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Deep Learning for Inverse Problems

Learn the data-driven prior by deep learning when the measurement is sparse [6] 1

▶ Inverse problems arise from a wide range of applications across many
domains, including computational imaging, remote sensing, and so on.

▶ The goal is to reconstruct an unknown signal xtrue given the observed
measurements y of the form y = A(xtrue) + ϵ, where ϵ can be an additive
noise.

▶ Deep learning models that learn the data prior (distribution of p(xclean,y ))
help reconstruct the clean images from very sparse measurements.

1
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projection view via deep learning, Nature biomedical engineering
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Deep Learning for Inverse Problems

▶ Supervised Approaches (assuming that the xclean, y pair is available
during training, train a network that maps y to xclean) [8]

▶ Need to retrain for a different inverse problem

▶ Generalization capabilities may be limited in the presence of
noise/modality shift [7]

▶ Need paired data for training

▶ Unsupervised Approaches (assuming that only xclean is available
during training) [8]

▶ Easily adapt to a new inverse problem in a zero-shot manner.

▶ Do not need paired data for training.

Both approaches are widely reported in the literature [8].

ReSample authors 3/27



Diffusion (Score-based) Models

Denoising diffusion models consist of two processes

An illustration of the diffusion pipeline [9]

▶ A forward process in which gradually add noise to xclean

▶ A reverse denoising process that remove noise from xt to recover xclean

Specifically, the reverse process is governed by the score function ∇ log p(xt).
Training a neural network that approximates ∇ log p(xt) would enable data
generation capability.
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Mathematical Formulation of Diffusion Process

▶ As xt ≈ xt−1 − βt∆t
2 xt−1 +

√
βt∆tω where ω ∈ N(0, 1)

▶ As ∆t → 0, then dxt = −1
2βtxtdt +

√
βtdωt

The mathematical formulation of diffusion process [1]

▶ The solution of the stochastic differential equation can be
utilized by the score function

▶ we can use a neural network to approximate it, such as
sθ(xt) ≈ ∇xt log p(xt)
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Solving Inverse Problem with Diffusion Models

the flowchart of Score SDE [4]. Each x̂t is modified through optimization

To solve linear inverse problems with diffusion model priors, we can use

▶ hard consistency: modify xt with optimization, such as with the
objective argminzλ||x̂t − z ||22 + (1− λ)||ŷt − Az ||22 [4, 3]

▶ soft consistency: change ∇xt log p(xt) to ∇xt log p(xt |y) via Bayesian
rule [1, 5]. We have ∇xt log p(xt |y) = ∇xt log p(y |xt)+∇xt log p(xt), with
∇xt log p(y |xt) can be approximated through ∇xt log p(y |x̂0(xt)) which is
the score of the likelihood of the predicted ground truth image[1].
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Latent Diffusion Models

Training diffusion models to model p(xclean) can be costly, we can
save training time and memory usage by training diffusion models
in the latent space [3, 10], while enabling conditioning on
multimodal inputs.

the flowchart of Latent Diffusion Models [2]
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Brute-Force Approaches

▶ Learn the conditional score function with the loss
min ||ϵ− ϵθ(zt , t, y)||. But this needs to retrain for each
different forward functions [2].

▶ Train another score function to model the diffusion of yt , this
also needs to retrain for each different measurement functions
[3].

▶ Use DPS formulation [1] as
∇zt log p(zt |y) ≈ ∇zt log p(y |ẑ0(zt)) +∇zt log p(xt), where
∇ẑ0(zt) log p(y |ẑ0(zt)) ∝ ||y − A(D(z))||22
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Challenges in Solving Inverse Problems with Latent
Diffusion Models

▶ the forward model with latent diffusion model is given by
A(D(.)), which is a highly non-convex and non-linear operator
(a deep neural network) [10]

▶ Soft-consistency methods fail to have measurement
consistency and generate blurry or noisy results [10]

▶ Most hard-consistency methods can only handle linear inverse
problems [10]. Many need a new diffusion sequence yt such
that yt = Ax + ϵt [4], but yt |y becomes intractable when A is
nonlinear.
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Our Approach

Key Observation

Probablistic Graphical Model of conditional forward diffusion

The conditional forward process has p(zt |z0, y) = p(zt |z0). Also
p(zt |zt−1, y) = p(zt |zt−1). So if we can construct an estimation of
z0 call it ẑ0(y) that is consistent to the measurement, we can then
sample zt′ from p(zt |ẑ0(y)), so that zt′ encodes information from
y .
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An Overview of Our Approach

The entire sampling process is conducted in the latent space upon starting
from a random noise. The proposed algorithm predict the ẑ0(zt) at t = 0, and
then performs hard data consistency optimization at some time steps t via a
skipped-step mechanism. ReSample is performed afterwards to map ẑ0(y) back
to time t

An overview of our method 2

2
Song, Bowen and Kwon, Soo Min et al., Solving inverse problems with latent diffusion models via hard data

consistency, International Conference on Learning Representations (ICLR). 2024 Spotlight
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Algorithm PseudoCode
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Key Idea 1

Basic ReSample: optimized at t = 0 and resample back

▶ Given an xt , I first use Tweedie’s formula to obtain
ẑ0 = E[z0|zt ] = zt−(1−αt )ϵθ(zt ,t)√

αt

▶ Let D be the decoder, and E be the encoder. The closest point ẑ0(y)
that is measurement-consistent can be approximated by
E((I − A+A)D(ẑ0) + A+y) if lossless autoencoding, where A+ can be
psuedo-inverse for simplicity.

▶ Easily derived through null space decomposition, I can
demonstrate the proof if interested.

▶ Then I can sample from p(zt |ẑ0(y)) to get zt′ to replace the original zt
2.

Problem of this approach: Too much noise. Everytime zt′ has a variance of
1− αt , which is significantly larger than the noise level for each step of
diffusion sampling.

2
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consistency, International Conference on Learning Representations (ICLR). 2024 Spotlight

ReSample authors 13/27



Key Idea 2

Posterior ReSample + Skip Step

▶ For computational efficiency, we do not to resample for every
t, but only perform resample once every N steps2.

▶ To mitigate the large variance issue, I propose to add a prior
to zt′ to be centered at the given zt , and use that
p(zt |ẑ0(y)) ∈ N(

√
αt ẑ0(y), 1− α) to get a less noisy zt′ .

▶ Then, zt′ ∈ N(
σ2√αt ẑ0(y)+(1−αt)zt

σ2+1−αt
, 1

1
σ2 +

1
1−αt

). It is a weighted

average between original given xt and the mean of resampled2.

2
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consistency, International Conference on Learning Representations (ICLR). 2024 Spotlight
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Theoretical Analysis

▶ ReSample reduces variance compared to stochastic encoding2

▶ if ẑ0(y) is consistent to measurement, such that
y = A(D(ẑ0(y))), then the expectation of the unconditional
sample is equal to the expectation of the sample after
stochastic resampling (Unbiasness)2.

▶ The predicted z0 converges to the ground truth z0 in
probability as t decreases assuming the second order score is
bounded2.

More details about the theoretical analysis can be found in
[10] and the appendix in this slide.

2
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consistency, International Conference on Learning Representations (ICLR). 2024 Spotlight
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Experimental Settings

▶ For linear inverse problems, we consider the following tasks:

▶ Gaussian deblurring, we use a kernel with size 61× 61 with
standard deviation 3.0.

▶ For super resolution, we use 4x bicubic downsampling

▶ For inpainting, we use a random mask with varying levels of
missing pixels.

All images are 256× 256× 3

▶ For nonlinear deblurring, we apply the kernel as proposed by
Chung et al. [1].

▶ For CT reconstruction, we simulate CT measurements
(sinograms) on 256× 256 full-dose CT images with a
parallel-beam geometry using 25 projection angles equally
distributed across 180 degrees.
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Results

Result shows that ReSample gives sharp images and high
quality reconstructions for both natural images and medical
images.

Reconstruction on sparse (25) simulated CT parallel-beam projections
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Results

Result shows that ReSample gives sharp images and high
quality reconstructions for both natural images and medical
images.
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Reconstruction on various inverse problems, such as inpainting,
deblurring and superresolution
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Quantitative Results

ReSample achieves SOTA or comparable performance on a variety
of inverse problems on natural images on a variety of
datasets.
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Quantitative Results

ReSample achieves SOTA or comparable performance on
sparse-view CT reconstruction
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Conclusion

We propose ReSample, an algorithm that can effectively leverage
LDMs to solve general inverse problems. Our contributions and
limitations are summarized below:

▶ Our algorithm has a high impact in both the industry and
academia since we are the first to enable a strong pre-trained
prior (LDM) for image restoration with measurement
consistency

▶ The applications of ReSample with high-dimensional data are
of high interest to the both the industry and the academia.

▶ One limitation of our method lies in the computational
overhead of hard data consistency, which we leave as a
significant challenge for future work to address and improve
upon.
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Future Works

Latent diffusion models are found to be most effective in 1) High
dimensional data 2) Multimodal data such as text

▶ It is imperative to apply ReSample for high-dimensional data,
such as 3D or video inverse problems.

▶ It is very important to accelerate the inference time of
ReSample, as now the algorithm takes 500-1000 NFEs.

▶ It is crucial to utilize more advanced multimodal latent
diffusion models for solving inverse problems such as stable
diffusion. Developing a method that can utilize radiology
report for solving inverse problems would be very impactful for
medical image reconstruction.
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Thanks for listening

Thank you for listening!
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Appendix

This proposition2 accounts for Algorithm 1: Basic ReSample

This proposition accounts for Algorithm 2: Posterior ReSample

2
Song, Bowen and Kwon, Soo Min et al., Solving inverse problems with latent diffusion models via hard data

consistency, International Conference on Learning Representations (ICLR). 2024 Spotlight
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Appendix

Theoretical analysis from [10]2

2
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Appendix
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