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Variational formulation of inverse problems

2

noise

n

Linear forward model

s
Integral operator

H

y = Hs+ n

Problem: recover s from noisy measurements y

srec = arg min
s2RN

ky �Hsk22| {z }
data consistency

+ �kLskpp| {z }
regularization

, p = 1, 2

Reconstruction as an optimization problem



Formal linear solution: s = (HT
H+ �LT

L)�1
H

T
y = R� · y

Linear inverse problems (20th century theory)
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Equivalent variational problem

s
? = argmin ky �Hsk22| {z }

data consistency

+ �kLsk22| {z }
regularization

Interpretation: “filtered” backprojection

R(s) = kLsk22: regularization (or smoothness) functional

L: regularization operator (i.e., Gradient)

Formal linear solution: s = (HT
H+ �LT

L)�1
H

T
y = R� · y

Andrey N. Tikhonov (1906-1993)

min
s

R(s) subject to ky �Hsk22  �2

Dealing with ill-posed problems: Tikhonov regularization

Learning as a (linear) inverse problem
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but an infinite-dimensional one …

minf2H R(f) subject to
MX

m=1

|ym � f(xm)|2  �2

Introduce smoothness or regularization constraint

R(f) = kfk2
H

= kLfk2L2
=

Z

RN

|Lf(x)|2dx: regularization functional

(Poggio-Girosi 1990)

(Wahba 1990; Schölkopf 2001) 

) kernel estimator

Regularized least-squares fit (theory of RKHS)

fRKHS = argmin
f2H

 
MX

m=1

|ym � f(xm)|2 + �kfk2
H

!

<latexit sha1_base64="T+C9yVxj8piky8k/0T8uhwwPugc="></latexit>

Given the data points (xm, ym) 2 RN+1, find f : RN ! R s.t. f(xm) ⇡ ym for m = 1, . . . ,M
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2

II. Continuous-domain theory of sparsity
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(Fisher-Jerome 1975)

L1 splines

(U.-Fageot-Ward, SIAM Review 2017)
gTV optimality of splines for inverse problems



Splines are analog, but intrinsically sparse
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Spline theory: (Schultz-Varga, 1967)

:   spline’s innovation

L =
d
dxak

xk xk+1

Definition
The function s : Rd ! R (possibly of slow growth) is a nonuniform L-spline with knots {xk}k2S

, Ls =
X

k2S

ak�(·� xk) = w

L{·}: differential operator (translation-invariant)

�: Dirac distribution

Spline synthesis: example

8

L = D =
d

dx

x
x1

w�(x) =
X

k

ak�(x� xk)

a1

x

s(x) = b1p1(x) +
X

k

ak +(x� xk)

b1

Null space: ND = span{p1}, p1(x) = 1

⇢D(x) = D�1{�}(x) = +(x): Heaviside function



Spline synthesis: generalization
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Requires specification of boundary conditions

)

Finite-dimensional null space: NL = span{pn}N0
n=1

xk

Spline’s innovation: w�(x) =
X

k

ak�(x� xk)
<latexit sha1_base64="FLgF8iONCx2uG1p2Ptp/DtdeHMQ="></latexit>

s(x) =
X

k

ak⇢L(x� xk) +
N0X

n=1

bnpn(x)
<latexit sha1_base64="Lhlkq8HrqncLMb/40xnAnOuT6Ag="></latexit>

Green’s function of L: ⇢L(x) = L�1{�}(x)

L: spline-admissible operator (LSI)

Proper continuous counterpart of 

10

`1(Zd)

Space of real-valued bounded Radon measures on Rd

M(Rd) =
�
C0(Rd)

�0
=
�
w 2 S 0(Rd) : kwkM = sup

'2S(Rd):k'k1=1
hw,'i < 1

 
,

where w : ' 7! hw,'i M
=
R
Rd '(r)w(r)dr

S(Rd): Schwartz’s space of smooth and rapidly decaying test functions on Rd

S 0(Rd): Schwartz’s space of tempered distributions

�(·� x0) 2 M(Rd) with k�(·� x0)kM = 1 for any x0 2 Rd

Basic inclusions

8f 2 L1(Rd) : kfkM = kfkL1(Rd) ) L1(Rd) ✓ M(Rd)

Johann Radon (1887-1956)



Representer theorem for gTV regularization
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Convex loss function: F : RM ⇥ RM ! R

(P1) arg min
f2ML(Rd)

 
MX

m=1

|ym � hhm, fi|2 + �kLfkM

!

’
Representer theorem for gTV-regularization
The extreme points of (P1 ) are non-uniform L-spline of the form

fspline(x) =
KknotsX

k=1

ak⇢L(x� xk) +
N0X

n=1

bnpn(x)

with ⇢L such that L{⇢L} = �, Kknots  M �N0, and kLfsplinekM = kak`1 .

L: spline-admissible operator with null space NL = span{pn}N0
n=1

gTV semi-norm: kL{s}kM = supk'k11hL{s},'i

Measurement functionals hm : ML(Rd) ! R (weak⇤-continuous)

with ⌫(f) =
�
hh1, fi, . . . , hhM , fi

�

(P1’) arg min
f2ML(Rd)

�
F
�
y,⌫(f)

�
+ �kLfkM

�

V

⌫ : ML ! RM

(U.-Fageot-Ward, SIAM Review 2017)

ML(Rd) =
�
f 2 S 0(Rd) : kLfkM < 1

 

Special case: Supervised learning with TV(2) regularization 
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x
no penalty

Total 2nd-variation: TV(2)(s) = supk'k11hD2s,'i = kD2skM

Sampling functionals: ⌫m = �(·� xm), m = 1, · · · ,M

Generic form of the solution

⌧k

fspline = arg min
s2MD2 (R)

 
MX

m=1

|ym � f(xm)|2 + �kD2fkM

!

with K0 < M and free parameters b1, b2 and (ak, ⌧k)
K0
k=1

sspline(x) = b1 + b2x+
K0X

k=1

ak(x� ⌧k)+

Regularization that favors “sparse” 2nd derivatives: TV(2)(s) = kD2skM



Other spline-admissible operators
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L = Dn (pure derivatives)

) polynomial splines of degree (n� 1)

L = Dn + an�1Dn�1 + · · ·+ a0I (ordinary differential operator)

) exponential splines

Fractional Laplacian: (��)
�
2

F ! k!k�

) polyharmonic splines

Fractional derivatives: L = D� F ! (j!)�

) fractional splines

(Dahmen-Micchelli 1987) 

(Schoenberg 1946) 

(U.-Blu 2000) 

(Duchon 1977) 

(Ward-U. 2014) Elliptical differential operators; e.g, L = (��+ ↵I)�

) Sobolev splines

Recovery with sparsity constraints: discretization
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Auxiliary innovation variable: u = Ls

Constrained optimization formulation

(Ramani-Fessler, IEEE TMI 2011)

LA(s,u,↵) =
1

2
ky �Hsk22 + �

X

n

|[u]n|+↵T (Ls� u) +
µ

2
kLs� uk22

ssparse = arg min
s2RN

✓
1

2
ky �Hsk22 + �kuk1

◆
subject to u = Ls

<latexit sha1_base64="6+x230BfxcZesH00JRr3xpFp+hw="></latexit>



Linear step

Proximal step

ADMM algorithm

s
k+1 =

�
H

T
H+ µLT

L
��1 �

z0 + z
k+1

�

with z
k+1 = L

T
�
µuk �↵k

�

↵k+1 = ↵k + µ
�
Lsk+1 � uk

�

=    pointwise non-linearity

For k = 0, . . . ,K

LA(s,u,↵) =
1

2
ky �Hsk22 + �

X

n

|[u]n|+↵T (Ls� u) +
µ

2
kLs� uk22

Discretization: compatible with CS paradigm
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ssparse = arg min
s2RK

✓
1

2
ky �Hsk22 + �kuk1

◆
subject to u = Ls

uk+1 = prox|·|
�
Lsk+1 + 1

µ↵
k+1; �

µ

�
<latexit sha1_base64="t+H4B0KHM64O7imGe2vvW8MC3Lw="></latexit>

Example: ISMRM reconstruction challenge
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L2 regularization (Laplacian)

M. Guerquin-Kern, M. Häberlin, K.P. Pruessmann, M. Unser, IEEE Trans. Medical Imaging, 2011.

TV regularization
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Linear step

Proximal step

ADMM algorithm

s
k+1 =

�
H

T
H+ µLT

L
��1 �

z0 + z
k+1

�

with z
k+1 = L

T
�
µuk �↵k

�

↵k+1 = ↵k + µ
�
Lsk+1 � uk

�

=    pointwise non-linearity

For k = 0, . . . ,K

LA(s,u,↵) =
1

2
ky �Hsk22 + �

X

n

|[u]n|+↵T (Ls� u) +
µ

2
kLs� uk22

Discretization: compatible with CS paradigm
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ssparse = arg min
s2RK

✓
1

2
ky �Hsk22 + �kuk1

◆
subject to u = Ls

uk+1 = prox|·|
�
Lsk+1 + 1

µ↵
k+1; �

µ

�
<latexit sha1_base64="t+H4B0KHM64O7imGe2vvW8MC3Lw="></latexit>



Identification of convolution operators
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Normal matrix: A = H
T
H (symmetric)

 - deconvolution microscopy (Wiener filter)
 - parallel rays computer tomography (FBP)
 - MRI, including non-uniform sampling of k-space

Generic linear solver: s = (A+ �LT
L)�1

H
T
y = R� · y

<latexit sha1_base64="+pqfqhf0LVMNd1ASFUzd5fPpbPA="></latexit>

Justification for use of convolution neural nets (CNN)
<latexit sha1_base64="ViBa+27vzi8AM+b0KOueVjoCxPg="></latexit>

(see Theorem 1, Jin et al., IEEE TIP 2017)

Recognizing structured matrices

L: convolution matrix ) LTL: symmetric convolution matrix

L, A: convolution matrices ) (A+ �LTL) : symmetric convolution matrix
<latexit sha1_base64="2K/zYYgzd9XbfE3rfemGABsqH6M="></latexit>

Applicable to
<latexit sha1_base64="A9LUv0MPS0qEpvFm8ec/eSoPFj4="></latexit>

Connection with deep neural networks

20

LISTA : learning-based ISTA

FBPConvNet structures

ISTA with sparsifying transformation

 X

Unrolled Iterative Shrinkage Thresholding Algorithm (ISTA) (Gregor-LeCun 2010) 



Recent advent of Deep ConvNets

21

CT reconstruction based on Deep ConvNets

Input: Sparse view FBP reconstruction

Training: Set of 500 high-quality full-view CT reconstructions

Architecture: U-Net with skip connection

(Jin et al., IEEE TIP 2017)

(Jin et al. 2016; Adler-Öktem 2017; Chen et al. 2017; ... )

Dose reduction by 7: 143 views

 Reconstructed from
from 1000 views

X-ray computer 
tomography data  



Dose reduction by 7: 143 views

(Jin et al, IEEE Trans. Im Proc., 2017)
 Reconstructed from

from 1000 views

2019 Best Paper Award

X-ray computer 
tomography data  

Dose reduction by 20: 50 views

 Reconstructed from
from 1000 views (Jin-McCann-Froustey-Unser, IEEE Trans. Im Proc., 2017)

X-ray computer 
tomography data  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Continuous-PieceWise Linear (CPWL) functions

26

1D: Non-uniform spline de degree 1
<latexit sha1_base64="urJVSURcV8NBeTnP6fI4R8FVsfc="></latexit>

⌧k ⌧k+1
<latexit sha1_base64="YA93wTA38YDHkPJWQBgK3L9kl4I="></latexit>

Partition: R =
SK

k=0 Pk with Pk = [⌧k, ⌧k+1), ⌧0 = �1 < ⌧1 < · · · < ⌧K < ⌧K+1 = +1.
<latexit sha1_base64="0MVRDrbEWDyFqlqOEDPeDF7T08Q="></latexit>

fspline(x) = b̃0 + b̃1x+
KX

k=1

ãk(x� ⌧k)+ with b̃0, b̃1 2 R, (ãk) 2 RK .
<latexit sha1_base64="Ilfefr2XTOkQ4J6sUC52y41BGYU="></latexit>

The function fspline : R ! R is a piecewise-linear spline with knots ⌧1, . . . , ⌧K if

(i) for x 2 Pk : fspline(x) = fk(x)
M
= akx+ bk with (ak, bk) 2 R2, k = 0, . . . ,K

(ii) fspline is continuous R ! R



Quest for the best linear interpolator
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ỹm
<latexit sha1_base64="IWIuZRUfqQxxQR2SfjmUiEwEbuo="></latexit>

arg min
f2H1(R)

Z

R
|Df(x)|2dx s.t. f(xm) = ym, m = 1, . . . ,M

arg min
f2BV(2)(R)

kD2fkM s.t. f(xm) = ym, m = 1, . . . ,M

(de Boor 1966)

(Unser JMLR 2019; Lemma 2)

Finding the (unique?) sparsest fit (Debarre arXiv 2020)

CPWL functions in high dimensions

28

Partition of domain into a finite number of non-overlapping convex polytopes; i.e.,

RN =
SK

k=1 Pk with µ(Pk1 \ Pk2) = 0 for all k1 6= k2
<latexit sha1_base64="PkX6ZMk/JBfwP85mvzOF51iXXIU="></latexit>

The vector-valued function fCPWL = (f1, . . . , fM ) : RN ! RM is a CPWL
if each component function fm : RN ! R is CPWL.

<latexit sha1_base64="lrEqoBDRz557dUVgYyykrYWn1kE="></latexit>

Multidimensional generalization
<latexit sha1_base64="0mD4IxcZpxSnhJTR52bQKdFTdAU="></latexit>

'HODXQD\

The function fCPWL : RN ! R is continuous piecewise-linear with partition P1, . . . , PK

(i) for x 2 Pk : fCPWL(x) = fk(x)
M
= aTk x+ bk with ak 2 RN , bk 2 R, k = 1, . . . ,K

(ii) fCPWL is continuous RN ! R



Deep ReLU neural networks are splines
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On spline activation functions

Michael Unser⇤

March 19, 2019

Abstract

1 Introduction

Figure 1: Diagram of a fully connected neural network R4 ! R2 with L = 5
layers of active neurons (blue circles) and node descriptor (4, 5, 4, 2, 3, 2).

The architecture of a conventional deep neural network is specified by its
node descriptor (N0, N1, . . . , NL) where L is the total number of layers (depth
of the network) and N` is the number of neurons at the `th layer. The action
of a (scalar) neuron (or node) indexed by (n, `) is described by the relation

x 7! �(wT
n,`x� bn,`) (1)

where x 2 RN`�1 denotes the multivariate input of the neuron, � : R ! R is a
predefined activation function (such as a sigmoid or a ReLU), wn,` 2 RN`�1 a
set of linear weights, and bn,` 2 R an additive bias. The outputs of layer ` are
then fed as inputs of layer (`+ 1), and so forth for ` = 1, . . . , L.

The structure of a deep-spline network is essentially the same as above,
except that the activation function is allowed to vary on a neuron-by-neuron

⇤
Biomedical Imaging Group, École polytechnique fédérale de Lausanne (EPFL), CH-1015

Lausanne, Switzerland

1

The whole feedforward network fdeep : RN0 ! RNL is CPWL
<latexit sha1_base64="hkATh4f7LI4PBo63jtxKg7s4a5E="></latexit>

fdeep(x) = (�L � fL � �L�1 � · · · � �2 � f2 � �1 � f1) (x)
<latexit sha1_base64="lmdC59RS/rQUXJO/q36ipUv5zTY="></latexit>

Enabling property

Composition f2 � f1 of two CPWL functions with compatible domain and range is CPWL.

Each scalar neuron activation, �n,`(x) = ReLU(x), is CPWL
) �` = (�1,`, . . . ,�N`,`) (pointwise nonlinearity) is CPWL

Each linear layer f `(x) = W`x+ b` is (trivially) CPWL (Montufar NIPS 2014)

(Strang SIAM News 2018)

The CPWL also remains valid for more complicated neuronal responses
as long as they are CPWL; that is, linear splines.

<latexit sha1_base64="u+fXuHrC58VaCj40arp3MNCRr+M="></latexit>

Learning with Shallow Neural Networks

Question

What kinds of functions do shallow neural networks learn?

30 / 69

Limit behaviour of univariate shallow ReLU neural nets

30

(Savarese 2019; Parhi-Nowak 2020)

Shallow univariate ReLU neural network with skip connection

f✓(x) = c0 + c1x+
KX

k=1

vk(wkx� bk)+

Standard training with weight decay

(NN-1) : arg min
✓=(v,w,b,c)

MX

m=1

��ym � f✓(xm)
��2 + �

2

KX

k=1

|vk|2 + |wk|2

Arguments for the proof:

Scale invariance of ReLU architecture: For any � > 0, the map (vk, wk) 7!
(�vk, wk/�) does not affect f✓.

At the optimum of (NN-1), |wk| = |vk|, for k = 1, . . . ,K and
TV(2)(f✓) =

PK
k=1 |ak| with ak = vk|wk|.

= c0 + c1x+
K0X

k=1

ak(x� ⌧k)+

K neurons

Theorem
For any K � K0 (with K0 < M ), the solution of (DNN-1) is achieved by the sparse adaptive spline:

fspline = arg min
f2BV(2)(R)

 
MX

m=1

|ym � f(xm)|2 + �kD2fkM

!
.



Deep neural nets with free-form activations 
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layers

nodes

(n, `)

….….

neuron

(n� 1, `)

zn,` = �n,`

�
wT

n,`z`�1 + bn,`
�

Linear step: RN`�1 ! RN`

f ` : x 7! f `(x) = W`x+ b`

Nonlinear step: RN` ! RN`

�` : x 7! �`(x) =
�
�n,`(x1), . . . ,�N`,`(xN`)

�

Joint learning / training ?

fdeep(x) = (�L � fL � �L�1 � · · · � �2 � f2 � �1 � f1) (x)

Layers: ` = 1, . . . , L

Deep structure descriptor: (N0, N1, · · · , NL)

Neuron or node index: (n, `), n = 1, · · · , N`

Activation function: � : R ! R (ReLU)

Constraining activation functions

32

Native space for
�
M(R),D2

�

BV(2)(R) = {f : R ! R : kD2fkM < 1}

Second total-variation of � : R ! R

TV(2)(�)
M
= kD2�kM = sup'2S(R):k'k11hD2�,'i

Regularization functional

Should not penalize simple solutions (e.g., identity or linear scaling)

Should impose diffentiability (for DNN to be trainable via backpropagation)

Should favor simplest CPWL solutions; i.e., with “sparse 2nd derivatives”



Representer theorem justifying deep spline networks
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(Unser, JMLR 2019) Theorem (TV(2)-optimality of deep spline networks)

neural network f : RN0 ! RNL with deep structure (N0, N1, . . . , NL)

x 7! f(x) = (�L � `L � �L�1 � · · · � `2 � �1 � `1) (x)

normalized linear transformations `` : RN`�1 ! RN` ,x 7! U`x with weights
U` = [u1,` · · · uN`,`]

T 2 RN`⇥N`�1 such that kun,`k = 1

free-form activations �` =
�
�1,`, . . . ,�N`,`

�
: RN` ! RN` with �1,`, . . . ,�N`,` 2 BV(2)(R)

Given a series data points (xm,ym) m = 1, . . . ,M , we then define the training problem

arg min
(U`),(�n,`2BV(2)(R))

 
MX

m=1

E
�
ym, f(xm)

�
+µ

NX

`=1

R`(U`) + �
LX

`=1

NX̀

n=1

TV(2)(�n,`)

!
(1)

E : RNL ⇥ RNL ! R+: arbitrary convex error function

R` : RN`⇥N`�1 ! R+: convex cost

If solution of (1) exists, then it is achieved by a deep spline network with activations of the form

�n,`(x) = b1,n,` + b2,n,`x+

Kn,`X

k=1

ak,n,`(x� ⌧k,n,`)+,

with adaptive parameters Kn,`  M � 2, ⌧1,n,`, . . . , ⌧Kn,`,n,` 2 R, and b1,n,`, b2,n,`, a1,n,`, . . . , aKn,`,n,` 2 R.

Outcome of representer theorem

34

Link with `1 minimization techniques

TV(2){�n,`} =

Kn,`X

k=1

|ak,n,`| = kan,`k1

Each neuron
�
fixed index (n, `)

�
is characterized by

• its number 0  Kn,` of knots (ideally, much smaller than M );

• the location {⌧k = ⌧k,n,`}
Kn,`

k=1 of these knots (ReLU biases);

• the expansion coefficients bn,` = (b1,n,`, b2,n,`) 2 R2,
an,` = (a1,n,`, . . . , aK,n,`) 2 RK .

These parameters (including the number of knots) are data-dependent and
adjusted automatically during training.

<latexit sha1_base64="07zaAV79momeL2YeyW4oNDsgW3A="></latexit>



Deep spline networks: Discussion
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(Kn,` = 1, bn,` = 0)

Linear regression: � ! 1 ) Kn,` = 0
<latexit sha1_base64="WEN5hvLrvHbFqA5So5vlFIrXKFY="></latexit>

(Agostinelli et al. 2015) Adaptive-piecewise linear (APL) networks
<latexit sha1_base64="HBSIoFcNqpFlMl6Baew2fFycldY="></latexit>

(Kn,` = 5 or 7, bn,` = 0)
<latexit sha1_base64="YsBoYURyo9beUtDnCqQI4/Rj52k="></latexit>

(Kn,` = 1)
<latexit sha1_base64="8N8UzKw9qR1YdaNKWYW/yACNf4w="></latexit>

(He et al. CVPR 2015) 

Justification of popular schemes / Backward compatibility
<latexit sha1_base64="1sNw3U2LtZhDEYeEEMXeGw+Bi70="></latexit>

Global optimality achieved with spline activations
<latexit sha1_base64="iogvmyZVER1ymYu5nIU+oPley3s="></latexit>

State-of-the-art Parametric ReLU networks
1 ReLU + linear term (per neuron)

<latexit sha1_base64="RKMNleUNEw2Y8RJJVQTx2fi5D1s="></latexit>

(Glorot ICAIS 2011)

(LeCun-Bengio-Hinton  Nature 2015)

Standard ReLU networks

ReLU(x;x1) = (x� x1)+

x1

x

CONCLUSION:   The return of the spline

36

■ Splines and machine learning
■ Traditional kernel methods are closely related to splines  

(with one knot/kernel per data point)

■  Free-form activations with TV-regularization ⇒ Deep splines 

■  Deep ReLU neural nets are high-dimensional piecewise-linear splines

1732
172

■ Sparse variants offer promising perspectives

■  Approximation properties of shallow networks are fully explained by spline theory

■ Continuous-domain formulation of compressed sensing
■ gTV regularization ⇒ global optimizer is a L-spline
■ Sparsifying effect: few adaptive knots
■ Discretization consistent with standard paradigm:      -minimization`1



 
ACKNOWLEDGMENTS
Many thanks to (former) members of
EPFL’s Biomedical Imaging Group
■ Dr. Julien Fageot
■ Prof. John Paul Ward
■ Shayan Aziznejad
■ Thomas Debarre
■ Dr. Mike McCann
■ Dr. Harshit Gupta
■ Prof. Kyong Jin
■ Dr. Emrah Bostan
■ Prof. Ulugbek Kamilov
■ Prof. Matthieu Guerquin-Kern  

      ....

37

■ Prof. Demetri Psaltis
■ Prof. Marco Stampanoni
■ Prof. Carlos-Oscar Sorzano
■ ....

and collaborators ...

2

FunLearn

3

References: Learning

38
■ Software: https://github.com/joaquimcampos/DeepSplines

Sparse adaptive splines

M. Unser, J. Fageot, J.P. Ward, “Splines Are Universal Solutions of Linear Inverse Problems with Generalized-TV
Regularization,” SIAM Review, vol. 59, No. 4, pp. 769-793, 2017.

T. Debarre, Q. Denoyelle, M. Unser, J. Fageot, “Sparsest Continuous Piecewise-Linear Representation of Data,”
arXiv:2003.10112, 2020.

Representer theorems

M. Unser, “A Unifying Representer Theorem for Inverse Problems and Machine Learning,” Foundations of Com-
putational Mathematics, in press, 2020. Preprint arXiv:1903.00687

S. Aziznejad, M. Unser, “Multi-Kernel Regression with Sparsity Constraints,” SIAM Journal on Mathematics of Data
Science, vol. 3, no. 1, pp. 201-224, 2021.

Neural networks

M. Unser, “A Representer Theorem for Deep Neural Networks,” J. Machine Learning Research, vol. 20, no. 110,

pp. 1-30, Jul. 2019.

P. Bohra, J. Campos, H. Gupta, S. Aziznejad, M. Unser, “Learning Activation Functions in Deep (Spline) Neural

Networks," IEEE Open Journal of Signal Processing, vol. 1, pp. 295-309, 2020.

R. Parhi and R. D. Nowak. The role of neural network activation functions. IEEE Signal Processing Letters, vol.

27, pp. 1779–1783, 2020.



References (Cont’d)

39

■ Preprints and demos:   http://bigwww.epfl.ch/

Image reconstruction using CNNs
K.H. Jin, M.T. McCann, E. Froustey, M. Unser, ”Deep Convolutional Neural Network for Inverse Problems in
Imaging,” IEEE Trans. Image Processing, vol. 26, no. 9, pp. 4509-4522, 2017. Best Paper Award

M.T. McCann, K.H. Jin, M. Unser, “Convolutional Neural Networks for Inverse Problems in Imaging—A Review,”
IEEE Signal Processing Magazine, vol. 34, no. 6, pp. 85-95, 2017.

H. Gupta, K.H. Jin, H.Q. Nguyen, M.T. McCann, M. Unser, “CNN-Based Projected Gradient Descent for Consis-
tent CT Image Reconstruction,” IEEE Trans. Medical Imaging, vol. 37, no. 6, pp. 1440-1453, 2018.

F. Yang, T.-a. Pham, H. Gupta, M. Unser, J. Ma, “Deep-Learning Projector for Optical Diffraction Tomography,”
Optics Express, vol. 28, no. 3, pp. 3905-3921, February 3, 2020.

J. Yoo, K.H. Jin, H. Gupta, J. Yerly, M. Stuber, M. Unser, “Time-Dependent Deep Image Prior for Dynamic MRI,”
IEEE Trans. Medical Imaging, in press, arXiv:1910.01684 [eess.IV].

H. Gupta, M.T. McCann, L. Donati, M. Unser, “CryoGAN: A New Reconstruction Paradigm for Single-Particle
Cryo-EM via Deep Adversarial Learning,” IEEE Trans. Computational Imaging, in press, bioRxiv 2020.03.20.001016.

F. Yang, T.-a. Pham, N. Brandenberg, M.P. Lutolf, J. Ma, M. Unser,“Robust Phase Unwrapping via Deep Image
Prior for Quantitative Phase Imaging,”, IEEE Trans. Image Processing, in press, arXiv:2009.11554 [eess.IV]


