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Abstract

In this project, we are going to investigate the deep im-
age prior method for blind image deblurring. There are sev-
eral drawbacks observed for the existing work, 1) lack of
direct supervision; 2) non-adaptive and sub-optimal early
stopping policy; 3) limitation on the dynamic scene / spa-
tially non-uniform deblurring. Several potential improve-
ments are proposed using a pre-trained deblurring network
as a weak supervisor to provide direct supervision and a
early stopping strategy.

1. Motivation and Related works

In this work, we mainly focus on the task of blind image
deconvolution where the blur kernel is unknown. We start
from the image degradation model:

y=xxH+N, (D)

where x, y and N are the clean image, degraded image and
noise respectively. H and * are the task-dependent degra-
dation function and operator. For example, for blury image
formation, H is the blur kernel and * is the convolution [3].
while for image in-painting, H can be a mask image and x
is the element-wise multiplication [7].

To restore a degraded image, we aim to develop a method
f(-). When given a degraded image y, it generates a re-
stored image X = f(y) that is closer to the ground truth
clean image x. For deep learning-based method, espe-
cially the end-to-end ones, we denote the mapping func-
tion parameterized by 0 as fy(-). For learning-based meth-
ods, fo(+) is learned from large-scale degraded/clean image
pairs, so that the restoration prior or knowledge is encoded
in the weights 6 [5].

As an alternative research direction, Deep Image Prior
(DIP) [6] finds that an untrained deep model is also capable
to capture some of the low-level statistics of natural images.
Given each degraded image, the optimization is formulated

as:
0" = argmin E(fo(2);y), " = fo- (2)- ()

E(-) is the data fidelity term, which normally aims to mini-
mize the distance between two inputs, therefore, making the
network outputs closer to the given data. z is the noise that
follows Gaussian Distribution.

Through iterative optimization of Eq. 2. The net-
work fg(z) aims to reproduce the degraded image. How-
ever, as discovered in [6], such parametrization offers high
impedance to noise but low impedance to signals. In other
words, the optimization process produces natural clean im-
ages first before fitting to the degraded image. Thus, an
early stopping for such degradation reconstruction opti-
mization leads to a image restoration solution. It has been
shown the effectiveness on restoration tasks, such as image
denoising, super-resolution, in-painting.

However, for the task of blind image deblurring, DIP is
degenerated as it has the limitation on capturing the prior of
blur kernels [4]. Thus, two separate generative networks G,
and Gy, are proposed to replace fy. G, aims to capture the
image prior, while Gy, is expected to model the blur kernel
k. The optimization is then becomes:

min = [|Gx(zk) ® Go(z2) — I, 3)
(Gz,Gk)

where z; and z, are the input noise for each generator
and ® is the convolution operator. The goal of Eq. 3 is to
generate a clean image and the corresponding blur kernel
so that they can be transformed into the input blurry image
via blur degradation model. Note, such supervision is self-
supervised without any ground-truth image.

There are several drawbacks observed:

* The clean image is the intermediate output of the
whole system, but the supervision is applied to the fi-
nal reconstructed blurry image. It leads to indirect op-
timization of the expected output, and the training ob-
jective and evaluate protocol do not match.

* Different input blurry images may require different
number of iterations. The current method has a fixed



iteration number for all images, which is sub-optimal.
Although the intermediate output is constrained by the
reconstruction loss, its convergence cannot be guaran-
teed.

* The current method is designed for spatially uniform
blurs. An investigation is needed to assess its limita-
tions on dynamic scenes, which involves non-uniform
blurs (e.g., moving objects).

2. Project overview

In this project, we are going to explore if providing a su-
pervision directly at the expected output is beneficial. Con-
cretely, the direct supervision on the expected intermediate
output might enhance the prior extracting process. How-
ever, the only available information is the degraded input
image y, which reduces the flexibility of such method.

To alleviate such problem, we follow the self-training
method [2], which use the trained model to label the un-
labeled data. Specifically, we employ a deep model g that is
trained on a large-scale dataset for the deblurring task:

X =g(y). “4)

We name X as the surrogate ground truth which is the de-
blurred version of y using g. Although x highly depends on
the architecture of g and the training dataset, and may con-
tain defected results, it has learned through abundant data
samples to extract features. X can be used as a weak super-
vision to guide G.(z,). Therefore, we propose to add the
following loss:

Lweak = E(gm (21)7)_() (5)

E measures the distance between G, (z, ) or X which can be
L1/L2 norm, or other similarity metrics.

Note, X also represents the knowledge of the trained
model g. Thus, using Eq. 5 is analogy to the knowledge
distillation technique [!]. Specifically, the knowledge of
a well-trained model is transferred to a model with lower
learning capability.

Another constraint can be added at the final degraded
output. We expect that passing the generated degraded im-
age 7 to g will have similar deblur results (either comparing
the final predictions or the intermediate features) as passing
Z. Therefore, another loss term can be added as:

Erec :E(g(:i)ag(j)) (6)

To determine the adaptive early stopping strategy, g can
also be utilized. For example, a stopping policy can be de-
termined by choosing a threshold ¢:

E(g(2),9()) <t. (7)

We can also set a rule so that the training can be stopped
if the criteria of Eq. 7 can last for certain consecutive itera-
tions to eliminate the effect of unstable training iterations.

3. Milestones, timeline & goals

* Week 1 (Nov.17 - Nov.23): get familiar with the code-
base of SelfDeblur [4]. Investigate the proper methods
for g. Evaluation of g is needed for the performance
on different datasets.

* Week 2 (Nov.24 - Nov.30): conduct the experiments of
the proposed methods and record the results quantita-
tively and qualitatively.

* Week 3 (Dec.1 - Dec.8) continue the experiments and
investigate potential extension to dynamic scene de-
blurring. Report write-up, prepare the posters.
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