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Research Summary

Remarkable advances to solving ill-posed imaging inverse problems have
been achieved through deep learning-based reconstructions, and in particular
by using diffusion-based generative models. These methods use a model of the
imaging system together with a pre-trained generative model to reconstruct
samples from the posterior distribution of plausible images given observed
measurements. However, in many settings, the measurement model either
contains uncertainties, or is approximated by a simple model. In these cases,
performance of the standard posterior sampling algorithm will degrade. In
this project, we proposed algorithmic extensions to posterior sampling for
blind imaging inverse problems in which the measurement model is not fully
specified. This arises in real-world imaging settings; for example, due to
motion in the scene, due to lens aberrations, due to field inhomogeneities in
magnetic resonance imaging (MRI), and more.

Results of Aim 1: Nonrigid motion correction in MRI

In our initial work, we developed a joint posterior sampling algorithm based
on diffusion models to estimate rigid motion that occurs during an MRI scan.
The approach leveraged the fact that image translation corresponds to linear
phase modulation in the Fourier space, and image rotation corresponds to
Fourier rotation. For nonrigid motion, however, these relationships no longer
hold. In addition, nonrigid motion has substantially higher number of degrees
of freedom, and therefore many plausible parameters may fit the
measurements. To overcome these issues, we developed a coarse-to-fine
denoising diffusion strategy to capture large overall motion and reconstruct
the lower frequencies of the image first, providing a better inductive bias for
motion estimation than that of standard diffusion models. The motion is first
parameterized by a small number of b-spline coefficients, and is then
represented as a progressively denser vector field. Through an alternating
minimization procedure, the underlying image and the motion field are jointly



estimated over the reverse diffusion process. We demonstrated on both
simulated rigid motion as well as to prospectively acquired cardiac MRI data.
Our approach, which we call C2F-MC(, achieved state of the art reconstruction
performance over alternative options, as shown in Figure 1.
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Fig 1. Blind motion correction in MRI. (a) Our approach outperforms state of
the art methods in rigid motion estimation, even though we do not explicitly
model rigid motion. (b) Our approach applied to reconstruction of cardiac MRI
data outperforms other methods by jointly solving for nonrigid motion
parameters.

Results of Aim 2: Double-blind imaging

In the second aim we developed a flexible method that learns the uncertainties
in the measurement system from a training set of example measurements, as
described in Figure 2. Our initial results focused on linear shift invariant
systems, though the approach is more general. We assume access to a training
set of acquired measurements (for example, a collection of blurry images),
without knowledge of the true image or how it was corrupted. Using these
measurements, we fit a generative model that captures the statistics of the
shift-invariant point spread function of the imaging system. This is
accomplished by passing clean images through the statistical model to create
synthetic measurements, and matching the statistics of these synthetic
measurements to those of the true measurements. As our results show in
Figure 3, we are able to learn the statistics of the measurement point spread
function for a variety of cases, including image blur and motion blur. Then,
using these models, we can solve the downstream blind inverse problem task.



Fig 2. Double-blind imaging setup. (a) We assume access to corrupted
measurements for a particular imaging task. (b) Example random Gaussian
blurs and random motion blurs.
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Fig 3. Double-blind imaging results. (a) We learn a generative model that
captures the statistics of the measurement system. (b) Example blind
reconstruction of motion blur. (c) Example blind reconstruction of Gaussian
blur.
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