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Optical microscopy is going through a  
paradigm shift with computation at its core

Past: Solely rely on optics for image formation

Present: Use signal processing for improved performance

Future: Advanced inference for retrieving “hidden” information
(assuming noise is negligible)

Inverse problem is well posed if 9c0 > 0 s.t., for all s 2 X , c0ksk  kHsk
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Optical tomographic microscopy  
replaces x-rays with the visible light
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Optical tomography is a  
powerful tool for live cell imaging

3D + Time:  
Reveals internal cell structure across time

Quantitative and Label-free:  
Relies on the refractive index as an intrinsic contrast

High-resolution and Non-ionizing: 
Visible light spectrum (380-700 nm) is ideal for cell imaging



Optical tomography  
suffers from several critical limitations

Lengthy acquisition: 
Needs 100s or 1000s of illuminations

Imaging artifacts:  
Missing information and model mismatch

Sophisticated optics:  
Holographic acquisition of phase limits applicability



Goal: Overcome these limitations by  
leveraging advanced computational imaging
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Forward model:  
describes the physics of data acquisition

Image prior:  
infuses domain-specific knowledge about the unknown image

Computational imaging to the rescue: 
Can we use the very best computational tools to 
enable fast and accurate optical tomography?
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Using untrained CNNs as imaging priors
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Absorption and scattering limit the ability of  
noninvasive imaging deep insider the tissueLast lecture: Absorption and Scattering 

light absorption and scattering  
at different wavelengths
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Absorption and scattering limit the ability of  
noninvasive imaging deep insider the tissue

Scattering is the deflection of a  
propagating wave ‘ray’ from its original direction

• linear measurements 
• convex optimization 
• fast algorithms

• complicated models 
• nonconvex optimization 
• hard to analyze



Absorption and scattering limit the ability of  
noninvasive imaging deep insider the tissue

Scattering is the deflection of a  
propagating wave ‘ray’ from its original direction

Scattering limits conventional imaging systems to  
superficial layers of an object

How deep can we see? 

With visible light in biological tissues: less than 1 mm, often less than 100 µm 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
But there are ways to push the limits. 



Optical tomography is traditionally  
simplified to a linear forward model

f(x)

image  
area

sensing  
area

⌦

�

illumination

uin(x)

The Helmholtz equation for modeling object-light interactions

(�+ k2bI)usc(x) = f(x)u(x)
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u(x) = uin(x) + usc(x)
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The Domain-integral formulation with the Green’s function

usc(x) =

Z

⌦
g(x� x0) f(x0)u(x0) dx
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g(x) , ejkbkxk

4⇡kxk
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The first Born approximation linearizes the model

usc(x) ⇡ Hb{f}(x) =
Z

⌦
g(x� x0

) f(x0
)uin(x

0
) dx
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(by ignoring multiple scattering)



Linearized scattering model leads to the  
Fourier diffraction theorem

Assume a weakly scattering (i.e., quite transparent) object

|usc(x)| ⌧ |uin(x)|
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This leads to the Fourier diffraction theorem
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y = Sk {F3D{f(x)}}
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subsampling in 
Fourier space

Wolf, “Three-dimensional structure determination of semi-transparent objects from 
holographic data,” Opt. Comm., vol. 1, no. 4, pp. 153–156, Sep/Oct 1969



Linearized scattering model leads to the  
Fourier diffraction theorem

Assume a weakly scattering (i.e., quite transparent) object

|usc(x)| ⌧ |uin(x)|
<latexit sha1_base64="Weyne/E+P94tJ1kHSkfyre2jQxY=">AAACN3icbVDLSgMxFM3Ud31VXboJFqFuyowIuhAsuHGpYG2hU0omTdvQJDMkd6TDdD7Hj/Ab3OrClbgRt/6Bae2iDw8kHM45l5ucIBLcgOu+O7ml5ZXVtfWN/ObW9s5uYW//wYSxpqxKQxHqekAME1yxKnAQrB5pRmQgWC3oX4/82iPThofqHpKINSXpKt7hlICVWoWrYdxKfWADsDdXCTY0y0p+INNBdjLEvhB4PsHVVKJVKLpldwy8SLwJKaIJbluFT78d0lgyBVQQYxqeG0EzJRo4FSzL+7FhEaF90mUNSxWRzDTT8UczfGyVNu6E2h4FeKxOT6REGpPIwCYlgZ6Z90bif14jhs5FM+UqioEp+reoEwsMIR61httcMwoisYRQze1bMe0RTSjYbme2BDKznXjzDSySh9OyZ/ndWbFyOWlnHR2iI1RCHjpHFXSDblEVUfSEXtArenOenQ/ny/n+i+acycwBmoHz8wsRIa7k</latexit><latexit sha1_base64="Weyne/E+P94tJ1kHSkfyre2jQxY=">AAACN3icbVDLSgMxFM3Ud31VXboJFqFuyowIuhAsuHGpYG2hU0omTdvQJDMkd6TDdD7Hj/Ab3OrClbgRt/6Bae2iDw8kHM45l5ucIBLcgOu+O7ml5ZXVtfWN/ObW9s5uYW//wYSxpqxKQxHqekAME1yxKnAQrB5pRmQgWC3oX4/82iPThofqHpKINSXpKt7hlICVWoWrYdxKfWADsDdXCTY0y0p+INNBdjLEvhB4PsHVVKJVKLpldwy8SLwJKaIJbluFT78d0lgyBVQQYxqeG0EzJRo4FSzL+7FhEaF90mUNSxWRzDTT8UczfGyVNu6E2h4FeKxOT6REGpPIwCYlgZ6Z90bif14jhs5FM+UqioEp+reoEwsMIR61httcMwoisYRQze1bMe0RTSjYbme2BDKznXjzDSySh9OyZ/ndWbFyOWlnHR2iI1RCHjpHFXSDblEVUfSEXtArenOenQ/ny/n+i+acycwBmoHz8wsRIa7k</latexit><latexit sha1_base64="Weyne/E+P94tJ1kHSkfyre2jQxY=">AAACN3icbVDLSgMxFM3Ud31VXboJFqFuyowIuhAsuHGpYG2hU0omTdvQJDMkd6TDdD7Hj/Ab3OrClbgRt/6Bae2iDw8kHM45l5ucIBLcgOu+O7ml5ZXVtfWN/ObW9s5uYW//wYSxpqxKQxHqekAME1yxKnAQrB5pRmQgWC3oX4/82iPThofqHpKINSXpKt7hlICVWoWrYdxKfWADsDdXCTY0y0p+INNBdjLEvhB4PsHVVKJVKLpldwy8SLwJKaIJbluFT78d0lgyBVQQYxqeG0EzJRo4FSzL+7FhEaF90mUNSxWRzDTT8UczfGyVNu6E2h4FeKxOT6REGpPIwCYlgZ6Z90bif14jhs5FM+UqioEp+reoEwsMIR61httcMwoisYRQze1bMe0RTSjYbme2BDKznXjzDSySh9OyZ/ndWbFyOWlnHR2iI1RCHjpHFXSDblEVUfSEXtArenOenQ/ny/n+i+acycwBmoHz8wsRIa7k</latexit><latexit sha1_base64="Weyne/E+P94tJ1kHSkfyre2jQxY=">AAACN3icbVDLSgMxFM3Ud31VXboJFqFuyowIuhAsuHGpYG2hU0omTdvQJDMkd6TDdD7Hj/Ab3OrClbgRt/6Bae2iDw8kHM45l5ucIBLcgOu+O7ml5ZXVtfWN/ObW9s5uYW//wYSxpqxKQxHqekAME1yxKnAQrB5pRmQgWC3oX4/82iPThofqHpKINSXpKt7hlICVWoWrYdxKfWADsDdXCTY0y0p+INNBdjLEvhB4PsHVVKJVKLpldwy8SLwJKaIJbluFT78d0lgyBVQQYxqeG0EzJRo4FSzL+7FhEaF90mUNSxWRzDTT8UczfGyVNu6E2h4FeKxOT6REGpPIwCYlgZ6Z90bif14jhs5FM+UqioEp+reoEwsMIR61httcMwoisYRQze1bMe0RTSjYbme2BDKznXjzDSySh9OyZ/ndWbFyOWlnHR2iI1RCHjpHFXSDblEVUfSEXtArenOenQ/ny/n+i+acycwBmoHz8wsRIa7k</latexit>

This leads to the Fourier diffraction theorem

y = Sk {F3D{f(x)}}
<latexit sha1_base64="8YuW3POx6hJevlZ2rPFdWIuXUec="></latexit><latexit sha1_base64="8YuW3POx6hJevlZ2rPFdWIuXUec="></latexit><latexit sha1_base64="8YuW3POx6hJevlZ2rPFdWIuXUec="></latexit><latexit sha1_base64="8YuW3POx6hJevlZ2rPFdWIuXUec="></latexit>

F (!)

!x

!yy

x

f(x)

F2D

k

space 
domain

frequency 
domain

reflection

Wolf, “Three-dimensional structure determination of semi-transparent objects from 
holographic data,” Opt. Comm., vol. 1, no. 4, pp. 153–156, Sep/Oct 1969

subsampling in 
Fourier space



Linearized scattering model leads to the  
Fourier diffraction theorem

Assume a weakly scattering (i.e., quite transparent) object

|usc(x)| ⌧ |uin(x)|
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This leads to the Fourier diffraction theorem

y = Sk {F3D{f(x)}}
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Discretize by approximating the object with its samples

f(x) ⇡
X

n2⌦

fn �(x� n�)

�

�

fn

fn = f(x)|x=n�

Bostan et al., “Sparse Stochastic Processes and Discretization of Linear Inverse Problems,”  
IEEE Trans. Image Process., vol. 22, no. 7, pp. 2699–2710, July 2013.



Linearized scattering model leads to the  
Fourier diffraction theorem

Assume a weakly scattering (i.e., quite transparent) object

|usc(x)| ⌧ |uin(x)|
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This leads to the Fourier diffraction theorem

y = Sk {F3D{f(x)}}
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Discretize by approximating the object with its samples

f(x) ⇡
X

n2⌦

fn �(x� n�)

Thus, we obtain a linear inverse problem: y = Hf + e



Beam propagation method (BPM) 
efficiently models forward multiple scattering

thin object

z = 0 z = L

uin(x) usc(x)

u1(x) = (�L/2 ⇤ uin)(x) usc(x) = (�L/2 ⇤ u2)(x)u2(x) = u1(x) · oL/2(x)

convolution phase-shift convolution



Beam propagation method (BPM) 
efficiently models forward multiple scattering

z = 0 z = L

uin(x)

multiple 
thin objects

usc(x)

uk(x) = ok(x) · (�� ⇤ uk�1)(x)

recursive  structure

k = 1, . . . ,K



Beam propagation method (BPM) 
efficiently models forward multiple scattering

z = 0 z = L

multiple 
thin objects

recursive  structure

k = 1, . . . ,K

uin usc

uk = ok · (� ⇤ uk�1)



Image formation under BPM is analogous to the 
training of convolutional neural nets (CNNs)

1) Initialize object

2) Illuminate object and measure the scattered field

3) Run forward BPM propagation

4) Run BPM error back-propagation to obtain the gradient

5) Update the image

compute 
error

backprop

6) Return object after convergence



FISTA and ADMM are two popular algorithms for 
large-scale and nonsmooth optimization

Consider a minimization problem

min
f

n
C(f) , D(f) +R(f)

o

Define the proximal operator for 
avoiding differentiating the regularizer

T`Qt�R(v) , �`; KBM
7

⇢
1

2
kv � 7k2`2 + �R(7)

�
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Fast iterative shrinkage/thresholding algorithm (FISTA) vs. 
Alternating direction method of multipliers (ADMM)

xk  bk�1 � �rD(bk�1)

7k  T`Qt�R(xk)

bk  7k + ((qk�1 � 1)/qk)(7k � 7k�1)
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xk  T`Qt�D(7k�1 � bk�1)

7k  T`Qt�R(xk + bk�1)

bk  bk�1 + (xk � 7k)
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ISTA: qk = 1/FISTA: specific qk ADMM fast practical convergence

D(f) , 1

2
ky � |usc(f)|2k2`2



Our regularized BPM framework was  
extensively validated on 3D optical tomography

min
f

(
1

2L

LX

`=1

ky` � u`
sc(f)k2`2 + �

NX

n=1

k[Df ]nk`2

)
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Fit to L illuminations + isotropic 3D-TV prior

Kamilov et al., “Optical Tomographic Image Reconstruction Based on Beam 
Propagation and Sparse Regularization,” IEEE Trans. Comp. Imag., 2016.



Our regularized BPM framework was  
extensively validated on 3D optical tomography

Experimental data
KAMILOV et al.: OPTICAL TOMOGRAPHIC IMAGE RECONSTRUCTION 65

Fig. 8. Comparison of three reconstruction algorithms for various levels of data-reduction on a sample of size 37× 37× 30 µm containing a HeLa cell.
(a–c) Proposed method. (d–f) Iterative reconstruction based on a straight ray approximation [4]. (g–i) Iterative reconstruction based on diffraction tomography
[31]. (a, d, g) 2× data reduction. (b, e, h) 8× data reduction. (c, f, i) 32× data reduction. Scale bar, 10 µm.

FBP performed on the phase of the measured wave field. The
FBP approach assumes a straight ray approximation and its
results are illustrated in Figure 5(e)–(h). Note that such a warm
initialization is useful due to the non-convex nature of our opti-
mization problem. In the x–y slice at z = 21.17 µm, the bead
reconstructed with our method has the diameter of approxi-
mately 10.08 µm and an average refractive index of 0.067. As
we can see, one of the major benefits of using the proposed
method is the correction of the missing cone that is visible in
Figures 5(g) and (h).

Next, we investigated the ability of our method to recon-
struct real biological samples from limited amounts of data.
Specifically, we illuminated a sample containing a HeLa cell
at 161 distinct angles uniformly distributed in the range
[−45◦, 45◦]. The data was used for imaging a volume of size
37× 37× 30 µm (δx = δy = δz = 72 nm). In this experi-
ment, the data-reduction or undersampling factor refers to the
ratio between the total number of holograms 161 and the actual
number used for reconstruction. In particular, data-reduction
factors 2, 4, 8, 16, and 32 correspond to 81, 41, 21, 11, and 6
holograms used for reconstruction, respectively. We illustrate
the reconstruction results in Figure 6, where we compare the
results of the proposed BPM–based method with and with-
out TV regularization. We again initialize the algorithms with
the volume that was obtained by running the standard FBP
algorithm that assumes straight ray propagation. However, we

observed that the algorithm is robust in the sense that it typically
converges to the same solution independently of the initializer
(also see Fig. 6 from our companion paper [17]). To quan-
tify the quality of the reconstructed volume as a function of
data-reduction factor, we also defined

SNR (dB) ! 10 log 10

(
∥x ref∥2ℓ2

∥x ref − x̂∥2ℓ2

)
,

where x ref is the reconstructed volume from all the 161 pos-
sible measurements. The right panel of Figure 6 illustrates
the evolution of the SNR with undersampling rate. As can be
see, the sparse-regularization plays a critical role and signifi-
cantly boosts the quality of the solution at all undersampling
rates. Also note that the result in Figure 6(c) was obtained by
using only 6 holograms of size 512× 512 for reconstructing a
signal of size 512× 512× 400 voxels, which corresponds to
data-to-parameter ratio of 1.5/100.

In Figure 7, we highlight the importance of sparsity-driven
iterative reconstruction. Specifically, we compare our algo-
rithm, where the TV proximal operator is applied at each
iteration, against an algorithm that first reconstructs the refrac-
tive index only with positivity constraints and then applies 3D
TV denoising to the final result. Although, both algorithm rely
on BPM, by imposing the gradient sparsity at every iteration
our algorithm converges to a visibly higher-quality solution.

Learning 
tomography

Straight ray

first Born

81 holograms 21 holograms 6 holograms

Kamilov et al., “Optical Tomographic Image Reconstruction Based on Beam 
Propagation and Sparse Regularization,” IEEE Trans. Comp. Imag., 2016.



Today we will talk about

๏ Accounting for nonlinearities in optical tomography 
Going beyond linear inverse problems

๏ Fast online imaging using “plug-in” operators 
Enforcing priors beyond traditional optimization

๏ Total variation for deep image prior (DIP-TV) 
Using untrained CNNs as imaging priors



Can we use semantic priors for 
improving image formation?

The recent interest in sparse recovery highlighted the 
importance of structural priors in image formation

How can we create priors beyond simple constraints 
(for example: we know that we are looking at cells)?

Deep neural nets provide a powerful tool for 
representing and enforcing sophisticated image priors
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(a) Context encoder trained with joint reconstruction and adversarial loss for semantic inpainting. This illustration is shown for center region dropout.
Similar architecture holds for arbitrary region dropout as well. See Section 3.2.
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Figure 9: Context encoder training architectures.

Context Encoders: Feature Learning by Inpainting
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Abstract

We present an unsupervised visual feature learning algo-
rithm driven by context-based pixel prediction. By analogy
with auto-encoders, we propose Context Encoders – a con-
volutional neural network trained to generate the contents
of an arbitrary image region conditioned on its surround-
ings. In order to succeed at this task, context encoders
need to both understand the content of the entire image,
as well as produce a plausible hypothesis for the missing
part(s). When training context encoders, we have experi-
mented with both a standard pixel-wise reconstruction loss,
as well as a reconstruction plus an adversarial loss. The
latter produces much sharper results because it can better
handle multiple modes in the output. We found that a con-
text encoder learns a representation that captures not just
appearance but also the semantics of visual structures. We
quantitatively demonstrate the effectiveness of our learned
features for CNN pre-training on classification, detection,
and segmentation tasks. Furthermore, context encoders can
be used for semantic inpainting tasks, either stand-alone or
as initialization for non-parametric methods.

1. Introduction
Our visual world is very diverse, yet highly structured,

and humans have an uncanny ability to make sense of this
structure. In this work, we explore whether state-of-the-art
computer vision algorithms can do the same. Consider the
image shown in Figure 1a. Although the center part of the
image is missing, most of us can easily imagine its content
from the surrounding pixels, without having ever seen that
exact scene. Some of us can even draw it, as shown on Fig-
ure 1b. This ability comes from the fact that natural images,
despite their diversity, are highly structured (e.g. the regular
pattern of windows on the facade). We humans are able to
understand this structure and make visual predictions even
when seeing only parts of the scene. In this paper, we show

The supplementary material, trained models and code are available at
the author’s website.

(a) Input context (b) Human artist

(c) Context Encoder
(L2 loss)

(d) Context Encoder
(L2 + Adversarial loss)

Figure 1: Qualitative illustration of the task. Given an im-
age with a missing region (a), a human artist has no trouble
inpainting it (b). Automatic inpainting using our context
encoder trained with L2 reconstruction loss is shown in (c),
and using both L2 and adversarial losses in (d).

that it is possible to learn and predict this structure using
convolutional neural networks (CNNs), a class of models
that have recently shown success across a variety of image
understanding tasks.

Given an image with a missing region (e.g., Fig. 1a), we
train a convolutional neural network to regress to the miss-
ing pixel values (Fig. 1d). We call our model context en-
coder, as it consists of an encoder capturing the context of
an image into a compact latent feature representation and a
decoder which uses that representation to produce the miss-
ing image content. The context encoder is closely related to
autoencoders [3, 20], as it shares a similar encoder-decoder
architecture. Autoencoders take an input image and try
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A well established deep learning pipeline: 
first backproject then denoise with a conv net

1) Implicit dependance of the conv net on the forward model

2) Consistency with the measured data is unclear

3) Needs a sufficiently good starting point to denoise

Question: What are some of the key limitations of this approach?

10.3 MAP reconstruction of biomedical images 269
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Figure 10.5 X-ray tomography and the Radon transform. (a) Imaging geometry. (b) 2-D
reconstruction of a tomogram. (c) Its Radon transform (sinogram).

In practice, the measurements correspond to the sampled values of the Radon
transform of the absorption map s(x) at a series of points (tm ,µm),m = 1, . . . , M . From
(10.32), we deduce that the analysis functions are

¥m(x) = ±
°
tm °hx ,µmi

¢

which represent a series of idealized lines inR2 perpendicular toµm = (cosµm , sinµm).

Discretization

For discretization purpose, we represent the absorption distribution as the weighted
sum of separable B-spline-like basis functions

s(x) =
X

k

s[k]Ø(x °k) ,

with Ø(x) = Ø(x)Ø(y) where Ø(x) is a suitable symmetric kernel (typically, a polyno-
mial B-spline of degree n). The constraint here is that Ø ought to have a short support
to reduce computations, which rules out the use of the sinc basis.

In order to determine the system matrix, we need to compute the Radon transform
of the basis functions. The properties of the Radon transform that are helpful for that
purpose are
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Fig. 2. The overview of the proposed approach that first backpropagates the data into a
complex valued image and then maps this image into the final image with a ConvNet.

128 × 128 x 64 64 × 64 × 256 32 × 32 × 512 16 × 16 × 512 16 × 16 × 512 32 × 32 × 5128 × 8 × 1024 64 × 64 × 256 128 × 128 × 64

skip connection + concatenation2 x 2 up-conv. + BN + ReLU 3 x 3 conv. + BN + ReLU2 x 2 max pooling 1 x 1 conv.

Fig. 3. Visual illustration of the proposed learning architecture based on U-Net [45]. The
input consists of two channels for the real and imaginary parts of the backpropagated vector
w 2 CN . The output is a single image of the scattering potential x 2 RN .

domain to the image domain. We define the backprojection of the measurements generated by
the kth transmitter as

zk = Pkyk with Pk , diag(u⇤
in,k)SH, (8)

where vector yk 2 CM are the measurements consistent with the kth transmitter and collected
by M receivers, and matrix Pk 2 CN⇥M is the backprojection operator. Inside the operator Pk ,
matrix SH 2 CN⇥M is the Hermitian transpose of the discretized Green’s function S, and u⇤

in,k is
the element-wise conjugate of the incident light field emitted by the kth transmitter. The output
zk 2 CN is a complex vector with N elements, which matches the number of pixels in the original
image. When the data is collected with multiple transmissions, we define the backprojection of K

transmitters as

w =
K’
k=1

zk =
K’
k=1

Pkyk , (9)

where vector w 2 CN is the linear combination of zk and K denotes the number of transmitters.
Note that the backprojection (9) does not rely on the actual forward model H(·) in (5) which is
both nonlinear and object dependent. Remarkably, as we shall see, our simple backprojection
followed by a specific ConvNet architecture will be su�cient to recover a high-quality image
given multiple scattered measurements.

Note that since w is a complex vector, we consider its real and complex parts as two distinct
feature maps of the object f . Thus, the backprojection can be viewed as a fixed layer in a ConvNet
with M inputs and two outputs to the subsequent layers (see Fig. 2) [45]. The weights inside the
layer are characterized by Pk’s, and the activation functions for the output nodes are Re(·) and
Im(·), respectively.
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Figure 11. Comparison results for residual learning and image learning from 64 and 192 view reconstruction input data.

No. of views Single-scale image learning Single-scale residual learning Multi-scale image learning Proposed
48 view 31.0027 31.7550 32.5525 33.3916
64 view 32.1380 32.4456 32.9748 33.8680
96 view 33.2983 33.3569 33.4728 34.5898

192 view 33.7693 33.8390 33.7101 34.9028

Table 1. Average PSNR results for various learning architectures.
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Figure 12. Comparison results for single-scale versus multi-scale residual learning from 48 and 96 view reconstruction input data.
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64 view 32.1380 32.4456 32.9748 33.8680
96 view 33.2983 33.3569 33.4728 34.5898

192 view 33.7693 33.8390 33.7101 34.9028
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Figure 12. Comparison results for single-scale versus multi-scale residual learning from 48 and 96 view reconstruction input data.
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Fig. 2. The overview of the proposed approach that first backpropagates the data into a
complex valued image and then maps this image into the final image with a ConvNet.
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Fig. 3. Visual illustration of the proposed learning architecture based on U-Net [45]. The
input consists of two channels for the real and imaginary parts of the backpropagated vector
w 2 CN . The output is a single image of the scattering potential x 2 RN .

domain to the image domain. We define the backprojection of the measurements generated by
the kth transmitter as

zk = Pkyk with Pk , diag(u⇤
in,k)SH, (8)

where vector yk 2 CM are the measurements consistent with the kth transmitter and collected
by M receivers, and matrix Pk 2 CN⇥M is the backprojection operator. Inside the operator Pk ,
matrix SH 2 CN⇥M is the Hermitian transpose of the discretized Green’s function S, and u⇤

in,k is
the element-wise conjugate of the incident light field emitted by the kth transmitter. The output
zk 2 CN is a complex vector with N elements, which matches the number of pixels in the original
image. When the data is collected with multiple transmissions, we define the backprojection of K

transmitters as

w =
K’
k=1

zk =
K’
k=1

Pkyk , (9)

where vector w 2 CN is the linear combination of zk and K denotes the number of transmitters.
Note that the backprojection (9) does not rely on the actual forward model H(·) in (5) which is
both nonlinear and object dependent. Remarkably, as we shall see, our simple backprojection
followed by a specific ConvNet architecture will be su�cient to recover a high-quality image
given multiple scattered measurements.

Note that since w is a complex vector, we consider its real and complex parts as two distinct
feature maps of the object f . Thus, the backprojection can be viewed as a fixed layer in a ConvNet
with M inputs and two outputs to the subsequent layers (see Fig. 2) [45]. The weights inside the
layer are characterized by Pk’s, and the activation functions for the output nodes are Re(·) and
Im(·), respectively.

                                                                                                Vol. 26, No. 11 | 28 May 2018 | OPTICS EXPRESS 14683 

��
�X
KG
Y

:���+PRWV)TQWPF�VTWVJ +OCIG�NGCTPKPI 2TQRQUGF

��
��
XK
GY

Figure 11. Comparison results for residual learning and image learning from 64 and 192 view reconstruction input data.

No. of views Single-scale image learning Single-scale residual learning Multi-scale image learning Proposed
48 view 31.0027 31.7550 32.5525 33.3916
64 view 32.1380 32.4456 32.9748 33.8680
96 view 33.2983 33.3569 33.4728 34.5898

192 view 33.7693 33.8390 33.7101 34.9028

Table 1. Average PSNR results for various learning architectures.
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Figure 12. Comparison results for single-scale versus multi-scale residual learning from 48 and 96 view reconstruction input data.
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48 view 31.0027 31.7550 32.5525 33.3916
64 view 32.1380 32.4456 32.9748 33.8680
96 view 33.2983 33.3569 33.4728 34.5898

192 view 33.7693 33.8390 33.7101 34.9028

Table 1. Average PSNR results for various learning architectures.
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Figure 12. Comparison results for single-scale versus multi-scale residual learning from 48 and 96 view reconstruction input data.

denoise�(·) bfy

Use the denoiser as a Plug-and-Play Prior (PnP)

zk  prox�D(f
k�1 � sk�1)

fk  denoise�(z
k + sk�1)

sk  sk�1 + (zk � fk)

zk  sk�1 � �rD(sk�1)

fk  denoise�(z
k)

sk  fk + ((qk�1 � 1)/qk)(f
k � fk�1)

PnP-FISTA

Kamilov et al., “A Plug-and-Play Priors Approach for Solving  
Nonlinear Imaging Inverse Problems,” IEEE Signal Process. Lett., 2017

PnP-ADMM

Venkatakrishnan  et al., “Plug-and-Play Priors for Model Based Reconstruction,”  
Proc. IEEE GlobalSIP, pp. 945-948, December 2013.



Plug-and-play priors (PnP) approach has been 
shown to yield state-of-the-art results

Method Average PSNR (dB)  
over 10 images

TV 29.22

IDD-BM3D 30.92

ASDS-Reg 30.11

NCSR 31.09

PnP 31.33

Romano et al., “The Little Engine That Could: Regularization by Denoising,” 
SIAM J. Imaging Sci., vol. 10, no. 4, pp. 1804-1844, 2017
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REGULARIZATION BY DENOISING (RED) 1827

(a) Ground Truth (b) Input 20.83dB (c) RED: SD-Median filter 25.87dB

(d) NCSR 28.39dB (e) P 3-TNRD 28.43dB (f) RED: FP-TNRD 28.82dB

Figure 6. Visual comparison of deblurring a cropped area from the image Starfish, degraded by a uniform
PSF, along with the corresponding PSNR [dB] score.

only. In the case of the TNRD denoiser, the parameters that are used in our approach and in
P 3 are listed in Tables 5 and 6, respectively. In the simpler case of the median filter (defined
by a 3 ⇥ 3 window), the number of iterations of the proposed SD algorithm is set to N = 50
with a parameter � = 0.0325.

Interestingly, when setting the median filter to be our denoising engine we get a 2.19dB
improvement (on average) over the bicubic interpolation. Alternatively, when choosing a
stronger denoiser such as TNRD, we achieve state-of-the-art results. Notably, P 3 and the three
variants of the proposed approach lead to similar restoration performance, consistent with the
observation that was made in the context of the deblurring problem. These support once
again the claim that our framework is a tangible alternative to P 3. Figures 8 and 9 visually
compare the proposed method to P 3 and also to the state-of-the-art NCSR. As shown, the
three algorithms o↵er an impressive restoration with sharp and clear edges, complying with
the quantitative results which are given in Table 4.
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We prove using monotone operator theory that 
PnP-ISTA converges for averaged denoisers

✓

1� ✓

+
y bf = denoise�(y)

nonexpansive

For a convex data-fidelity, the iterates of PnP-ISTA satisfy

f? = prox�D(f
? � u)

f? = denoise�(f
? + u)

where the fixed point satisfies the consensus equilibrium (CE)

Sun, Wohlberg, Kamilov, “An Online Plug-and-Play Algorithm for 
Regularized Image Reconstruction,” IEEE Trans. Comp. Imag, 2019

Buzzard et al., “Plug-and-Play Unplugged: Optimization free 
reconstruction using consensus equilibrium,” 2019

f?

priordata
f? � u f? + u

��f t � P(f t)
��2  2

t

✓
1 + ✓

1� ✓

◆
kf0 � f?k2 with P(f) = denoise�(f � �rD(f))

��f t � P(f t)
��2  2

t

✓
1 + ✓

1� ✓

◆
kf0 � f?k2 with P(f) = denoise�(f � �rD(f))

An averaged deep conv net is straightforward to build



Our analysis extends recent results on the 
convergence of PnP schemes

Sreehari  et al., “Plug-and-Play Priors for Bright Field Electron  
Tomography and Sparse Interpolation,” IEEE Trans. Comp. Imag., 2016

Chan  et al., “Plug-and-Play ADMM for Image Restoration: Fixed-Point 
Convergence and Applications,” IEEE Trans. Comp. Imag., 2016

Unfortunately no convergence rate 
PnP-ISTA can diverges for bounded operators!

[Sreehari et al.]: When D(·) is convex and rdenoise�(·) is a symmetric matrix with
eigenvalues in [0, 1], then denoise�(·) is a proximal operator.

<latexit sha1_base64="vZt/fK1oZnQaCLcrENJIDbT0NZc="></latexit><latexit sha1_base64="vZt/fK1oZnQaCLcrENJIDbT0NZc="></latexit><latexit sha1_base64="vZt/fK1oZnQaCLcrENJIDbT0NZc="></latexit><latexit sha1_base64="vZt/fK1oZnQaCLcrENJIDbT0NZc="></latexit>

[Chan et al.]: When both rD(·) and denoise�(·) are bounded operators, PnP-
ADMM with a quadratic parameter update scheme converges to a fixed point.

<latexit sha1_base64="fsV32Sonj7kg+uNY/LW5uRivGqE="></latexit><latexit sha1_base64="fsV32Sonj7kg+uNY/LW5uRivGqE="></latexit><latexit sha1_base64="fsV32Sonj7kg+uNY/LW5uRivGqE="></latexit><latexit sha1_base64="fsV32Sonj7kg+uNY/LW5uRivGqE="></latexit>

Denoiser is an implicit proximal operator



PnP-SPGM accelerates image formation in 
optical tomography with many measurements

In reality, the data-fidelity has the following form

D(f) =
1

2L

LX

`=1

ky` � u`
sc(f)k2`2 ) rD(f) =

1

L

LX

`=1


@

@f
u`

sc(f)

�
(u`

sc(f)� y)
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use only B << L 
measurements per iterationr̂D(sk�1) minibatchGradient(sk�1, B)

zk  sk�1 � �r̂D(sk�1)

fk  denoise�(z
k)

sk  fk + ((qk�1 � 1)/qk)(f
k � fk�1)

PnP-SPGM can accelerate image formation by  
reducing per-iteration cost (and also parallelizing the algorithm)

Converges to the same 
solution as PnP-ISTA*

Sun, Wohlberg, Kamilov, “An Online Plug-and-Play Algorithm for 
Regularized Image Reconstruction,” IEEE Trans. Comp. Imag, 2019



When the number of measurements is large, 
PnP-SPGM converges faster than batch algorithms

Sun et al., “Regularized Fourier Ptychography using an  
Online Plug-and-Play Algorithm,” Proc.IEEE ICASSP 2019

Figure 4: Comparison of online and batch algorithms on the FPM dataset containing HeLa cells. Each
algorithm uses 60 measurements per-iteration. The first row illustrates the results of NoReg-Batch, TV-
Batch, and BM3D-Batch. The second shows NoReg-Online, TV-Online, and BM3D-Online. Visual di↵erence
are illustrated by the white rectangles drawn inside the images. The green arrows highlight the artifacts.

5 Conclusion

In this paper, we propose a novel online plug-and-play algorithm for the regularized Fourier ptychographic
microscopy. Numerical simulations demonstrate that PnP-SGD-FPM converges to a nearly-optimal average
SNR in a shorter amount of time. The experiments for FPM confirm the e↵ectiveness and e�ciency of
PnP-SGD-FPM in practice, and shows its potential for other imaging applications. More generally, this
work shows the potential of PnP-SGD-FPM to solve inverse problems beyond traditional convex data-fidelity
terms.
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Today we will talk about

๏ Accounting for nonlinearities in optical tomography 
Going beyond linear inverse problems

๏ Fast online imaging using “Plug-In” operators 
Enforcing priors beyond traditional optimization

๏ Total variation for deep image prior (DIP-TV) 
Using untrained CNNs as imaging priors



Does the excellent performance of conv nets 
exclusively come from from learning?

nature of this interaction remains unclear, particularly in the
context of image generation.

In this work, we show that, contrary to the belief that
learning is necessary for building good image priors, a great
deal of image statistics are captured by the structure of
a convolutional image generator independent of learning.
This is particularly true for the statistics required to solve
various image restoration problems, where the image prior
is required to integrate information lost in the degradation
processes.

To show this, we apply untrained ConvNets to the so-
lution of several such problems. Instead of following the
common paradigm of training a ConvNet on a large dataset
of example images, we fit a generator network to a single
degraded image. In this scheme, the network weights serve
as a parametrization of the restored image. The weights are
randomly initialized and fitted to maximize their likelihood
given a specific degraded image and a task-dependent ob-
servation model.

Stated in a different way, we cast reconstruction as a con-
ditional image generation problem and show that the only
information required to solve it is contained in the single
degraded input image and the handcrafted structure of the
network used for reconstruction.

We show that this very simple formulation is very com-
petitive for standard image processing problems such as de-
noising, inpainting and super-resolution. This is particu-
larly remarkable because no aspect of the network is learned
from data; instead, the weights of the network are always
randomly initialized, so that the only prior information is in
the structure of the network itself. To the best of our knowl-
edge, this is the first study that directly investigates the prior
captured by deep convolutional generative networks inde-
pendently of learning the network parameters from images.

In addition to standard image restoration tasks, we show
an application of our technique to understanding the infor-
mation contained within the activations of deep neural net-
works. For this, we consider the “natural pre-image” tech-
nique of [21], whose goal is to characterize the invariants
learned by a deep network by inverting it on the set of nat-
ural images. We show that an untrained deep convolutional
generator can be used to replace the surrogate natural prior
used in [21] (the TV norm) with dramatically improved re-
sults. Since the new regularizer, like the TV norm, is not
learned from data but is entirely handcrafted, the resulting
visualizations avoid potential biases arising form the use of
powerful learned regularizers [8].

2. Method

Deep networks are applied to image generation by learn-
ing generator/decoder networks x = fθ(z) that map a ran-
dom code vector z to an image x. This approach can be used
to sample realistic images from a random distribution [11].

Figure 2: Learning curves for the reconstruction task us-
ing: a natural image, the same plus i.i.d. noise, the same
randomly scrambled, and white noise. Naturally-looking
images result in much faster convergence, whereas noise is
rejected.

Here we focus on the case where the distribution is condi-
tioned on a corrupted observation x0 to solve inverse prob-
lems such as denoising [5] and super-resolution [7].

Our aim is to investigate the prior implicitly captured by
the choice of a particular generator network structure, be-
fore any of its parameters are learned. We do so by inter-
preting the neural network as a parametrization x = fθ(z)
of an image x ∈ R3×H×W . Here z ∈ RC

′
×H

′
×W

′

is a
code tensor/vector and θ are the network parameters. The
network itself alternates filtering operations such as convo-
lution, upsampling and non-linear activation. In particu-
lar, most of our experiments are performed using a U-Net
type “hourglass” architecture with skip-connections, where
z and x have the same spatial size. Our default architecture
has two million parameters θ (see Supplementary Material
for the details of all used architectures).

To demonstrate the power of this parametrization, we
consider inverse tasks such as denoising, super-resolution
and inpainting. These can be expressed as energy minimiza-
tion problems of the type

x∗ = min
x

E(x;x0) +R(x), (1)

where E(x;x0) is a task-dependent data term, x0 the
noisy/low-resolution/occluded image, and R(x) a regular-
izer.

The choice of data term E(x;x0) is dictated by the appli-
cation and will be discussed later. The choice of regularizer,
which usually captures a generic prior on natural images, is
more difficult and is the subject of much research. As a
simple example, R(x) can be the Total Variation (TV) of
the image, which encourages solutions to contain uniform
regions. In this work, we replace the regularizer R(x) with
the implicit prior captured by the neural network, as fol-
lows:

θ∗ = argmin
θ

E(fθ(z);x0), x∗ = fθ∗(z) . (2)

9447

Ulyanov et al., “Deep Image Prior,” Proc. CVPR, 2018

A deep conv net fits more easily to  
natural images compared to noise



Does the excellent performance of conv nets 
exclusively come from from learning?

Ulyanov et al., “Deep Image Prior,” Proc. CVPR, 2018

bf = f✓⇤(z) ✓⇤ = argmin
✓

⇢
1

2
ky �Hf✓(z)k2`2

�

(a) Original image (b) Bicubic, Not trained (c) Ours, Not trained (d) LapSRN, Trained (e) SRResNet, Trained

Figure 5: 4x image super-resolution. Similarly to e.g. bicubic upsampling, our method never has access to any data other
than a single low-resolution image, and yet it produces much cleaner results with sharp edges close to state-of-the-art super-
resolution methods (LapSRN [18], SRResNet [19]) which utilize networks trained from large datasets.

(a) Corrupted image (b) Global-Local GAN [15] (c) Ours, LR = 0.01 (d) Ours, LR = 10
−4

Figure 6: Region inpainting. In many cases, deep image prior is sufficient to successfully inpaint large regions. Despite
using no learning, the results may be comparable to [15] which does. The choice of hyper-parameters is important (for
example (d) demonstrates sensitivity to the learning rate), but a good setting works well for most images we tried.

bution. First, a mask is sampled to drop 50% of pixels at
random. We compare our approach to a method of [25]
based on convolutional sparse coding. To obtain results for
[25] we first decompose the corrupted image x0 into low
and high frequency components similarly to [12] and run
their method on the high frequency part. For a fair compar-
ison we use the version of their method, where a dictionary
is built using the input image (shown to perform better in
[25]). The quantitative comparison on the standard data set
[14] for our method is given in table 1, showing a strong
quantitative advantage of the proposed approach compared
to convolutional sparse coding. In fig. 7 (bottom) we present
a representative qualitative visual comparison with [25].

We also apply our method to inpainting of large holes.

Being non-trainable, our method is not expected to work
correctly for “highly-semantical” large-hole inpainting (e.g.
face inpainting). Yet, it works surprisingly well for other
situations. We compare to a learning-based method of [15]
in fig. 6. The deep image prior utilizes context of the image
and interpolates the unknown region with textures from the
known part. Such behaviour highlights the relation between
the deep image prior and traditional self-similarity priors.

In fig. 8, we compare deep priors corresponding to sev-
eral architectures. Our findings here (and in other simi-
lar comparisons) seem to suggest that having deeper archi-
tecture is beneficial, and that having skip-connections that
work so well for recognition tasks (such as semantic seg-
mentation) is highly detrimental.

9450

A deep conv net fits more easily to  
natural images compared to noise

This suggests that it can be used as  
a deep image prior (DIP) in an inverse problem
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Figure 3: CNN architecture [15] used in this paper. The architecture is based on the well-known U-net with
skip connections between the down layers and up layers. Two di↵erent kernel sizes are noted under each
convolutional layer, and the number of filters is illustrated above each block. The variable ns[i] denotes the
number of feature maps at ith skip layer.

Recently, Ulyanov et al. [15] proposed to use CNN-based methods in an alternative way. They discovered
that the architecture of deep CNN models is well-suited for representing natural images, but not random
noise. With a random input vector, CNN can reproduce the clear image without supervised training on a
large dataset. In the context of image restoration, the associated optimization for DIP can be formulated as

⇥
⇤=argmin

⇥
ky�Hf⇥(z)k2`2 ,

such that x
⇤ = f⇥⇤(z).

(5)

where z2RN denotes the random input vector. The CNN generator is initialized with random variables
⇥, and these variables are iteratively optimized so that the output of the network is as close to the target
measurement as possible.

3 Proposed Method

The goal of DIP-TV is to use the TV regularization to improve the basic DIP approach. We first consider
the optimization problem shown in (2) and the objective function of DIP in (5). One can find that the
ky�Hf⇥(z)k2`2 term in (5) actually corresponds to the data-fidelity term in (3) by replacing f⇥(z) with an
unknown image output. Thus, we can consider replacing (5) with an optimization problem

⇥⇤=argmin
⇥

�
ky�Hf⇥(z)k2`2 +�⇢TV(f⇥(z))

 
,

such that x
⇤ = f⇥⇤(z).

(6)

Optimization in (6) is similar to training of a CNN and one can rely on any standard optimization algorithms.
Figure 3 illustrates the CNN architecture we used in this paper, which was adapted from [15]. In partic-

ular, the popular U-net architecture [26] is modified such that the skip connections contain a convolutional
layer. The decoder uses a down-sampling and up-sampling based scaling-expanding structure, which makes
the e↵ective receptive field of the network increase as the input goes deeper into the network [27]. Besides,
the skip connection enables the later layers to reconstruct the feature maps with both local details and global

3

DIP can be conveniently combined with  
other priors to further stabilize and improve it

Can a combination of TV and DIP improve  
over both when they are used separately?

bf = f✓⇤(z) ✓⇤ = argmin
✓

⇢
1

2
ky �Hf✓(z)k2`2 + �kDf✓(z)k`1

�

We adopt a simple modified U-Net architecture 
considered in the original DIP paper

Liu et al., “Image Restoration using Total Variation 
Regularized Deep Image Prior,” November 2018



DIP can be conveniently combined with  
other priors to further stabilize and improve it

Liu et al., “Image Restoration using Total Variation 
Regularized Deep Image Prior,” November 2018

DIP (SNR: 20.51dB) DIP-TV (SNR: 21.57dB)TV (SNR: 20.60dB)

TV (SNR: 25.49dB) DIP (SNR: 26.89dB) DIP-TV (SNR: 27.33dB)

Corrupt (SNR: 5.00dB)Original

Corrupt (SNR: 15.00dB)

BM3D (SNR: 21.22dB)

BM3D (SNR: 27.26dB)Original

EPLL (SNR: 21.20dB)

EPLL (SNR: 27.21dB)

Baselines TV / DIP / DIP-TV

Figure 4: Image denoising results on Tower and Jet obtained by EPLL, BM3D, TV-FISTA, DIP, and DIP-
TV. The first and second columns display the original images and corrupted images, respectively. Each
reconstruction is labeled with its SNR (dB) value with respect to the original image. Visual di↵erences are
highlighted using the rectangles drawn inside the images.

Figure 5: Image deblurring results with realistic motion blur kernel from [28] and �=7.65 on Peppers
obtained by IRCNN, DIP, and DIP-TV. Visual di↵erences are highlighted using the rectangles drawn inside
the images.

texture. Here, the input z can be initialized with uniform noise and be further optimized. The proposed
framework can deal with both grayscale and color images, where for color images anisotropic TV jointly
regularizes all three channels.

4 Experiments

We now present the experimental results on image denoising and deblurring. We consider 14 gray scale
images and 8 standard color images (256⇥256 and 512⇥512) from set12, set14, and BSD68 as our testing
images. The gray scale images are shown in Figure 1, while color images are: Monarch, Parrots, House,
Lena, Peppers, Baby, and Jet.

4.1 Image Denoising

In this subsection, we analyze the performance of DIP-TV method for image denoising problems. The CNN
architecture in Figure 3 is used for both color and grayscale images, with ns[i]=4 for each skip layers. All
algorithmic hyperparameters were optimized in each experiment for the best signal-to-noise ratio (SNR)
performance with respect to the ground truth test image. Both DIP-TV and DIP were set to run 5000
optimization step. We use the average SNR to denote the SNR values averaged over the associated set of
test images.

We first present the results of the experiments on grayscale images, where we compared DIP-TV with
EPLL [29], BM3D [17], TV [30] and DIP [15]. In order to directly evaluate the range of noise levels that DIP-

4

Table 1: The SNR (dB) results of di↵erent methods on the testing images with input noise levels 5 dB, 10
dB, 15 dB, 20 dB, and 25 dB. For example, 5 dB noisy input represents very high noise level and corresponds
to �=76.26 in average.
Images 1 2 3 4 5 6 7 8 9 10 11 12 13 14

Input SNR = 5 dB / � =76.26
EPLL 18.60 21.39 19.18 15.29 16.88 16.54 18.33 21.80 21.21 20.19 19.38 19.85 16.85 21.20
BM3D 18.72 22.22 18.81 15.31 16.86 16.50 18.30 21.87 21.55 20.25 19.52 20.35 17.33 21.22
TV 17.22 20.38 17.65 13.74 16.24 15.42 16.57 19.71 20.09 18.38 18.49 18.27 16.23 20.60
DIP 17.98 21.19 18.78 14.98 16.16 16.19 17.61 21.44 21.08 18.67 18.97 20.19 16.64 20.51

DIP-TV 18.84 22.41 19.56 15.52 16.99 16.79 18.48 22.26 21.61 19.10 19.55 20.52 17.80 21.57
Input SNR = 10 dB / � =53.43

EPLL 21.21 24.21 21.96 17.81 19.42 19.65 20.88 24.59 23.68 21.20 21.79 22.98 19.65 23.91
BM3D 21.30 25.10 21.57 17.81 19.39 19.58 20.84 24.65 24.01 21.28 21.90 23.39 20.20 23.85
TV 19.76 22.82 20.39 16.34 18.45 18.04 18.91 22.62 22.15 20.34 20.56 20.80 18.85 22.83
DIP 20.76 24.32 21.55 17.81 18.82 19.14 20.21 24.43 23.24 21.01 21.22 23.46 19.90 22.99

DIP-TV 21.33 25.11 22.10 17.96 19.43 19.61 20.89 24.77 23.81 21.57 21.65 23.60 20.46 24.12
Input SNR = 15 dB / � =30.02

EPLL 23.57 27.04 24.63 21.00 22.10 22.79 23.12 27.21 26.29 23.65 24.51 26.03 22.73 26.78
BM3D 24.02 27.95 24.55 20.96 22.04 22.69 23.41 27.26 26.60 23.71 24.60 26.64 23.34 26.74
TV 22.42 25.39 23.44 19.58 20.99 21.00 22.28 25.49 24.49 22.64 22.93 23.77 22.51 25.22
DIP 23.08 26.17 23.96 20.85 21.24 22.08 22.70 26.89 25.75 22.74 23.69 26.52 22.51 25.32

DIP-TV 23.77 27.37 24.63 21.05 21.85 22.59 23.12 27.33 25.97 22.90 23.95 26.81 23.22 26.65
Input SNR = 20 dB / � =14.24

EPLL 26.59 29.26 27.35 24.19 24.61 26.04 26.41 30.11 28.78 26.50 27.09 29.19 25.51 29.58
BM3D 26.78 30.20 27.36 24.16 24.61 25.95 26.30 30.13 29.07 26.53 27.14 29.84 26.21 29.55
TV 25.35 27.92 26.18 23.06 23.92 24.34 25.13 28.42 26.99 25.36 25.60 26.94 24.97 30.86
DIP 25.66 29.03 26.77 23.92 23.94 25.45 25.41 29.31 27.49 23.25 25.04 29.59 25.55 28.31

DIP-TV 26.37 29.53 27.38 24.10 24.46 25.66 25.63 29.72 27.84 24.17 25.42 29.80 25.90 29.06
Input SNR = 25 dB / � =5.12

EPLL 30.01 31.80 30.20 27.75 28.21 29.51 29.51 32.86 31.11 29.58 29.49 32.21 28.46 32.29
BM3D 30.17 32.79 30.17 27.71 28.17 29.39 29.45 32.88 31.38 29.59 29.51 33.00 29.12 32.27
TV 28.84 30.51 29.29 26.82 27.43 27.90 27.81 31.36 29.77 28.45 28.47 30.42 28.24 32.63
DIP 28.33 31.71 29.27 26.86 26.79 28.11 27.99 30.21 27.95 24.67 25.71 31.84 28.45 30.96

DIP-TV 28.75 31.80 29.92 27.42 26.91 28.56 28.17 31.29 28.13 24.86 26.05 32.19 28.49 31.84

TV performs better, the input SNR to output SNR relationships are presented in Table 1. The grayscale
images were corrupted by AWGN corresponding to input SNR of 5 dB, 10 dB, 15 dB, 20 dB, 25 dB,
respectively. In particular, DIP-TV outperforms original DIP by around 0.5 dB for a wide range of noise
levels from 5 dB to 20 dB. Note that the proposed method also bridge the gap between DIP and the state-of-
the-art methods in high noise levels. Figure 4 illustrates the visual comparisons for grayscale images Tower
and Jet under two di↵erent noise levels, respectively. The DIP-TV significantly promotes the denoising
performance of DIP itself in terms of both visual qualities and SNR. The noise is e↵ectively filtered out and
the details of the image are preserved because of the TV regularization. For instance, DIP-TV improves the
SNR with respect to Tower by over 1.06 dB against DIP, and outperforms BM3D by 0.35 dB. Visually, the
door highlighted in Tower is clearly restored, while other methods bring serious distortion to it.

In color image denoising, we compared our method with CBM3D [17] and NLM [31] as well as DIP itself.
We considered AWGN corresponding to variance � from 25 to 75. Figure 2 compares the SNR performance
of CBM3D, DIP, and DIP-TV on the image Monarch. Table 2 summaries the average SNR among di↵erent
methods. Overall, DIP-TV exceeds DIP by at least 0.2 dB on the testing images. Moreover, DIP-TV
outperforms CBM3D with the increase of noise level (e.g. ��35). Considering that the whole procedure of
DIP-TV and DIP are image-agnostic and no prior information is learned from other images, it is notable
that DIP-TV achieves comparable performance to the state-of-the-art for high noise levels.
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DIP can be conveniently combined with  
other priors to further stabilize and improve it

Liu et al., “Image Restoration using Total Variation 
Regularized Deep Image Prior,” November 2018

Figure 1: The set of 14 grayscale images used in experiments.

Corrupt CBM3D 20.93dB DIP-TV 21.35dBDIP 20.91dBOriginal

Figure 2: Comparison of DIP-TV against several standard algorithms for image denoising. DIP-TV achieves
the best SNR performances on image Monarch with AWGN of � = 65. The combination of the CNN and
TV priors preserve homogeneity of the background as well as the texture, highlighted by rectangles drawn
inside the images.

As practical inverse problems are often ill-posed, it is common to regularize the task by constraining
the solution according some prior knowledge. In practice, the reconstruction often relies on the regularized
least-squares formulation

x
⇤=argmin

x

�
ky�Hxk2`2 +�⇢(x)

 
(2)

where the data-fidelity term ensures the consistency with measurements, and regularizer ⇢ constrains the
solution to the desired image class. The parameter �>0 controls the strength of regularization.

Total variation (TV) is one of the most widely used image priors that promotes sparsity in image in
image gradients [18]. It has been shown to be e↵ective in a number of applications [19–21]. The `1-based
anisotropic TV is given by

⇢TV (x) ,
NX

i=1

|[D1x]n|+ |[D2x]n|, (3)

where D1 and D2 denote the finite di↵erence operation along the first and second dimension of a two-
dimensional (2D) image with appropriate boundary conditions.

Currently, deep learning achieves the state-of-the-art performance for di↵erent image restoration prob-
lems [22–24]. The core idea is to train a CNN via the following optimization

⇥
⇤=argmin

⇥
L(f⇥(y),x),

such that x
⇤ = f⇥⇤(y),

(4)

where x
⇤ is the restored image, and f⇥(·) represents the CNN parametrized by ⇥. L denotes the loss

function. In practice, (4) can be e↵ectively optimized using the family of stochastic gradient descend (SGD)
methods, such as adaptive moment estimation (ADAM) [25].

2

Figure 4: Image denoising results on Tower and Jet obtained by EPLL, BM3D, TV-FISTA, DIP, and DIP-
TV. The first and second columns display the original images and corrupted images, respectively. Each
reconstruction is labeled with its SNR (dB) value with respect to the original image. Visual di↵erences are
highlighted using the rectangles drawn inside the images.

IRCNN (PSNR = 30.30dB)CorruptOriginal DIP (PSNR = 30.00dB) DIP-TV (PSNR = 30.45dB)

Figure 5: Image deblurring results with realistic motion blur kernel from [28] and �=7.65 on Peppers
obtained by IRCNN, DIP, and DIP-TV. Visual di↵erences are highlighted using the rectangles drawn inside
the images.

texture. Here, the input z can be initialized with uniform noise and be further optimized. The proposed
framework can deal with both grayscale and color images, where for color images anisotropic TV jointly
regularizes all three channels.

4 Experiments

We now present the experimental results on image denoising and deblurring. We consider 14 gray scale
images and 8 standard color images (256⇥256 and 512⇥512) from set12, set14, and BSD68 as our testing
images. The gray scale images are shown in Figure 1, while color images are: Monarch, Parrots, House,
Lena, Peppers, Baby, and Jet.

4.1 Image Denoising

In this subsection, we analyze the performance of DIP-TV method for image denoising problems. The CNN
architecture in Figure 3 is used for both color and grayscale images, with ns[i]=4 for each skip layers. All
algorithmic hyperparameters were optimized in each experiment for the best signal-to-noise ratio (SNR)
performance with respect to the ground truth test image. Both DIP-TV and DIP were set to run 5000
optimization step. We use the average SNR to denote the SNR values averaged over the associated set of
test images.

We first present the results of the experiments on grayscale images, where we compared DIP-TV with
EPLL [29], BM3D [17], TV [30] and DIP [15]. In order to directly evaluate the range of noise levels that DIP-
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To conclude

๏ Optical tomographic live-cell imaging could benefits 
from nonlinear forward models and advanced priors

๏ BPM is a simple, yet effective, nonlinear model that 
accounts for forward multiple scattering

๏ We increasingly rely on implicit regularization using 
nonlinear operators, such as deep neural nets

๏ Plug-In SPGM is a theoretically sound algorithm that 
can regularize at large-scales using nonlinear operators

๏ Deep conv nets can regularize with or without training, 
and can be combined with traditional regularizers
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