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1 INTRODUCTION AND MOTIVATION

Deconvolution is the problem of estimating an image
from a blurred and possibly noisy measurement. Restoring a
blurry image to its true form has applications ranging from
everyday photography to medical and scientific imaging.
Image deconvolution is often framed as an inverse problem
and solved using iterative optimization techniques incorpo-
rating priors.

Alternating-Direction Method of Multipliers (ADMM)
[1] is a general optimization algorithm for inverse problems.
It allows us to incorporate priors based on our understand-
ing of the characteristics of the original image. Moreover, it
allows us to mix and match different image formation mod-
els (how the image was corrupted) and regularizers/priors
(how we think a natural image looks) [2]. In particular, an
existing image denoiser can be used as a prior to produce
clean images when deblurring under Gaussian noise.

The prior has a significant impact on the performance
of ADMM. For example, a denoising CNN (DnCNN) prior
outperforms a TV prior. As such, extending to other learned
denoising priors may yield further improvements.

Denoising diffusion probabilistic models [3] (referred to
simply as diffusion models) are a recent development in
deep learning and are currently state-of-the-art in image
generation. Diffusion models work by iteratively denoising
an initial image to invert a forward noising process. The
iterative nature of the diffusion denoising process allows it
to be guided or conditioned based on a text prompt or class
[4].

In this project, we propose using a text-guided diffusion
denoiser as the prior in deconvolution with ADMM.

2 RELATED WORK
2.1 Deblurring with ADMM

For inverse imaging applications such as deconvolution, the
observed images can be modeled as,

b=Ax+17 1)

where b is the measured image, A is the convolution kernel
expressed as a circulant Toeplitz matrix, x is the original
image on which the convolution kernel operates and 7 is
zero mean Gaussian noise. More formally, z; ~ N (z;,0)
, mi ~ N(0,0?), which leads to b; ~ N((Ax);,c?). For-
mulating this as a bayesian maximum-a-posterior (MAP)
problem, the optimal solution can be obtained as,
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where the second term, U(z) = —logp(x) encodes a
known prior on the image (such as sparsity or smoothness).
The Alternating Direction Method of Multipliers (ADMM)
[1] is a iterative algorithm for convex optimization which
has been shown to outperform other optimization tech-
niques in terms of visual quality on such inverse problems.
Often, ADMM approaches exploit a known prior to con-
verge to a more likely solution. For example, we can use the
lasso (L1 norm) prior to promote sparsity, the total variation
prior for sparsity of gradients, non-local means to promote
self-similarity, Wiener deconvolution to promote direct in-
verse filtering, and DnCNN for learning-based approaches.
Together, these priors form the baseline for comparison to
our proposed method discussed in the next section.

2.2 Denoising diffusion models

Recently, diffusion models have succeeded in generating
high-quality images from pure Gaussian noise [3]. The train-
ing process consists of two steps: First, a forward process
(called diffusion) where noise is gradually added to the
image sample over T' steps until it resembles pure noise,
and second, a reverse process where the original image is re-
covered by iteratively learning the added noise which needs
to be subtracted from the current image to obtain the next
less-noisy image in the sequence. The resulting generative
model can then be sampled by iteratively denoising either a
pure Gaussian noise sample or a partially noisy image.

The forward process is a Markov chain that gradually
adds Gaussian noise to the image as,
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The reverse process to obtain the sample image, xo, from
the noisy image, x7, is modelled as,
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where a U-Net is used to estimate ug(xy,t), the learned
noise in x, so that x;_; can be simply computed as,

Xt—1 = Xt — Me(xt, t) ()

CLIP [5] is a model that provides a semantic similarity
measure between image-text pairs. Recent methods like



OpenAl’s GLIDE and DALLE 2 [4], [6] guide the diffusion
process such that the CLIP-similarity between a generated
image and a provided text prompt is maximized, resulting
in an effective text-to-image generator.

3 PROJECT PROPOSAL

We propose using a diffusion denoising model as the
prior in ADMM. Similar to how denoised images from the
DnCNN are used in the z-update to provide a prior on how
clean, natural images should look, we plan to experiment
with using the denoised image from the diffusion model as
the prior.

An advantage of this method is that the diffusion de-
noiser can be guided by text prompts to provide a stronger
prior on how the image should look. For example, a blurred
and noisy image of a dog can be deconvolved by ADMM
with a denoising prior guided by the text prompt "Dog”.
We plan to perform experiments to study the effects of
such a procedure. In particular, we aim to test whether this
method produces better quality images when the noise level
is extremely high.

We plan to compare this technique to several baselines
such as inverse and Wiener filtering, and ADMM baselines
using the TV, DnCNN, and NLM priors, especially at high
noise levels.

3.1 Milestones and Timelines
Our proposed timeline is as follows:

e Nov 17 - 22: Acquire an appropriate dataset, and
get baseline performance measures (Wiener filter,
ADMM with TV, DnCNN and NLM priors).

e Nov 23 - 28: Implement diffusion denoising and
GAN-based denoising priors in ADMM. Evaluate
performance of these algorithms compared to base-
lines.

e Nov 29 - Dec 3: Experiment with text-guided diffu-
sion model as the prior in ADMM.

¢ Dec 3 - Dec 6: Organize results, write the report, and
prepare presentation and poster.
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