs in Appendix
6.6.2

Augmented Deep Generative Priors. The training of deep generative models such
as GANs requires large amounts of data and is a challenging task in general. Over the
past few years, there have been several proposals for performance improvements that
have led to the development of better training schemes and network architectures. Most
existing works use normalized datasets, where each image has the same range of pixel
values. However, this is not suitable if we wish to use such models as priors in quantitative
imaging (e.g., ODT). In these modalities, it is important to recover the actual values of
the object (image) as compared to only the contrast. Thus, we require our generative
model to be able to output images with different ranges of pixel values.

While performing our experiments, we observed that the training of high-quality WGANs
on unnormalized datasets was non-trivial. We propose a simple effective workaround,
which simplifies the training and allows us to build models that generate images with
different ranges. We define an augmented generative model Gy, : R4 — R¥ (d < K)
that consists of a (standard) generative network G : R* — R trained on a normalized
dataset and a deterministic function h : R — R. Here, the latent (random) vector
Z = (Z,,Z5) takes values in R%*! and has two independent components Z; (that takes
values in Rd) and Zy (that takes values in R) with pdfs p;, and p,,, respectively. The
output image of this model is S = G1,(Z) = h(Z2)G(Z;), where the term G(Z;) represents
it details or contrast, and the term h(Zg) represents it scaling factor.

Since G is now required to only produce images with the same range, we can rely on
existing GANs to obtain high-quality models. Moreover, the distribution of the scaling
factor can be easily controlled by carefully choosing the distribution p;, and the function
h.

6.3.2 Posterior Distribution

Since our prior distribution P is defined by a pre-trained augmented deep generative model
G, : R — RE 72— Gy, (2) with pz(z) = pz, (21)pz, (22) for any z = (z1, 22) € R, our

posterior distribution P i is given by the push-forward of the posterior distribution

S|Y=y
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P,y_yt of the latent vector through the mapping Gy,. The pdf for P,,_ i can be written

as

z|v=

z . pviz(y'|z)pz(2)
Pzyv( |yf) = fRd+1 py\z(yT’Z>pz(i)di7

where pyjz(-|z) = pyis(-|s = Gi(2)).

A Bayesian inverse problem is said to be well-posed in some metric on the space of
probability measures if its solution (the posterior distribution) exists, is unique, and is
continuous with respect to the measurements for the chosen metric [283]. Depending
on the metric, the well-posedness of the Bayesian inverse problem ensures continuity
of posterior expectations of appropriate quantities of interest. Based on the work in
[283], we can show that for the AWGN model, our Bayesian problem is well-posed in the
Prokhorov, total-variation and Hellinger distances. Moreover, our problem is well-posed
in the Wasserstein distance if p, satisfies a finite-moment-like condition. By using a result
from [78], we can also show the existence of the moments of our posterior distribution
under mild conditions on p, and Gj,. We provide the details regarding these properties in
Appendix 6.6.1.

6.3.3 Sampling from the Posterior Distribution

The proposed framework allows one to draw samples in the low-dimensional latent space
instead of the high-dimensional image space directly. Specifically, if we generate samples

{2} from pzy(-|y"), then the images {s'® = G, (z!®)}]_; are samples from Pgy_yt-

In this work, we use the MCMC method called Metropolis-adjusted Langevin algorithm
(MALA) [265, 266] to sample from pzy(-|y"). Given a sample z'®, it generates z'**") in
two steps. In the first step, we construct a proposal z'**V for the new sample according
to

2" = 2" 4V, log pyy (2'V]y") + v/21C, (6.10)

where ¢ is drawn from the standard multivariate Gaussian distribution and n € R} is a
fixed step-size. In the second step, the proposal z'**Y is either accepted or rejected, the
acceptance probability being

pzw(z’r(tﬂ)’yf)q T(ZT(i)’iT(tJrl))
a = min < 1, LA ,
pZ‘Y(ZT(t)‘yT)qu (ZT(t+1)|ZJT(t>)

(6.11)

where gy (z|z) = exp (— 11z =21V, logpzw(zl.Y)II%) for any y € CM and z,z € R
If the proposal is accepted, then we set z'**) = zI(*+1: otherwise, z'**" = z'®. One
advantage of MALA is that it uses the gradient of the (log) target distribution to construct
more probable proposals. In doing so, it explores the target distribution faster than
some other MCMC methods such as the well-known random walk Metropolis-Hastings
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algorithm [284].

The major computational bottleneck in MALA is the computation of the gradient term
Vzlogpzv(-]y") as it involves terms such as Jg(xl)rl and Jgh (x2)ra, where x; € RE,
r; € CM, x, € R*1 and ry € RE. For instance, if we assume an AWGN model with
variance o2 and that p, is the standard mutivariate Gaussian distribution, then Dzjy can
be written as

1 t— H(Gp(2))|3 z||3
pzy(z,yf)zcexp<_ Iy’ = BGu(@)I} _| 2\|> 612)

where C is the normalization factor. In this case, the gradient term is

V2 g pa(aly’) = - 20 <z>J§<Gh<zl>2<y* SHG@) o

Since Gy, is a neural network and H has a neural-network-like structure, we then compute
Vzlog pyy efficiently using an error backpropagation algorithm.

Once we have obtained the samples {z'®}L; from p,y(-|y'), we transform them to get
the samples {Gy (')}, from Py, _
we approximate any integral of the form [px f(s)psv(s|ly’)ds, where f : RX 5 Risa

,+ and use them to perform inference. Specifically,

real-valued function, by its empirical estimate 7 ST F(Gr(zt®)).

In practice, we discard some of the samples generated at the beginning of the chain to
correct for their bias. This “burn-in” period can often be shortened by choosing a suitable

starting point for the chain. We propose to initialize MALA with

. 2
Ziit (y') = arg min [|sfy; (y') — Ga(2)|l2, (6.14)
zeRA+1
where s, . (y") is a low-quality estimate obtained by using some fast classical reconstruction
algorithm.

6.4 Results and Discussion

In this section, we show the benefits of our neural-network-based Bayesian reconstruction
framework by applying it to both phase retrieval and optical diffraction tomography.
6.4.1 Augmented Generative Models

In our first experiment, we highlight the importance of the proposed augmented generative
models. We consider the task of training WGAN models on synthetic datasets consisting of
(128 x 128) images, where each image contains a constant-valued disc and its background
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Figure 6.4: Samples generated by trained models.

pixels are zero-valued. The coordinates (z,y) of the center of the disc, its radius r
(in pixels), and its constant-intensity value v follow the uniform distributions U(10,115)>
Uti0,115) Upg,3s), and U(g.2], respectively. The aforementioned parameters implicitly
define the probability distribution Pgas, that we wish to approximate using WGANS.

We qualitatively compare the performance of two models. The first model is a WGAN
trained on 50,000 images sampled from Pgy,t,. In this case, the distribution p, for the
latent variable is chosen to be the standard multivariate Gaussian distribution. The
second model is an augmented WGAN, where the WGAN component is trained on
a normalized dataset with 50,000 images. Thus, we first sample 50,000 images from
Pgata and we then normalize each of them such that the value of the disc is one. The
distributions p;, and p,, are chosen to be standard Gaussian distributions as well, and
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the function h is
02 [*

" Vor o

This choice of h and p,, ensures that the scaling factor of the augmented WGAN follows

h(z) efgdt. (6.15)

the uniform distribution U 9. For both the models, we use the generator and critic
network architectures described in Appendix 6.6.3. The WGAN is trained for 2500 epochs
while the augmented WGAN is trained for 1250 epochs using RMSProp optimizers with
a learning rate of 5 x 107® and a batch size of 64. The parameters Agp and Neritic (refer
to Appendix 6.6.2) are set as 10 and 5, respectively.

In Figure 6.4, we present typical samples generated by the two models. We observe that
the augmented WGAN, unlike the WGAN, is able to produce sharp constant-valued discs.

6.4.2 Phase Retrieval

Next, we look at the phase-retrieval problem. We present two examples where the
ground-truth images are taken from the MNIST [285] and Fashion-MNIST [286] testing
datasets. In both cases, the measurements y' € N™ are simulated according to (6.3) with
a Poisson-noise model, where A is one realization of a random matrix with i.i.d. entries

from a zero-mean Gaussian distribution with variance ai.

MNIST

The MNIST dataset contains (28 x 28) images of handwritten digits. The ground-truth
image (Figure 6.5) is first normalized to have values in the range [0,1] and is then
multiplied by a factor a which is picked uniformly at random from (0, 0.5].

In this case, the WGAN component of our augmented model Gy is trained on the
normalized MNIST training dataset which contains 50,000 images with values in the
range [0,1]. The distributions p,, and p,, are standard Gaussian distributions and the

function h is
05 [*

Ve )
The architectures for the generator and critic networks can be found in Appendix 6.6.3.
The WGAN is trained for 2000 epochs using ADAM optimizers [194] with a learning
rate of 2 x 107*, hyperparameters (51, 32) = (0.5,0.999), and a batch size of 64. The
parameters Agp and neritic are set as 10 and 5, respectively.

h(z) efédt. (6.16)

Fashion-MNIST

The Fashion-MNIST dataset consists of (28 x 28) grayscale images of different fashion
products. Our ground-truth image from this dataset is shown in Figure 6.6.
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Here, the WGAN for our augmented deep generative prior is trained on the normalized
Fashion-MNIST training dataset. It contains 60,000 images whose values lie in the range
[0,1]. The distributions p;, and p,, are taken as standard Gaussian distributions while

h(z) = \/12?/_% e dt, (6.17)

We provide the architectures for the generator and critic networks in Appendix 6.6.3.
The WGAN is trained for 2250 epochs using ADAM optimizers with a learning rate of
2 x 107*, hyperparameters (51, 32) = (0.5,0.999), and a batch size of 64. The parameters
Agp and neritic are set as 10 and 5, respectively.

the function h is

Methods

As discussed in Section 6.3.3, we draw samples from the posterior distribution using
MALA. The estimator s}, (y") that we use for initializing the chain is

M
Stun(y!) =argmin | 3 ([ywmlog([msﬂ )+[|As|2} )
sE m=1 m m
+ T||Vs||%72 + iy(s) |. (6.18)

There, V : RE — RE*2 is the gradient operator, ||-||,.4 is the (¢, £,)-mixed norm defined

* U 1% » q/p\ 1/4q
pa = (Z (Z ([X]uv> ) ) vx € RV, (6.19)

u=1 v=1

1%

7 € Ry is the regularization parameter and the functional i; given by

is(s) = {O’ sERY (6.20)

400, otherwise

enforces the non-negativity constraint on the solution. The data-fidelity term in (6.18)
corresponds to the negative log-likelihood under the Poisson-noise model. We solve
the problem in (6.18) using a projected-gradient-descent algorithm. The regularization
parameter 7 so that it minimizes the mean-square error (MSE) with respect to the
ground-truth is chosen via grid search.

After discarding the first 7}, samples (burn-in period), we collect the next 7' samples for
performing inference. We compute the posterior mean which corresponds to the minimum
mean-square error (MMSE) estimate. Further, to quantify the uncertainty associated
with our estimation, we also compute the pixel-wise standard-deviation map.
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Initial reconstruction TV reconstruction
SNR: 3.10 dB SNR: 3.16 dB

Ground-truth image

Posterior mean Posterior standard deviation

SNR: 16.03 dB 0.030
0.025
0.020
0.015
0.010
0.005
0.000

Figure 6.5: Reconstructions for phase retrieval (oversampling ratio M /K = 0.1).

We compare the performance of our GAN-based posterior-mean estimator with that of
the TV-regularized method [25]

M
stv(y!) =argmin | 3 (— ¥ log ([|As|2}m) + [|As|2}m>
s€ m=1
+ 7Vsll21 + it(s) |- (6.21)

TV regularization is known to promote piecewise-constant solutions and is well-matched
to our test images. We solve (6.21) using FISTA [23] initialized with s}, (y"). The
regularization parameter 7 is tuned for optimal MSE performance with the help of a grid

search.

Results

To illustrate the advantage of our neural-network-based prior, we consider extreme
imaging settings where the number of measurements M is very small. For the first case
(Figure 6.5), we have that o = 0.36, M/K = 0.1,0% = 10,7 = 107°,T;, = 8 x 10°, and
T =12 x 10°. The parameters for the second case (Figure 6.6) are M/K = 0.15,0% =
0.5,7=1.75x 107673, = 17.5 x 10°>, and T = 5 x 10°.
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Figure 6.6: Reconstructions for phase retrieval (oversampling ratio M/K = 0.15).

In Figures 6.5 and 6.6, we see that the GAN-based posterior-mean estimator outperforms
the TV-regularized method considerably. Here, the very low oversampling ratios severely
affect the performance of TV regularization, even though it is a good fit for the underlying
images. By contrast, despite the scarcity of measurements, our estimator remarkably
yields excellent results. This highlights the potential of learning-based priors for highly
ill-posed problems. Finally, we observe that, as one would expect, the standard-deviation
maps indicate higher uncertainty at the edges for the posterior-mean estimator.

6.4.3 Optical Diffraction Tomography

We consider both simulated and real data for our ODT experiments.

Simulated data

In our simulated setup, the test image (Figure 6.7) that represents the RI contrast is a
random sample from the dataset described in Section 6.4.1: a disc with constant intensity
v.

The measurements are simulated using the BPM of Section 6.2.3 with an AWGN model
of variance o2 = 0.05. We set the sampling steps to dx = 0y = 0.1 nm, the medium RI
to np = 1.52, and the wavelength to A = 0.406 pm. We use (Q = 20 incident tilted plane
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waves with angles that are uniformly spaced in the range [—7/12,7/12].

For this setting, we use the augmented WGAN prior of Section 6.4.1 in our reconstruction
framework.

Real data

In our experiment with real data, the sample is a 2D cross-section of two non-overlapping
fibres immersed in oil (n, = 1.525) [287|. The RI contrast of the sample is negative.
A standard Mach-Zehnder interferometer relying on off-axis digital holography (A =
0.450 pm) is used to collect measurements from @ = 59 views in the range [—m /6, 7/6].

We crop the acquired data such that the measurement vector for each view is of length
M’ = 256. We take the discretized region of interest to be of the size (256 x 256) and we
set the sampling steps for BPM (used for reconstruction) to dx = d; = 0.1257 pm. We
assume an AWGN model of variance o2 = 0.15 for the measurements.

Here, the WGAN for our prior is trained on a synthetic dataset containing 100,000 images
of size (256 x 256), where each image consists of two non-overlapping discs with a constant
intensity of one and a zero-valued background. The coordinates of the centers of the two
discs are sampled from U g 235) and their radii are sampled from Ujjg 50 subject to the
constraint that they do not overlap. The distributions p;, and p,, are standard Gaussian
distributions and the function h is taken to be

01 [*
V21 J oo

The architectures for the generator and critic networks are detailed in Appendix 6.6.3.

h(z) = e_édt. (6.22)

The WGAN is trained for 500 epochs using RMSProp optimizers with a learning rate
of 5 x 107 and a batch size of 128. The parameters Agp and neritic are set as 10 and 5,
respectively.

Methods

For both settings, the estimate s, (y') for MALA is obtained by the application of a
filtered backpropagation algorithm that uses the Rytov approximation [281] to model
the scattering. We collect T' samples from the posterior distribution using MALA with
a step-size 7 and burn-in period T}, and use them to compute the posterior mean and
pixel-wise standard-deviation map.
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Figure 6.7: Reconstructions for ODT (v = 0.07).

We compare our estimator with the TV-based method

Q
stv(y') = argmin (Z 1575 = Hbpm (s; w) |3 + 7/ Vsll21 + I(S)>v (6.23)
s g=1

where Z(s) = iy (s) for the simulated data and Z(s) = i_(s) for the real data. This is a
state-of-the-art method for ODT and is commonly used in practice [288, 289]. Moreover,
it is well-suited for the constant-valued discs in our samples. The problem in (6.23) is
solved using FISTA initialized with s’ (y'). The regularization parameter 7 is tuned
for optimal MSE performance in the simulated-data setting via a grid search, while it is
tuned manually in the real-data setting.

Results

The settings that we consider for our ODT experiments are highly ill-posed as the incident
waves only explore a limited range. As a result, the measurements lack information along
the horizontal axis, which leads to the so-called missing-cone problem. For the first case
(Figure 6.7), we have that v = 0.07,7 =2 x 1077, T}, = 2 x 10*, and T' = 8 x 10*. For the
second case (Figure 6.8), we have that n =5 x 1078, T}, = 15 x 10*, and 7' = 5 x 10*.

In Figures 6.7 and 6.8, we observe that the TV reconstructions (and the initial ones)
are elongated in the horizontal direction due to the lack of information along this axis.
However, the GAN-based estimator is able to overcome the missing-cone problem. It
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Figure 6.8: Reconstructions for ODT (real data).

yields reconstructions whose quality is remarkable.

6.4.4 Discussion

With the help of the above-described experiments, we have demonstrated the potential
of our deep-generative-prior-based Bayesian reconstruction framework for challenging
nonlinear inverse problems. We now mention some directions for future work which can
further improve this framework.

In the present form, our scheme lacks theoretical guarantees for MALA to be geometrically
ergodic (convergence to the equilibrium distribution at a geometric rate). A topic of future
work could be to investigate the imposition of appropriate constraints on the generative
model such that the resulting posterior distribution satisfies certain smoothness and tail
conditions [290] that ensure geometric ergodicity of MALA.

The performance of our scheme heavily relies on how well the prior models the object of
interest. Thus, any progress on the side of designing and training high-quality large-scale
deep generative models could be translated to our framework.

While the neural-network-like structure of our forward models make our approach tractable,
like MCMC methods in general, it requires a lot of computation. It could be interesting
to consider alternatives to MALA that might help in speeding up this approach.

177



Chapter 6 Deep Generative Priors for Nonlinear Inverse Problems

6.5 Summary

We have presented a Bayesian reconstruction framework for nonlinear inverse problems
where the prior information on the image of interest is encoded by a deep latent variable
generative model. Specifically, we have designed a tractable posterior-sampling scheme
based on the Metropolis-adjusted Langevin algorithm for the class of nonlinear inverse
problems where the forward model has a neural-network-like computational structure.
This class includes most practical imaging modalities. We have proposed the concept of
augmented generative models. They allow us to tackle the problem of the quantitative
recovery of images. Finally, we have illustrated the benefits of our framework by applying
it to two nonlinear imaging modalities—phase retrieval and optical diffraction tomography.

6.6 Appendix

6.6.1 Properties of the Posterior Distribution
Well-posedness

A Bayesian inverse problem is said to be well-posed in some metric on the space of
probability measures if the posterior distribution exists, is unique, and is continuous
with respect to the measurements for the chosen metric [283]. Here, we present sufficient
conditions from [283, Assumptions 3.5, 3.10 and Theorems 3.6, 3.12| that guarantee the
well-posedness of our problem in the latent space, that is, with respect to P
described in Section 6.3.2.

Zlv=yt @S

The following conditions are stated for p,-almost every (a.e.) z’ € R*! and every
y' € RM,

Conditions.

1. pyiz(+|2’) is a strictly positive pdf.

2. Jga1 IPviz(y']2)|pz(Z)dz < oo

3. There exists g with [ga41 |9(2)[pz(Z)dz < oo such that pyz(y*|-) < g for all y* € RM.
4. pyjz(-|2’) is continuous.

5. There exists ¢’ with [pas1 |9'(2)|pz(2)dz < oo such that ||2[|5 pyiz(yT|2") < ¢'(2'),

where p € [1,00).

If the conditions (1) — (4) hold, our Bayesian inverse problem in the latent space is
well-posed in the Prokhorov, Hellinger and total-variation distances. In addition, if
condition (5) holds, then the problem is also well-posed in the Wasserstein p-distance.
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For additive white-Gaussian-noise (AWGN) models, the conditions (1) — (4) are satisfied
for any physical forward model H and prior distribution p,. Further, if p, is such that
[ 11z||} pz(z)dz < oo (e.g., Gaussian distribution), condition (5) is also satisfied [283,
Corollary 5.1]. As for the Poisson-noise models used in some of our experiments, they do
not fall within this framework of well-posedness developed in [283].

Existence of Moments

Based on Proposition 3.6 in [78], we also present some conditions under which the moments
of our posterior distribution Py, _ + exist. If the augmented deep generative prior Gy,
is Lipschitz-continuous and the prior distribution p, has finite moments Ep,[|Z|¥] for
k=1,2,..., K, then the Kth posterior moment EPS\Y:yT [[(S|Y = y)|¥] exists for almost

all measurements y.

The typical choice for p; is the standard Gaussian distribution, which has finite moments.
The Lipschitz-continuity of Gy, is guaranteed if the generative network G and the function
h are both Lipschitz-continuous and bounded. The Lipschitz condition on the network G
holds when its weights and biases are finite-valued and it consists of Lipschitz-continuous
activation functions (e.g., ReLU, sigmoid). The boundedness of G is ensured when the
activation function in the output layer is bounded (such as the sigmoid function). These
are conditions that are satisfied by the networks used in Section 6.4. Further, in our
experiments, we choose the function h to be a scaled version of the cumulative density
function of the standard normal distribution, which is Lipschitz-continuous and bounded.

6.6.2 Wasserstein Generative Adversarial Networks (WGANS)

Classical generative adversarial networks (GANs) [69] are known to suffer from issues
such as the instability of the training process [291, 292], vanishing gradients, and mode
collapse. The framework of Wasserstein GANs (WGANS) [220] is an alternative that
alleviates these problems.

Let D be a dataset consisting of samples drawn from a probability distribution P,. The
goal is to build a model using D that can generate samples that follow a distribution
that closely approximates P,. A WGAN consists of a generator network Gg : R — RX
(d < K), where 0 € R% denotes its trainable parameters. It takes an input vector
z € R?, sampled from a fixed pdf p;, and outputs Gg(z) € RX. The samples generated
by this model follow some distribution Py that is characterized by Gg and p;. Thus, the
parameters @ need to be chosen such that Pg approximates P, well.

In the WGAN framework, the generator is trained to minimize the Wasserstein-1 (or
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Earth-Mover) distance between P, and Pg, which is given by

W(P,, Pg) = inf E N[u—v]. 6.24
®uPo) =l By [U-V (6:24)
Here, 7(IP;, Pg) is the collection of all joint distributions with marginals P, and Pg. The
Kantorovich-Rubinstein duality theorem [293] states that (6.24) can be written as

W (e Po) = sup (Bur, ()]~ Ever (V). (6.25)
ex

where X = {f : RF — R | f is 1-Lipschitz}. The space X is then replaced by a family of

1-Lipschitz functions represented by a critic neural network D : RE 5 R, w— Dg(w)

with appropriately constrained parameters ¢p € R%. This leads to the minimax problem

i Eyp, [De(U)] — Eyp, [Do(V)] |, 6.26
i, e (B, [Do(U)] ~ Bury Do(V)] ) (6.20
where Y = {¢ € R% | D, is 1-Lipschitz}. In [220], the authors enforce the 1-Lipschitz
condition on Dy by clipping its weights during training. Instead, the 1-Lipschitz constraint
can also be enforced by adding a gradient penalty to the cost function in (6.26) [294].
The regularized minimax problem becomes

i Eyp, [De(U)] — Eys [Dy(V NepEwop. VDo (W)|| —1)2] ),
iy o (B [Do(U)] ~ Buor, DolV)] + Aeor (17w Do W) - 117])

(6.27)

where a point W ~ Pj; is obtained by sampling uniformly along straight lines between
points drawn from P, and Pg, and g, > 0 is a hyperparameter.

In practice, Problem (6.27) is solved using mini-batch stochastic-gradient algorithms
in an alternating manner. During each iteration for the critic, we collect a batch of
samples {x(™}Me  from the dataset D. We sample vectors {z(™}"  from p, and a
sequence of numbers {a(™}2  from the uniform distribution U, 0,1], and we construct
w(® = aMx(™ 4 (1-al™)Gg(z(™). The critic parameters are then updated by ascending
along the gradient given by

N,

1 c
V0 [ SoDex) = Dy(Go(a™)) + A (IVWDe(w) | = 1), (628)

¢ n=1

During each iteration for the generator, we sample latent vectors {z(”) ivi 1 from p;. The
generator parameters are then updated by descending along the gradient given by

Ng
Vo[ 3 Dy(Gol=) | (6.29)

9 n=1
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Typically, for every generator iteration, the critic is trained for neritic iterations.

6.6.3 WGAN Architectures

The generator and critic architectures used for datasets consisting of constant-valued
discs are shown in Table 6.1 and 6.4. The architectures used for the MNIST and Fashion
MNIST datasets are shown in Table 6.2 and 6.3, respectively.
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Layers Output shape
Conv 4 x 4 + LReLU 512 x 4 x 4
Conv 3 x 3 + LReLU 512 x 4 x 4
Upsample 512 x 8 x 8
Conv 3 x 3 + LReLU 256 x 8 x 8
Upsample 256 x 16 x 16
Conv 3 x 3 + LReLU | 128 x 16 x 16
Upsample 128 x 32 x 32
Conv 3 x 3 + LReLU 64 x 32 x 32
Upsample 64 x 64 x 64
Conv 3 x 3 + LReLU 32 x 64 x 64
Upsample 32 x 128 x 128

Conv 3 x 3 + LReLU

16 x 128 x 128

Conv 1 x 1 4 Sigmoid

1 x 128 x 128

(a) Generator network with (128 x 1 x 1) input shape.

Layers

Output shape

Conv 1 x 1+ LReLU
Conv 3 x 3 + LReLU
Conv 3 x 3 + LReLU

16 x 128 x 128
16 x 128 x 128
32 x 128 x 128

Downsample 32 X 64 x 64
Conv 3 x 3 + LReLU | 64 x 64 x 64
Downsample 64 x 32 x 32
Conv 3 x 3 + LReLLU | 128 x 32 x 32
Downsample 128 x 16 x 16
Conv 3 x 3 + LReLU | 256 x 16 x 16
Downsample 256 x 8 X 8
Conv 3 x 3 + LReLU 512 x 8 x 8
Downsample 512 x4 x 4
Conv 3 x 3 + LReLU 512 x 4 x 4
Conv 4 x 4 + LReLU 512 x 1 x 1
Reshape 1 x 512
Fully-connected 1x1

(b) Critic network with (1 x 128 x 128) input shape.

Table 6.1: Generator and critic architectures (single disc). The negative slope for
LReLU is set as 0.2. The upsampling layer uses nearest-neighbor interpolation while the
downsampling layer involves max pooling.
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Layers

Output shape

Fully-connected + LReLU
Fully-connected + Batch-norm + LReLU
Fully-connected + Batch-norm + LReLU
Fully-connected + Batch-norm + LReLU

Fully-connected + Sigmoid

1x128
1 x 256
1 x 512
1 x 1024
1x 784

(a) Generator network with (1 x 100) input shape.

Layers Output shape

Fully-connected + LReLU 1 x 512
Fully-connected + LReLU 1 x 256
Fully-connected 1x1

(b) Critic network with (1 x 784) input shape.

Table 6.2: Generator and critic architectures (MNIST). The negative slope for LReLU is

set as 0.2.

Layers

Output shape

Fully-connected + Batch-norm + ReLU
Fully-connected + Batch-norm + ReLU
Reshape
ConvTranspose 4 x 4 + Batch-norm + ReLU
ConvTranspose 4 x 4 + Sigmoid

1 x 1024

1 x 6272
128 x 7Tx 7
64 x 14 x 14
1 x 28 x 28

(a) Generator network with (1 x 100) input shape.

Layers

Output shape

Conv 4 x 4 + LReLU
Conv 4 x 4 + Batch-norm + LReLU
Reshape
Fully-connected + Batch-norm + LReLU
Fully-connected

64 x 14 x 14
128 x 7 x 7
1 x 6272
1 x 1024
1x1

(b) Critic network with (1 x 28 x 28) input shape.

Table 6.3: Generator and critic architectures (Fashion-MNIST). The negative slope for

LReLU is set as 0.2.
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Layers Output shape
Conv 4 x 4 + LReLU 256 x 4 x 4
Conv 3 x 3 + LReLU 256 x 4 x 4
Upsample 256 x 8 x 8
Conv 3 x 3 + LReLU 128 x 8 x 8
Upsample 128 x 16 x 16
Conv 3 x 3 + LReLLU 64 x 16 x 16
Upsample 64 x 32 x 32
Conv 3 x 3 + LReLU 32 x 32 x 32
Upsample 32 X 64 x 64
Conv 3 x 3 + LReLU 16 x 64 x 64
Upsample 16 x 128 x 128
Conv 3 x 3 + LReLU | 8 x 128 x 128
Upsample 8 x 256 x 256
Conv 3 x 3 + LReLU | 4 x 256 x 256
Conv 1 x 1 4 Sigmoid | 1 x 256 x 256

(a) Generator network with (128 x 1 x 1) input shape.

Layers Output shape
Conv 1 x 1 + LReLU | 4 x 256 x 256
Conv 3 x 3 + LReLU | 4 x 256 x 256
Conv 3 x 3 + LReLLU | 8 x 256 x 256
Downsample 8 x 128 x 128
Conv 3 x 3 + LReLU | 16 x 128 x 128
Downsample 16 x 64 x 64
Conv 3 x 3 + LReLU | 32 x 64 x 64
Downsample 32 x 32 x 32
Conv 3 x 3 + LReLU | 64 x 32 x 32
Downsample 64 x 16 x 16
Conv 3 x 3 + LReLU | 128 x 16 x 16
Downsample 128 x 8 x 8
Conv 3 x 3 + LReLU 256 x 8 x 8
Downsample 256 x 4 x 4
Conv 3 x 3 + LReLU 256 X 4 x 4
Conv 4 x 4 + LReLU 256 x 1 x 1
Reshape 1 x 256
Fully-connected 1x1

(b) Critic network with (1 x 256 x 256) input shape.

Table 6.4: Generator and critic architectures (two non-overlapping discs). The negative
slope for LReLU is set as 0.2. The upsampling layer uses nearest-neighbor interpolation
while the downsampling layer involves max pooling.
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fd Deep Spatiotemporal Regularization
for Dynamic Fourier Ptychography

IThis chapter explores the use of an untrained neural network as an implicit regularizer in
the context of Fourier ptychography (FP). This modality involves the acquisition of several
low-resolution intensity images of a sample under varying illumination angles. They are
then combined into a high-resolution complex-valued image by solving a phase-retrieval
problem. The objective in dynamic FP is to obtain a sequence of high-resolution images
of a moving sample. There, the application of standard frame-by-frame reconstruction
methods limits the temporal resolution due to the large number of measurements that must
be acquired for each frame. We instead propose a neural-network-based reconstruction
framework for dynamic FP, which achieves high temporal resolution without compromising
the spatial resolution. It does not require training data and also recovers the pupil function
of the microscope.

7.1 Introduction

In Fourier ptychography (FP) [276], hundreds of low-resolution intensity images are
acquired by illuminating the object of interest with a coherent light source with varying
incidence angles. This task is typically performed using a LED array and a microscope
with a low numerical aperture (NA) objective lens, which makes FP a low-cost and
label-free imaging modality. The collection of measurements is then algorithmically
combined into a high-resolution complex-valued image of the sample over a large field of
view. Thus, FP has a high space-bandwidth product.

Building upon the pioneering work of Zheng et al. [276], the capabilities of FP have
been extended in a variety of ways by improving the optical acquisition setup. For
instance, in [296] and [297|, the sequence of illuminations is optimized via an importance
metric and neural networks, respectively. Multiplexed FP is introduced in [298|, where
one illuminates the sample with multiple LEDs and is able to reduce the number of

'This chapter is based on our work [295].
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measurements. Further, optimal combinations of LEDs are studied in {297, 299-301].

There have also been several improvements on the computational side for FP. At its core,
the reconstruction process involves the solution of a phase-retrieval (PR) problem—the
recovery of phase information from intensity measurements. In [276], this task is performed
by using the iterative Gerchberg-Saxton (GS) algorithm [302]. As PR is a non-convex
problem, the solution obtained by GS depends on the starting point. This problem of
initialization is tackled in [303|. In [304-306|, PR is formulated as a convex optimization
problem with the help of a lifting scheme. However, this elegant approach comes at
the cost of a large computational burden. As the acquired measurements are typically
corrupted by noise, maximum-likelihood estimation offers an adequate framework for one
to incorporate the noise statistics [307]. The resulting optimization problems are solved
efficiently by gradient-based or higher-order methods [308, 309]. A thorough comparative
study of different methods for PR can be found in [310|. In addition to solving the PR
problem, algorithms that include the estimation of the pupil function of the microscope
[311] and correction of the LED positions [312, 313] have also been proposed.

While FP has matured into a versatile modality with numerous applications [314], high-
quality high-speed imaging remains a challenge. The temporal resolution in FP is
inherently limited by the large number of measurements that need to be acquired in
order to reconstruct the high-resolution image of the sample. To alleviate this problem,
ad hoc acquisition setups [299, 300, 315] have been devised. They allow one to obtain
a higher temporal resolution without a significant deterioration of the spatial resolu-
tion. Alternatively, there has been a lot of interest in the development of sophisticated
computational methods to solve the PR problem with only a few measurements. In
such ill-posed scenarios, regularization techniques can be used to incorporate some prior
knowledge about the sample of interest. These are typically applied by formulating PR as
an optimization problem where the cost functional consists of a data-fidelity term and a
regularization term. The data-fidelity term ensures that the solution is consistent with the
observed data while the regularization promotes solutions with the desired properties. For
example, the popular total-variation (TV) regularization [25] favors piecewise-constant
images and has been adapted for FP in several works [316-319]. Group-sparsity-based
priors have been successfully deployed in FP as well [320]. An online plug-and-play
approach for FP has also been proposed in [321], where sophisticated denoisers such as
BM3D |[204] are used for (implicit) regularization.

Over the past few years, deep-learning-based methods have yielded impressive results,
outperforming the model-based regularized methods in a variety of imaging modalities,
especially in ill-posed settings [38, 322]. In the context of FP, deep neural networks have
been trained in a supervised manner as nonlinear mappings that take the low-resolution
measurements and output the high-resolution image of interest [323-325|. Further, in
[326, 327|, pre-trained deep generative priors are used to solve the PR problem. For more
details regarding FP, we refer the reader to recent comprehensive reviews [314, 328|.
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In dynamic FP, when it is desired to image a moving sample, the computational methods
described above must be applied in a frame-by-frame manner to obtain the sequence
of high-resolution images, without accounting for the temporal dependencies in the
measurements. Yet, one can decrease the number of measurements required per frame
(thus increasing the effective imaging speed) by exploiting the temporal correlations in
the sequence of images to be recovered. Based on this idea, the concept of low-rank FP
is introduced in [329], where a low-rank constraint is enforced on the matrix formed by

stacking the (vectorized) images.

7.1.1 Contributions

In this chapter, we propose a novel computational framework for dynamic FP. Inspired
by the method developed in [330] for dynamic magnetic resonance imaging, we use
a deep neural network to impose a spatiotemporal regularization on the sequence of
complex-valued images to be recovered. More specifically, we parameterize each image
in the sequence as the output of a single convolutional network corresponding to some
fixed latent input vector. These input vectors are chosen to lie on a one-dimensional
manifold. The parameters of the network are then estimated by optimizing a likelihood-
based criterion. The architecture of the generative network imposes an implicit spatial
regularization on the images while the constraints on the input latent vectors allow the
network to associate their proximity with temporal variations in the sequence. Our
method does not require any training data. It also estimates the pupil function together
with the complex-valued images, which means it can be readily applied for different
settings. We assess the performance of our framework on simulated data with a single
measured low-resolution image per reconstructed frame and show that it paves the way
for high-quality ultrafast FP.

The chapter is organized as follows. In 7.2, we describe a continuous-domain physical
model for FP along with its computationally efficient discretization. We present the
proposed reconstruction framework in 7.3 and the experimental results in 7.4.

7.2 Physical Model

In this section, we first formulate the physical model that relates the acquired measure-
ments and the sample of interest in the continuous domain. Then, we present a discretized
version of the forward model that can be implemented in a computationally efficient

manner.
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Figure 7.1: Acquisition setup of Fourier ptychography.

7.2.1 Continuous-Domain Formulation

The optical system in FP usually involves an array of L LEDs (see Figure 7.1), where
the [th LED illuminates the specimen with a tilted plane wave with wave vector k; € R?
(le £={1,2,...,L}) and wavelength A > 0. In this work, we consider the case where
only one LED is turned on for each measured image. However, our framework is also
compatible with more sophisticated acquisition settings [298].

We model the sample of interest as a 2D complex object, which is a valid assumption for
thin samples. Therefore, we can represent the moving sample as a complex-valued function
5: Qs x R>g — C, where g C R? includes the region of interest of the sample. Let
{tq}qQ:1 be the uniformly-spaced timestamps, with spacing A¢, at which we are interested
in observing the sample. We assume that the sample moves very slowly in the intervals
{Ty = [tg— A¢/2,tg+ A/ 2]}?:1. Thus, during Ty, we can acquire multiple measurements
{Ygw : Qy — R, where W < L and where Qy C R? includes the support of the
measurement, of the object s(-,¢,). Here, the tradeoff between the temporal resolution
and the spatial resolution can be understood in terms of Ay and W: a small value of
Ay (high temporal resolution) implies a small value of W, which yields a low spatial

resolution.

Let Z, C L, where ¢ € {1,2,...,Q}, be the set of LEDs that are switched on during
Ty; the cardinality of this set is |Z,| = W. Further, for w € {1,2,..., W}, we introduce
lgw = Zy(w) € L to denote the wth entry of Z,. The measurement image v, is obtained
when s(-,t,) is illuminated by the [, ,,th LED with the tilted plane wave r — o (Kiguw )
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As mentioned in [298, 310], it is given by

vou(®) = [FHB00F {5, 1)} 10} ()]
= |7 RSk — K, 1)} (r)f. (7.1)

Here, the operators F and F~! denote the Fourier transform and its inverse, respectively,
k € R? is the 2D spatial frequency variable, and the quantity 5(k,t,) denotes the Fourier
transform of s(r,t,). The pupil function? p : R? — C models the pupil aperture and is
compactly supported on a disk of radius 2#%, where NA is the numerical aperture of
the system, thus cutting off high frequencies.

7.2.2 Camera Sampling

The camera in the acquisition setup samples y,,, on a uniform grid with stepsize A and
records a discrete image ?}ﬁu of size® (M x M) such that

?‘qniu = Noise(y;%), (7.2)

where the (M x M) image y;‘ﬁv is the sampled version of y,,, given by

Y [m1,m2] =Yg <(m1 - M/2)A, (mg — M/2)A> (7.3)

form; =0,...,(M —1) and mg =0,...,(M — 1), and the operator Noise(:) models the
corruption of y(i;ﬁu by noise. Consider the quantity

tgau(r) = FH{BO)F {5 1) M)} (1) | (x). (7.4)

Due to the compact support of the pupil function p, the maximum angular frequency of
Ug,w 18 2#%. Note that the Fourier transform of y, ., can be written as

F (o} () = F {Juguul?} (k) = (aw ‘ aq,w) (x). (7.5)

where @), denotes the complex conjugate of 4, which is given by 4, (k) = g (—k),
and * denotes the convolution operation. Thus, the maximum angular frequency of ¥4
is %. Consequently, the Nyquist criterion dictates that the sampling step A of the
camera should satisfy

A</\

< (7.6)

2The pupil function p is described directly in the Fourier domain.
3We consider square even-sized images for the sake of simplicity.
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7.2.3 Discretized Forward Model

In this work, we obtain a discrete version s;"

(N x N) grid with pixel-size A,, as

of s(r,t;) by sampling it on a uniform

s;m[nl, ng| = s((nl — N/2)A,, (ng — N/Q)Ar,tq> (7.7)

forny =0,...,(N —1)and ng =0,...,(N —1). The image size is given by N = r, M,
where 1, = A/A, € N is the upsampling factor. Now, consider the 2D discrete Fourier
transform (DFT) of si]m. The corresponding pixel size in the Fourier domain (or angular
frequency resolution) is Ay = 27 /NA,. Thus, we discretize the pupil function such that

Bk, ] = ﬁ((kl M)A (ks M/2>Ak) (7.8)

for ky =0,...,(M —1) and k2 = 0,...,(M — 1). Note that the choice of A and Ay
ensures that the support of the pupil function lies within the (M x M) sampling grid for
p. Moreover, in our discretization scheme, we assume that the wave vector k;_,, can be
written as k;, , = (by, .10k, by, ,,,2Ak), Where by, , 1,b;, .2 € Z.

We now introduce some additional notations to specify the discrete forward model. Let
Youw € RMQ, Sq € (CNQ, and p € CM? be the vectorized versions of yiqrﬁu, siqm, and p™,
respectively. Then, let F, FZ)I € CQ**Q” be matrices that represent the 2D DFT and
its inverse of a (@ x @) image, respectively. Next, we define diag(p) € CM*XM? 4 he a
diagonal matrix whose entries are the values in p. Finally, Cqu’w is a boolean matrix
that restricts an N2-dimensional vector to an M?-dimensional vector depending on the

illumination wave vector k;, .

Proposition 7.1. The discrete counterpart of (7.1) can be computed as

4r? 2
Youw = |qu$wsq\2 = ’ﬂFMldlag(p)CquM Fns, (7.9)
p
Proof. Consider the quantity
tg(r) = FH{BO)F {5, 1) Ma) | (k) } (x)
= / plk)e ) / s(x, tg)e K Kigw X qx | dk. (7.10)
R2 R?2

We discretize the integrals in (7.10) using Riemann sums. A step-size Ay is used for the
integral with respect to k and a step-size A, is used for the integral with respect to versus.
The samples ul, [m1, ma] = tgw ((ml —M/2)A, (mg — M/2)Ag> form; =0,...,(M —1)
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and mg =0,...,(M — 1), are then given by

M—1M-1
wh, [ma, mo] = (AkA)? Z Z (ﬁ((kl — M/2)Ay, (k2 — M/Z)Ak)
k1 =0 ka—0
pi™[k1,k2)

x ol (k1=M/2)(m1—M/2)AkA j(ka—M/2)(ma—M/2)AA aqw[kh]@]), (7.11)

where

._\

N-1 N-1

Agw klka

(s((nl — N/2)A,, (ng — N/Z)Ar,tq>

sim[ng,no]

2=0

n1=0

3

e_j(kl_blq’w,l_M/Q)(nl_N/Q)AkAr e—j(kz—bl%w2—M/2)(7’L2—N/2)AkAr>' (712)

The limits in the sums in (7.11) and (7.12) are dictated by the supports of p and s(r, %),
respectively. By rearranging some terms and using the fact that AyA, = 27/N, we
rewrite (7.12) as

N—1 N-—1 5 5
ag [kfl,]@] — E Z n1,n2 e—JW(h—blq,w,l—M/Q)”l e—JW(kz—bzqyw,z—M/Q)nz
n1=0mn2=0
8im [k —by, 1 —M/2k2—by, . 2—M/2]
x el (k1=big 1 —M/2) ejW(k2—blq,w,2—M/2), (7.13)

where ’s\iqm is the (N, N)-point DFT of S;m and the shifts in the DFT are applied in a
circular manner. On plugging (7.13) into (7.11), we get that

M-1M-1
qw[ml,mQ 27T/N Z Z /ﬁ,k‘g [k‘l—blqwl—M/Q /{2 blq,w,Q_M/2]
k1=0 k2=0
w @ (F1=M/2)(m1—M/2)Ax A j(ke—M/2)(m2—M/2)ArA

u

w e (k1=biy o, 1=M/2) jm(ka=big ,, 2=M/2) | (7.14)

Next, we group all the exponential terms involving k; and ks and use AyA = 27 /M to

191



Chapter 7 Deep Spatiotemporal Regularization for Dynamic FP

obtain that

M-1M-1

qu[ml,mg] = 27T/N Z Zp kl,kig [kl*blq’w,l*M/27k2*blqﬂw,2*M/2]
k1=0 ko=0

« ej%kﬂm ej%k2m2 w e Im(mitbig 1) g=im(matby ,, 2) (7.15)

Let g, be the (M, M)-point IDFT of g%, [k1, ko] = P"™[k1, ko] Sy [k1—by, 0 —M/2, ko —
biyw.2 — M/2]. Then, the discrete measurements can be expressed as

. . 2 . 2
Ygulmi, ma] = qw[ml,mg]‘ = ‘(4%2/7“3) gow[m1,mal| . (7.16)

Note that the computation of gl involves taking the (N, N')-point DFT of si, (circularly)
shifting it according to the wave vector k;,_,, restricting the shifted DF'T to an (M x M)
image, performing pointwise multiplication with p'™, and then taking the (M, M )-point
IDFT. This allows us to write (7.16) in vectorized form as in the right-hand side of
(7.9). O

While the discrete forward model (7.9) has previously been used in works such as [310],
to the best of our knowledge, a systematic derivation of (7.9) from the continuous model
(7.1) has not been presented in the literature.

7.3 Reconstruction Framework

The goal in dynamic FP is to reconstruct the images {s, € cN? }Q from the recorded
measurements {{y, . € RM? 1} *_,. We first present our neural-network-based frame-
work for the case of a well—characterlzed pupil function. Then, we describe a way to
incorporate the recovery of the pupil function into our reconstruction algorithm.

7.3.1 Deep Spatiotemporal Regularization

In our framework, we propose to use an extended version of the untrained-neural-network-
based method presented in Section 2.2.3 to impose spatiotemporal regularization on the
sequence of images. We parameterize each of the () images as the output of a single CNN
fo : RN — N 2, with parameters @ € RP, applied to some fixed input latent vector
Zg € RNZQ, qg=1,...,Q. We choose these latent vectors such that they lie on a straight
line, in accordance with

zq:zl—l—gg_l(zQ—zl), g=1,...,Q, (7.17)
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Figure 7.2: Spatiotemporal regularization using the generative neural network fy.

where the end-points z1,z¢ are fixed beforehand (for example, by drawing two samples
from some multivariate probability distribution). We then estimate the parameters of the
network according to

Q W

6" cargmin 3 > D(yw, |qu,wf0(zq)|2>’ (7.18)
OeR” q=1w=1

where D : RM* x RM* R, is a data-fidelity term derived from a suitable statistical
model for the Noise(-) operator (like in Equation 2.8) and the reconstructed sequence is
{s;‘}qQ:1 = {fg~ (Zq)}qQ:1~ The rationale behind our choice of the latent vectors is to allow
the CNN to associate the spatial proximity between them with the temporal proximity of
the images. In this manner, the architecture of the network imposes spatial regularization
while the use of a shared network for all images and the design of the latent space impose
temporal regularization. A schematic illustration of our framework is given in Figure 7.2.

7.3.2 Optimization Strategy

The relation between the measurements and the underlying images is nonlinear, which
makes the inverse problem very challenging. The fact that only one LED is switched on
for each measurement further adds to the difficulty. Thus, in order to avoid bad local
minima while solving the optimization problem in (7.18), we initialize the parameters of
the network according to

N Q
0 corg iy 3 (1501 o], + [[ore (5) —ave (tota) ).~ 719

where {§q}qQ:1 are low-quality reconstructions obtained via a standard frame-by-frame
method. The magnitude |- | and phase arg(-) operations in (7.19) are applied component-
wise. We can solve (7.19) using off-the-shelf minibatch stochastic gradient-descent al-
gorithms. However, it is not desirable to run these algorithms till convergence as the
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Algorithm 4 Initialization of network parameters.

Input: Low-quality reconstructions {§q}§:1, latent vectors {Zq}qQ:1> batch size Bg,
tolerance €o1, maximum number of iterations nayx.

Randomly initialize 0

Lhatch < +00, 7 < 0

while Lyp,icn > €101 do

Randomly sample a batch Q of size Bg from {1,2,...,Q}

Compute Loaien(8) = Sco ( Bl = fa(z0)l | + | are (5,) - arg (fo(z)) Hl)
Update 0 with gradient VgLpatch(0)
14—1+1
if i > npax then
Exit the while loop
end if
end while
Output: Network parameters 6

network then overfits the artifacts present in the low-quality reconstructions. Thus, in
our initialization routine, which is described in Algorithm 4, we deploy early stopping
by choosing suitable values for the tolerance €, and the maximum number of iterations
Nmax (see Section 7.4.1 for details).

After the initialization, we can solve (7.18) using again some minibatch stochastic gradient-
descent algorithm. In some cases (for example, when the measurements are corrupted
by a non-negligible amount of noise), running the optimization process beyond a certain
number of iterations leads to deterioration of the reconstruction quality as the network
begins to overfit the measurements. Thus, we also adopt early stopping when necessary.

For both the initialization and reconstruction tasks, we use (minibatch) stochastic gradient-
descent algorithms instead of deterministic ones. This introduces additional hyperparam-
eters (batch sizes) that must be set appropriately. However, stochastic methods with
small batch sizes require much less memory than the deterministic ones. In fact, if the
number of frames @) is large, applying a deteministic gradient-descent method is infeasible.
Further, such stochastic methods are also more likely to escape bad local minima and thus
reach better solutions. Indeed, in our experiments, we observed that using reasonably
small batch sizes (Bg = 10) led to better reconstructions than using large batch sizes

(Bg = 40).

7.3.3 Recovery of the Pupil Function

So far, we have assumed complete knowledge of the pupil function in our reconstruction
framework. However, the pupil function is typically not well-characterized in FP. Thus,
similar to the work in [311, 319], we estimate it along with the sequence of images.
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Algorithm 5 Joint recovery of dynamic sample and pupil function.

Input: Measurements {{§q,w}wwzl}§:1, LED indices {{lq,w}z‘ﬁ/:l}qQ:l, latent vectors
{Zq}qQ:1> initial network parameters 5, initial Zernike coefficients ¢, regularization
parameter 7, batch sizes { By, Bg}, number of epochs nep.
00, c¢c
mw 12 ], ng « L]
for nep epochs do
for nyy iterations do
Randomly sample a batch W of size By from {1,2,..., W}
for ng iterations do
Randomly sample a batch Q of size Bg from {1,2,...,Q}

Compute the loss Lpatch(0,c) = qug ZwEW D(iq,w, |qu’w(c)fg(zq)]2)
Update @ with gradient Vg Lpatcn (6, €)
Update ¢ with gradient V¢Lpaten (0, €)

end for
end for
end for
Output: Reconstructed images {fg (zq)}qul, Zernike coefficients ¢

Following [319], we use Zernike polynomials to represent the pupil function with only
a few parameters (< M?). These functions are orthogonal on the unit circle and are
often used in optics for modeling aberrations. We express the pupil function in polar
coordinates (p, ¢) as

A
~ exp | j CaZyg, ﬂy ) ,p < 2rNA
plp,¢) = p<J a; <2“NA ¢> P=70 (7.20)

0, otherwise,

where Z, is the ath Zernike polynomial according to Noll’s sequential indices (refer to
7.6.1 for details) and ¢ = (c,)/L; € R4 (A < M?) contains the Zernike coefficients. The
pupil function is discretized as in (7.8) by evaluating (7.20) on the required Cartesian grid.
We denote the vectorized discrete pupil function by p(c) € RM * to explicitly indicate the
dependence on the Zernike coefficients. Similarly, our forward model (7.9) is then written

as
2

(7.21)

472
Yow = |qu,w(c)sq|2 = ‘

TTFdeiag(ﬁ(c))Cqu’w Fnsq
p

Finally, the optimization problem for the joint recovery of the pupil function and the

sequence of images is

Q W
(60*,¢*) € argmin ZZD(@W, \Hl%w(c)fg(zq)\Z), (7.22)

O€RP ceR4 7 ;.21
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Figure 7.3: Simulated FP setup. Panel A: LED array. Panel B: Pupil function.

where D : RM” x RM* 4 R, is the data-fidelity term. We can solve (7.22) using a
minibatch stochastic gradient-descent algorithm coupled with early stopping if required.
Our complete reconstruction algorithm is summarized in Algorithm 5.

7.4 Numerical Results

7.4.1 Simulated Setup

We demonstrate the advantages of our reconstruction method on simulated data. We
consider an FP setup consisting of L = 100 LEDs arranged in a (10 x 10) uniform
grid with a spacing of di, = 4mm. The maximum illumination NA of the LED array,
which is placed at distance h = 90.88 mm from the sample, is 0.27. The LEDs emit
light with wavelength A = 532nm. The numerical aperture of the objective is NA = 0.1.
We have chosen these values of di,, h, A and NA based on the experimental setup in
[314]. The pupil function is defined according to (7.20) using the first nine Zernike
polynomials with coefficients ¢ = (0,0.15,0.3,—0.1,0.2,0,0,0,0) € R. We take the
low-resolution measurements acquired by the camera to be of size (64 x 64) with pixel-size

A= ﬁ = 1.33um and we set the oversampling ratio as r, = 4. Consequently, the pixel
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Figure 7.4: First and second row: frames of the ground-truth sequence (amplitude and
phase). Third and fourth row: corresponding low-resolution measurements (noiseless
and noisy, normalized for visualization). The signal-to-noise ratios for the noisy measure-

ments, computed as 20log;, %’
q q
measurement images. Scale bar: 10 pm.

are indicated at the bottom right corners of the

size for the highresolution image is A, = 332.5nm and the step-size for discretizing the
pupil function is Ay = 0.074pm~!. The LED array and the pupil function are shown in
Figure 7.3.

Our ground truth is a sequence of complex-valued images {s, € C256” 30:01 of size (256 x256)
which we created from experimental phase images*. We place ourselves in the extremely
challenging ultrafast regime where only one measurement is acquired for each image in
the sequence. For each measurement, a single LED of index® l4 is randomly activated
and a low-resolution image® Yq € R54* is simulated according to (7.21). The recorded

measurement image y, € R64” is then generated according to

Yq =Yq T ng, (7.23)

“The experimental phase images are from [331] and are available at http://celltrackingchallenge.net /2d-
datasets/.
5We have dropped the index w as W = 1.
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2, . . . . .
where n, € R%" is a realization of a zero-mean Gaussian random vector with covariance

matrix 3, € [R64% %647 Specifically, we consider two settings for our simulations. In

the first case, 3, is the zero matrix, which means that the recorded measurements are
6 2
m=
There, (7.23) corresponds to a Gaussian approximation of the Poisson noise model with a
photon budget of 1000.

noiseless. In the second case, ¥, is a diagonal matrix with entries (([yq]m) / 1000)

We show some of the frames in the ground-truth sequence and the corresponding measure-
ments for both the settings (noiseless and noisy) in 7.4. The full sequences are provided
in the supplementary material.

7.4.2 Implementation of the Deep Spatiotemporal Regularizer

In this subsection, we describe the implementation of our reconstruction method—the
deep spatiotemporal regularizer (DSTR).

Network Architecture

It has been observed that the choice of the network architecture can greatly affect the
performance of untrained-neural-network-based methods [82|. Therefore, the common
practice when deploying such schemes is to select the architecture in an empirical trial-
and-error manner for the specific task at hand. For our experiments, inspired by [330],
we adopt a convolutional decoder-like architecture for fy, which, as we demonstrate in
Sections 7.4.5 and 7.4.6, yields high-quality reconstructions. It takes a low-dimensional
input vector z € R and outputs a complex-valued (vectorized) image fg(z) € C26°,
The architectural details are described in Table 7.1. In particular, the complex-valued
image is generated from a pair of magnitude and phase images. The initial part of the
network creates feature maps of size (128 x 256 x 256). These are then fed into both
the magnitude and phase branches of the network. The magnitude branch consists of a
convolutional layer followed by the pointwise differentiable rectified linear unit (DReLU)
activation function, which we define as

yexp(s —1), =<7y

(7.24)
T, otherwise,

DReLU(z) = {

where v > 0 is set a priori. We use DReLU (with v = 0.1) instead of ReLU to avoid the
“dead-neuron" issue during the first few iterations of the optimization, while ensuring that
the magnitude is positive. Meanwhile, the phase branch consists of a convolutional layer
followed by the 7 tanh nonlinearity to constrain the phase to lie within the range [—m, 7].
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Layers Output shape
Reshape 1x8x8
2 x (Conv + BN + ReLU) 128 X 8 x 8

Upsampling + 2 x (Conv + BN + ReLU) 128 x 16 x 16
Upsampling + 2 x (Conv + BN + ReLU) 128 x 32 x 32
Upsampling + 2 x (Conv + BN + ReLU) 128 x 64 x 64

x (Conv + BN + ReLU) 128 x 128 x 128
Upsampling + 2 x (Conv + BN + ReLU) 128 x 256 x 256

Upsampling + 2

Magnitude: Conv + DReLLU 1 x 256 x 256

Phase: Conv + mtanh 1 x 256 x 256

Combination: Magnitude @ elFhase 1 x 256 x 256
Reshape 1 x 2562

Table 7.1: Architecture of the network fg. Size of input: (1 x 82). Conv: convolutional
layer with (3 x 3) kernels and reflective boundary conditions. BN: batch normalization
layer. Upsampling: nearest neighbor interpolation. The amplitude and phase branches
take the same input of size (128 x 256 x 256) and output the magnitude and phase images
of size (1 x 256 x 256), respectively. DReLU is described in (7.24). The combination layer
generates a complex-valued image from the magnitude and phase images. This network
consists of 1,628,546 learnable parameters.

Latent Vectors

As mentioned in Section 7.3.1, the latent vectors {z, € RS’ 31(;01 are chosen such that they
lie on the straight line defined in (7.17). We fix the end-points z1,zjoo of this line by
drawing two samples from the standard multivariate normal distribution in 82 dimensions.

Initialization

In all our experiments, we initialize the parameters of the network using reconstructions
obtained from the Gerchberg-Saxton algorithm (briefly described in Section 7.4.3). We
run Algorithm 4 using the AMSGrad solver [332] with a learning rate of 1073, batch
size Bg = 10, tolerance €, = 0.1 x (Bg x 2562) and maximum number of iterations
Nmax = 1000. We then freeze the tunable parameters of the batch-normalization layers.
For experiments involving the estimation of the pupil function, we initialize the Zernike
coefficients as ¢ = 0.

We have observed that the initialization of the network parameters has an impact on
the reconstruction quality. For example, randomly initializing the parameters does not
lead to satisfactory results. However, initializing the network by simply fitting it to
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low-quality solutions of the Gerchberg-Saxton algorithm (along with early stopping to
avoid overfitting the artifacts) allows us to obtain excellent reconstructions (see Sections
7.4.5 and 7.4.6).

Choice of the Data-Fidelity Term

In our simulations, we consider two kinds of measurements—noiseless and those corrupted
by (an approximation of) Poisson noise. For the latter, the data-fidelity term based on
the negative log-likelihood function corresponding to the Poisson distribution is given by

M
DPoisson(a; b) = Z ( - [a]m IOg([b]m) + [b]m)a (725)

m=1

where a,b € RM . However, for optimization-based FP reconstruction, it has been shown
(experimentally) in [310] that a cost function of the form

Dygrla,b) = 5 |va — VB (7.26)

yields better reconstructions than the one in (7.25). Thus, for our reconstruction experi-
ments, we use the slightly modified version of (7.26) given by

D(a,b)z%”\/a—i-el—\/b—i—el z, (7.27)

where 1 € RM? is a vector with all entries equal to 1 and € = 10719 helps us avoid
numerical instabilities in the computation of the gradient. We would like to mention that
Dsqrt can be interpreted from a statistical point of view as being based on the negative
log-likelihood function derived from the distribution of the transformed measurements
\/'}vf»q. This is due to the well-known property that if X is a Poisson random variable
with mean px, then Y = v/X approximately follows a Gaussian distribution with mean
py = /kx and variance o3 = 1/4 [333, 334].

For the noiseless setting, ideally we should optimize the network parameters such that
the generated sequence fits the measurements exactly. However, it is difficult to solve
this constrained optimization problem and thus we use the data-fidelity term from (7.27)
in this case as well.

Note: The details regarding the optimization process for (7.18) and (7.22) are provided
in Sections 7.4.5 and 7.4.6.

7.4.3 Comparisons

We compare our proposed framework to the following methods.
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Gerchberg-Saxton Algorithm The GS algorithm [302] is a classical method for phase
retrieval. Assuming that the Zernike coefficient vector ¢ is known, it aims at solving the
feasibility problem

Stisq € {5150 = Hy, (05} (7.28)

for g =1,2,...,100, by alternately updating the image plane and the object plane. We
refer the reader to [302] for more details. When the pupil function is not well-characterized,
we do not incorporate its recovery within the GS algorithm. Instead, we solve (7.28)
assuming an idealized pupil function with no phase aberrations that corresponds to ¢ = 0.

Data-Consistency Estimator Based on the work in [310], we consider a data-
consistency (DC) estimator that minimizes the (slightly modified) “amplitude-based" cost
function (7.27). For the joint recovery of the images and pupil function, it is given by

100
(sbes--sshoosebe) €arg  min S D(3, [Hy (0)s ). (7:29)
[ARRS] ’ q:1

where D(+, ) is defined in (7.27).

Spatially Total-Variation-Regularized Estimator In our numerical simulations,
we also consider a regularized estimator where the cost function in (7.29) is augmented
with spatial anisotropic TV regularization for each frame. It is given by

100
* * * . ~ 2
(SSTV,lv"‘7SSTV,1OO’CSTV> € arg  min Z <D(an [H;, (c)sq| )

-1

S1,.-+,8100,C

[T} + T [Eoretsi} ). (730
where the operator L : RN — R2V computes finite differences in both the directions for
the underlying image, and {Tamp.q, Tphase,q}}}gol C R, are hyperparameters that control
the strength of the regularization.

Spatiotemporally Total-Variation-Regularized Estimator Finally, we also im-
plement a spatiotemporally-regularized estimator where the cost function in (7.29) is
augmented with both spatial and temporal TV regularization. It is given by
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100
* * * . ~ 2
(sSTTV,17-~-7SSTTV,1007CSTTV> € arg min Z (77(}’(17 ’qu(c)sq\ )

S1,.--,5100,C
q=1

+ Tamp,s

Lw@@wﬂ)
99

+ Z <Tamp,tH‘Sq/+1| - |Sq,’H1
q'=1

forgtogsn) —argts,)] ). ()

L{|Sq|}H1 + Tphase,s

+ Tphase,t

where L : RN — R2 is the finite-difference operator and {Tamp,s: Tphase,s> Tamp,t» Tphase,t } C
R, are the regularization hyperparameters.

7.4.4 Evaluation Metric

We quantify the performance of a method by computing the regressed signal-to-noise ratio
(RSNR) for the entire reconstructed sequence of images. Let s and 8* denote vectorized
versions of the ground truth and reconstruction, respectively. These are created by
concatenating the vectorized representations of each frame in the sequence. The RSNR is

computed as
5|2

. 7.32
F -l 732

RSNR(5%,8) = max 20log;,
aeC

We also report the SNR for the pupil function whenever it is jointly estimated with the
sequence of images. This metric is computed as

B2
(c) = ()2’

where ¢ and c* are the ground-truth and estimated Zernike coefficients, respectively.

SNR(ﬁ(c),ﬁ(c*)) = 20logyy = (7.33)

7.4.5 Reconstruction from Noiseless Measurements

We now present two experiments involving noiseless measurements. In both of them, we
run the iterative algorithm for each method for a sufficient number of iterations (details
are provided below), beyond which the reconstruction does not change significantly. In
other words, we do not deploy early stopping for any method as the measurements are
noiseless.
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Table 7.2: Reconstruction from noiseless measurements with a perfectly characterized
pupil function.

Method GS DC STV STTV DSTR
RSNR [dB] | 17.24 9.66 17.85 1858 28.61

GT GS DC STV STTV DSTR

. L oa WV e &

vl ;ﬂ

Amplitude 5

Phase

Phase Ampl. g

Figure 7.5: Reconstruction from noiseless measurements with a perfectly characterized
pupil function. Panel A: XY view for the frame index ¢ = 26. Panel B: XT view for the
Y position indicated in Panel A (GT, Phase, dashed line). Scale bar: 10 pm.

Perfectly Characterized Pupil Function

We first consider an idealized setting where the pupil function is perfectly characterized
and is therefore not estimated during the reconstruction of the images of interest. In this
scenario, the DC and STV estimators can be computed in frame-by-frame manner (similar
to the GS method) by decomposing the overall optimization problems into @@ = 100
smaller ones. We solve these by running AMSGrad with a learning rate of 10~3 for 1,000
iterations. In order to improve their performance, we initialize the GS, DC, and STV
methods for the timestamp ¢, with the reconstructed images from the previous timestamp
tg—1. The GS solution is used for initializing the STTV method. We solve (7.31) by using
AMSGrad for 10,000 epochs with a learning rate of 1072 and a full batch size of 100.
The optimal hyperparameters {Tamp,q, Tphaseg}égol and {Tamp,s; Tphase,s» Tamp,t, Tphase,¢ } {OT
the STV and STTV methods, respectively, are chosen via a grid-search. For DSTR, the
network parameters are initialized with the help of the GS solution. We then solve (7.18)
by running the AMSGrad optimizer for 10,000 epochs with a learning rate of 5 x 107>
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Table 7.3: Joint recovery of the dynamic sample and the pupil function from noiseless
measurements.

Method GS DC STV STTV DSTR
Sequence RSNR [dB] | 14.70 14.82 15.88 17.10 28.04
Pupil SNR [dB]| N.A. 828 957 1274 31.22

and a batch size of Bg = 10.

We present the RSNR values for all the methods in Table 7.2. Further, we display some
slices of the (2D + time) reconstructions in Figure 7.5. The entire reconstructed sequences
can be found at the link given in Appendix 7.6.2. We observe that the proposed method
significantly outperforms the GS, DC, STV and STTV methods. Even though only one
measurement is acquired per frame, it yields a high-quality reconstruction, unlike the
other methods which exhibit various artifacts (for example, the features marked by arrows
in Figure 7.5).

Joint Recovery of Dynamic Sample and Pupil Function

Next, we consider a setting where the pupil function is not well-characterized and is
therefore estimated jointly with the dynamic sample in our framework and in the DC,
STV and STTV methods. (We do not adapt the GS algorithm for the recovery of the
pupil function; we simply assume the idealized pupil function ¢ = 0.) For the DC, STV
and STTV methods, the sequence of images is initialized with the GS solution and the
Zernike coefficients are initialized as ¢ = 0. We solve (7.29) and (7.30) by running the
AMSGrad optimizer for 10,000 epochs with a learning rate of 1072 and a batch size of
10. For solving (7.31), we run AMSGrad for 10,000 epochs with a learning rate of 103
and a full batch size of 100. In the STV method, we select two global hyperparameters
{Tamp; Tphase } Via grid search and share them among all frames. The hyperparameters
{Tamp,s, Tphase,s> Tamp,¢t> Tphase,t } for the STTV method are also tuned for best performance
with the help of a grid search. In our method, we initialize the network parameters using
the GS solution and we initialize the Zernike coefficients as ¢ = 0. We solve (7.18) by
running AMSGrad for 10,000 epochs with a learning rate of 5 x 1075 and a batch size of
Bg = 10.

We present the RSNR and SNR values for the reconstructed sequence and the pupil
function, respectively, in Table 7.3. We also show some slices of the (2D + time)
reconstructions and the recovered pupil functions (phase) in Figure 7.6, as well as the
recovered Zernike coefficients in Figure 7.7. The full reconstructed sequences are provided
at the link mentioned in Appendix 7.6.2. Here, the DC, STV and STTV methods fail
to recover the Zernike coefficients (i.e., the pupil function) accurately and yield poor
reconstructions of the dynamic sample. On the contrary, our method provides a good
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Figure 7.6: Joint recovery of the dynamic sample and the pupil function from noiseless
measurements. Panel A: XY view for the frame index ¢ = 26. Panel B: XT view for the
Y position indicated in Panel A (GT, Phase, dashed line). Panel C: phase of the pupil
function. Scale bar (for Panels A and B): 10 pm.
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Figure 7.7: Recovered Zernike coefficients from noiseless measurements. The first (Noll
index = 1) Zernike mode only contributes a constant phase factor which has no effect on
the intensity measurements and thus can be ignored.
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Table 7.4: Joint recovery of the dynamic sample and the pupil function from noisy
measurements.

Method GS DC STV STTV DSTR
Sequence RSNR [dB] | 14.09 14.14 14.65 16.39 24.86
Pupil SNR [dB]| N.A. 936 10.66 1498 28.36

estimate of the pupil function along with a high-quality reconstruction of the moving

sample.

7.4.6 Reconstruction from Noisy Measurements

Finally, we consider the joint recovery of the sequence of images and the pupil function
from noisy measurements. In this case, we observe that the GS, DC and DSTR methods
require early stopping as running the corresponding iterative algorithm beyond a point
leads to overfitting the noisy measurements. Thus, we run each method for a sufficiently
large number of epochs (= 10,000) and we report the reconstruction that achieves the
best RSNR during these epochs. For each method, we use the initialization, optimizer,
learning rate and batch size described in Section 7.4.3. The hyperparameters for the STV
and STTV methods are also tuned in the same way as in Section 7.4.3.

We summarize the quantitative results for all the methods in Table 7.4. We display some
slices of the (2D + time) reconstructions and the estimated pupil functions (phase) in
Figure 7.8, and we present the recovered Zernike coefficients in Figure 7.9. The entire
reconstructed sequences are available at the link provided in Appendix 7.6.2. In this
setting, as shown in Figure 7.4, the dark-field measurements are corrupted by significant
amounts of noise, which makes the recovery problem quite challenging. Remarkably, our
method still yields reconstructions of very good quality and outperforms the DC, STV
and STTV methods by a big margin.

7.4.7 Computational Cost

In all our experiments, we used an Intel Xeon Gold 6240R (2.6 GHz) CPU for the GS
method and an NVIDIA V100 GPU for the DC, STV, SSTV and DSTR methods. While
DSTR achieves substantially better reconstruction quality than the other methods, its
computational cost is also higher. For example, the run time for DSTR was around 5.5
hours as opposed to 3 — 30 minutes for the other approaches when jointly estimating the
sequence and the pupil function from noiseless measurements.
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Figure 7.8: Joint recovery of the dynamic sample and the pupil function from noisy
measurements. Panel A: XY view for the frame index ¢ = 26. Panel B: XT view for the
Y position indicated in Panel A (GT, Phase, dashed line). Panel C: phase of the pupil
function. Scale bar (for Panels A and B): 10 pm.
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Figure 7.9: Recovered Zernike coefficients from noisy measurements. The first (Noll index
= 1) Zernike mode only contributes a constant phase factor which has no effect on the
intensity measurements and thus can be ignored.
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7.5 Summary

We have presented a neural-network-based framework that does not require training data
for the reconstruction of high-resolution complex-valued images of a moving sample in
dynamic Fourier ptychography. In our method, we have parameterized the sequence
of images to be reconstructed using a shared convolutional network with adjustable
parameters. We have encoded the temporal behavior of the sample in the input vectors of
the network by constraining them to lie on a one-dimensional manifold. In this manner, we
have leveraged both the structural prior of a neural network and the temporal regularity
between consecutive frames. Further, we have incorporated the recovery of the pupil
function of the microscope within our framework. Finally, with the help of simulations, we
have shown that the proposed approach drastically improves the quality of reconstruction
over standard frame-by-frame methods.

7.6 Appendix

7.6.1 Zernike Polynomials

In the polar coordinates (p, ¢), the Zernike polynomials are given by

S 50
where u € Z, v € N, p € [0,1], ¢ € [0,27), and
R =1 & (<(>)) ((<)I>) P ol s even, g g
0, (v —|ul) is odd.

For a € Z4 \ {0}, Noll’s sequential indexing defines a mapping Z\' — Z, such that

0,u>0 A |v/2] € 2N
v(v+1) 0,u<0 A |v/2] €2N+1
= 7 7.36
“ 2 Tl 0 w0 A (w2 eamtt (7.36)
0,u<0 A |v/2] € 2N.

7.6.2 Data Link

The data corresponding to our experiments (the full ground-truth sequences and all the
reconstructed sequences) can be found at https://iopscience.iop.org/article/10.1088/1361-
6420/acca72/meta.
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Conclusion

In this thesis, we have presented a collection of novel reconstruction methods for solving
ill-posed inverse problems. These methods were developed within the penalized-likelihood-
based estimation and Bayesian estimation paradigms and range from those that involve
classical sparsity-based signal models to those that exploit the power of neural networks.
In this concluding chapter, we first summarize our contributions and then briefly outline

some directions for future research.

8.1 Contributions

Part I: The World of Sparsity

In the first part of the thesis, we have focused on sparse signal models in the context of
linear inverse problems for 1D signals.

Continuous-Domain L,-norm Regularization

We have devised an algorithm to numerically solve L,-regularized generalized-interpolation
problems for p > 1 and with a multi-order derivative regularization operator DV0. Our
method involves the use of splines of degree Ny, with uniformly spaced knots, for an exact
discretization. The resulting discrete problem is solved using the alternating direction
method of multipliers (ADMM) and a small-enough grid size is picked with the help of a
grid-refinement strategy. Through our experiments for spatial and Fourier interpolation,
we have established the existence of a continuum of solutions as p goes from oo to 1. We
have also made insightful observations about properties of L,-regularized solutions such
as sparsity, regularity, and Gibbs-like oscillations and overshoot.
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Chapter 8 Conclusion

Sparse Stochastic Processes

We have introduced a sparse-stochastic-processes-based framework to objectively bench-
mark the performance of reconstruction algorithms in the context of 1D linear inverse
problems. In particular, our framework facilitates the benchmarking of neural-network-
based methods that require large amounts of training data. We have developed customized
Gibbs sampling schemes to compute the minimum-mean-square-error (MMSE) estimators
for specific classes of sparse processes. These provide an upper bound on reconstruction
performance and thus allow us to specify a quantitative measure of the statistical op-
timality of any given method. We have highlighted the abilities of our framework by
benchmarking some iterative sparsity-promoting techniques (such as the total-variation-
regularized method) and convolutional neural network (CNN) architectures that perform
direct nonlinear reconstructions for deconvolution and Fourier-sampling problems. There,
we have observed that, while CNNs outperform these sparsity-based approaches and
achieve a near-optimal performance in terms of the mean-square error for a wide range of
conditions, they can sometimes fail too, especially for signals with heavy-tailed innovations.

Part II: The Neural Network Revolution

In the second part of the thesis, we have looked at the integration of neural networks into
the penalized-likelihood-based estimation and Bayesian estimation paradigms for image
reconstruction.

Convergent Iterative Image-Reconstruction Methods

We have developed an efficient module for learning pointwise continuous piecewise-linear
activation functions in neural networks. We have shown how our module can be adapted
to train powerful 1-Lipschitz denoising neural networks and learnable convex regularizers,
which can then be deployed within provably convergent iterative image-recontruction
methods.

1. Learning Activation Functions in Neural Networks

We have presented an efficient computational solution based on B-splines to train neural
networks with adjustable linear spline activation functions. Through several experiments
for classification and signal-recovery, we have demonstrated that our method compares
favorably to the widely-used ReLLU networks, the improvement being more pronounced

for simpler/smaller networks.

2. Lipschitz-Constrained Neural Networks for Plug-and-Play Reconstruction

We have proposed a framework to efficiently train Lipschitz-constrained neural networks
with learnable linear-spline activation functions. Empirically, we have shown that our
approach outperforms other Lipschitz-constrained neural architectures for a variety of
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tasks including plug-and-play image reconstruction.

3. A Neural-Network-Based Convezr Regularizer

We have proposed a framework to learn universal convex-ridge regularizers with adaptive
profiles. When applied to inverse problems, it is competitive with recent deep-learning-
based approaches that also prioritize reliability of the method. Our models are not only
faster to train, but they also offer improvements in reconstruction quality.

Deep Generative Priors for Nonlinear Inverse Problems

We have developed a Bayesian reconstruction pipeline for the resolution of nonlinear
inverse problems that leverages the power of deep generative models (such as variational
autoencoders or generative adversarial networks) as image priors. Specifically, we have
designed a tractable posterior-sampling scheme based on the Metropolis-adjusted Langevin
algorithm (MALA) for the class of nonlinear inverse problems where the forward model
has a neural-network-like computational structure. This class includes a wide variety of
practical imaging modalities. We have also proposed the concept of augmented generative
models to tackle the problem of the quantitative recovery of images. We have illustrated
the advantages of our framework by applying it to phase retrieval and optical diffraction
tomography.

Deep Spatiotemporal Regularization for Dynamic Fourier Ptychography

We have presented a neural-network-based framework that does not require training
data for the reconstruction of high-resolution complex-valued images of a moving sample
in dynamic Fourier ptychography (FP). In our method, we parametrize the sequence
of images to be reconstructed as the outputs of a shared untrained deep convolutional
network driven by a series of fixed input vectors that lie on a one-dimensional (temporal)
manifold. The parameters of the network are then optimized to globally fit the acquired
measurements according to a suitable likelihood-based criterion. The architecture of the
network and the constraints on the input vectors impose spatiotemporal regularization on
the sequence of images. We have also incorporated the estimation of the pupil function
of the microscope within our framework. With the help of simulations, we have shown
that our approach yields state-of-the-art reconstructions.

8.2 Outlook

In Chapter 3, we designed an exact discretization scheme for the L,-regularized generalized-
interpolation problem in 1D. Similar schemes have also been proposed to discretize MPL
estimators (formulated directly in the continuous domain) for 1D linear inverse problems
corresponding to the gT'V regularization [104, 115|. The advantage of these approaches is
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that they incur no discretization error and are better matched to the underlying analog
signal. A potential direction of research is the development of such exact discretization
methods in higher dimensions for sparsity-based models such as the total-variation [25]
and Hessian total-variation [335, 336| regularizers.

In Chapter 4, we presented a framework based on 1D first-order sparse stochastic processes
to benchmark reconstruction algorithms. One can extend this framework to include hybrid
processes (constructed by the superposition of elementary processes), which are suitable
for modelling multicomponent signals. Another interesting (and more challenging) avenue
for research is to extend our framework to non-separable multidimensional signal models.
One possible way to do this would be to define a new class of multidimensional stochastic
processes using the spline-operator-based framework of [135, 136].

In Chapter 5, we developed a module for learning component-wise activation functions
in neural networks. An interesting direction of future work is the design of an efficient
module for learning multivariate activation functions. For example, one could attempt to
design nonlinearities ¢ : R? — R? using the box spline representation from [337|, with a
possible application being the development of powerful complex-valued neural networks.

While our experiments in Chapter 6 demonstrated the potential of our deep-generative-
prior-based Bayesian reconstruction framework, in the present form, our scheme lacks
theoretical guarantees for MALA to be geometrically ergodic (convergence to the equilib-
rium distribution at a geometric rate). A topic of future work could be to investigate
the imposition of appropriate constraints on the generative model such that the resulting
posterior distribution satisfies certain smoothness and tail conditions [290] that ensure
geometric ergodicity of MALA. Also, the performance of our scheme heavily relies on how
well the prior models the object of interest. Thus, any progress on the side of designing
and training high-quality large-scale deep generative models could be translated to our
framework. Finally, while the neural-network-like structure of our forward models make
our approach tractable, like MCMC methods in general, it requires a lot of computation.
It could be interesting to consider alternatives to MALA that might help in speeding up
this approach.

In Chapter 7, we presented an untrained-neural-network-based spatiotemporal regular-
ization method for high-quality dynamic FP reconstruction. We deployed our method
with early stopping for simulations involving noisy measurements. Alternately, one can
adapt the idea in [84] and perform Bayesian estimation for the network parameters with a
simple Gaussian prior distribution, which would then eliminate the need for early stopping.
Moreover, this approach would also enable us to obtain a pixelwise variance map for each
image in the sequence in addition its point estimate.
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