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Abstract—Inverse imaging problems aim to recover clean images from incomplete or corrupted observations. In this work, we
investigate the use of a pre-trained diffusion model as a learned prior for solving inverse imaging problems. Using a score-based
diffusion model trained on the Flickr-Faces-HQ dataset, we implement several inference strategies including unconditional DDPM
sampling, SDEdit, Score-based Annealed Langevin Dynamics (ScoreALD), and Diffusion Posterior Sampling (DPS). We evaluate
these methods on image inpainting and deconvolution. Our experiments demonstrate how diffusion models can reconstruct realistic
images while enforcing consistency with observed measurements. Quantitative evaluation using PSNR and LPIPS, along with
qualitative comparisons, shows that the posterior sampling approach DPS produces higher-quality reconstructions with greater data
fidelity than simpler diffusion-based editing methods. These results highlight the effectiveness of diffusion models as powerful learned
priors and the importance of incorporating measurement information for solving inverse problems in computational imaging.

Index Terms—Diffusion Models, Inverse Imaging, Computational Imaging, Image Inpainting, Image Deconvolution, Diffusion Posterior

Sampling, Score-based Generative Models

1 INTRODUCTION

NVERSE imaging problems arise when recovering a clean

image from incomplete, obscured, or corrupted measure-
ments. These problems appear in many areas of computa-
tional imaging, including image generation, inpainting, and
deconvolution (Fig. 1). Mathematically, inverse imaging is
commonly modeled as

y=Azx+pu (1)

where z represents the unknown clean ground truth im-
age, A is the image formation model, and p represents
measurement noise. A fundamental challenge is that these
problems are typically ill-posed: multiple possible images x
may produce the same observed measurement y. As a result,
the accuracy of image reconstruction is greatly enhanced
by additional assumptions, such as prior knowledge about
what constitutes a valid natural image or the reliance on the
observed measurement to a controlled degree.

Diffusion models are highly effective generative models
capable of learning the distribution of natural images, rep-
resenting our belief about what a valid clean image should
look like. The diffusion model learns a score function

Se(xh t) = Va:t logpt(xt) (2)

which corresponds to the gradient of the log probability
density of the data distribution—a vector field pointing to-
ward regions of higher probability in the image distribution.
During inference, this learned score provides directions that
progressively transform noisy or corrupted images toward
realistic images. In this work, we use a diffusion model
[1] pre-trained on the Flickr-Faces-HQ Dataset, following
the variance-preserving formulation of Denoising Diffusion
Probabilistic Models [2], as a learned image prior to solve
inverse imaging problems.

e |. Huh is with the Department of Computer Science, Stanford University,
Stanford, CA, 94305. Email: jinhyo@stanford.edu.

Fig. 1. The goal of inverse imaging problems is clean image reconstruc-
tion from corrupted measurements.

Using this model, we explore how diffusion priors can
be integrated into reconstruction procedures that guide the
solution toward the learned distribution of natural images,
while balancing consistency with the observed data for
inverse imaging tasks of box inpainting, random inpainting,
and deconvolution. We provide a quantitative and qualita-
tive evaluation of several inverse imaging methods with the
diffusion model prior, such as SDEdit [3], ScoreALD [4], and
Diffusion Posterior Sampling (DPS) [1], .

2 RELATED WORK

Classical approaches to inverse problems include Maximum
Likelihood (ML) or Maximum a Posteriori (MAP) estima-
tion. Maximum Likelihood methods estimate the solution
that best explains the observed measurements while ig-
noring any prior knowledge about the underlying image
distribution. In contrast, MAP methods incorporate a prior
and estimate the parameters that both explain the data and
are plausible under the prior. However, MAP produces a
single deterministic solution, providing only a point esti-
mate rather than capturing the full distribution of feasible
reconstructions. This limitation motivates the use of genera-
tive models that approximate the full data distribution and
enable sampling-based reconstruction.

A foundational framework for diffusion models is the
Denoising Diffusion Probabilistic Model (DDPM) intro-
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Fig. 2. The DDPM forward diffusion process gradually corrupts a clean
image by adding Gaussian noise over timesteps t = 0 — 7. A learned
reverse process then iteratively denoises the image to recover a realistic
sample as ¢ — 0.

duced by Ho et al. [2], which formulates image generation
as discretizations of stochastic differential equations (SDEs),
where the reverse-time dynamics gradually transform noise
into realistic images (Fig. 2). In the forward diffusion pro-
cess, Gaussian noise is progressively added to an image
through a noise schedule controlled by /3, defined by

Ty =1—Brxi_1 +

which can be reformulated to depend on only the first
timestep ¢ = 0

zi—1 ~N(0,I) (3)

Bt ze—1,

xt:\/dtxo—i—\/l—dtz (4)
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As we integrate methods from DDPM to posterior sam-
pling, we can reformulate previous state prediction

Ty = \/10[7 (¢ + (1 — ay)se(we, 1)) ®)
to .
T = \/70_7)5 (@ + (1 — a¢)so(xe,t)) (6)
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that allows DPS to operate through an intermediate estimate
of the clean image #o. These formulations are mathemati-
cally equivalent through the relationship between the noise
schedule parameters a; and &;, but provide different per-
spectives that simplify implementation of diffusion-based
sampling and posterior conditioning.

The DDPM model uses a noise-predicting network €y in
its one-step reverse diffusion step

Tt—1 =

= (- ). @
but we reformulate this to Equation (5) to use the score-
predicting network sy of the data distribution, enabling
reverse diffusion to reconstruct clean images from noisy
samples, leveraged for inpainting and deconvolution pro-
cesses.

To evaluate reconstruction quality, we use two standard
image metrics. Peak Signal-to-Noise Ratio (PSNR) measures
pixel-wise fidelity between the reconstructed and ground
truth images, where higher values indicate better recon-
struction accuracy. In contrast, Learned Perceptual Image
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Patch Similarity (LPIPS) measures perceptual similarity us-
ing deep neural network features, with lower values indi-
cating closer perceptual alignment. Together, these metrics
capture both low-level accuracy and perceptual image qual-

ity.

3 METHODS

In this section, we describe the diffusion-based approaches
used for image generation and inverse imaging reconstruc-
tion. We begin with the standard unconditional sampling
procedure for diffusion models, where images are gener-
ated from pure Gaussian noise through iterative reverse
diffusion. We then extend this framework to conditional
reconstruction for inverse problems by incorporating mea-
surement information into the sampling process. Specifi-
cally, we investigate three diffusion-based methods: SDEdit,
ScoreALD, and DPS. These methods leverage a pre-trained
diffusion model as a prior while the latter two enforce
consistency with observed measurements, enabling more
accurate reconstruction of ground truth images from cor-
rupted or incomplete observations.

3.1 Image Denoising & Unconditional Generation

As a baseline, we implement the standard sampling pro-
cedure from DDPM [2]. The diffusion model is first used
as a denoiser that maps a noisy image x; to an estimate
of the underlying clean image %o using the learned score
function. This denoising step leverages the pretrained diffu-
sion model’s knowledge of the natural image distribution.
Given the current noisy sample z; and the predicted clean
image %o, the reverse diffusion step estimates the most likely
previous state x;_1. This is done by computing the mean of
the diffusion posterior distribution p(x¢—1 | ¢, %), which
represents the expected value of the previous timestep con-
ditioned on the current state and the denoised estimate.
Unconditional generation is a specific case in which the
process is initialized with Gaussian noise x7 ~ N(0, ) and
iteratively applying the reverse diffusion updates. Repeat-
ing this process across all timesteps gradually transforms
noise into a realistic image sample zy drawn from the
learned data distribution.

3.2 SDEdit

The first method implemented is SDEdit [3], a simple
modification of the DDPM sampling procedure. Instead of
starting from pure Gaussian noise, SDEdit begins with a
masked or blurry measurement y and simulates the forward
diffusion process to obtain a noisy sample at timestep ¢ (Fig.
3).

=V y+vV1-—ay )

Here, t is a user-defined hyperparameter that controls
the amount of noise added to the measurement. Starting
from this partially noised state x;, we apply the standard
DDPM reverse diffusion process to iteratively denoise the
image.



Fig. 3. SDEdit image reconstruction from masked or blurred measure-
ment y, with noised y at example timestep ¢ = 500.

3.3 ScoreALD

Score-based Annealed Langevin Dynamics (ScoreALD) [4]
extends the diffusion sampling process by incorporating
measurement consistency during the reverse diffusion steps.
Unlike SDEdit, which conditions the reconstruction only
through initialization, ScoreALD explicitly modifies each
reverse diffusion step using a likelihood-guided gradient.

The method begins with the standard DDPM reverse
diffusion procedure. Starting from Gaussian noise xp ~
N (0, I), the model iteratively denoises the image. At each
timestep, the diffusion model first predicts a clean image
estimate (Eq. 6) which is then used to compute the posterior
mean of the diffusion transition (Eq. 7).

To enforce measurement consistency, ScoreALD intro-
duces an additional gradient step derived from the likeli-
hood of the measurement model. Assuming measurements
y = A(z) + ¢, the reverse diffusion update is modified as

1
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Here, v; is an annealing factor that controls the strength of
the measurement-guided update across timesteps t. Larger
values of y; reduce the influence of the likelihood gradient,
while smaller values increase measurement consistency of
the reconstruction. This update relies on the naive approxi-
mation

Ve A —yl*. (0)

Tt—1 = Tp—1 —

Vg log p(blzg) = V, log py(blzy), (17)

which allows the likelihood gradient to be evaluated using
the current noisy sample z;. By combining the diffusion
prior with measurement-driven gradients, ScoreALD per-
forms posterior sampling that balances realism from the
learned image distribution with fidelity to the observed
measurements.

3.4 Diffusion Posterior Sampling (DPS)

Diffusion Posterior Sampling (DPS) [1] improves upon
ScoreALD by incorporating measurement consistency di-
rectly into the reverse diffusion process using the diffusion
model’s estimate of the clean image. Instead of computing
likelihood gradients using the noisy state z;, DPS uses
the predicted clean image ¢ (Eq. 6) as guidance for the
measurement update z;_; (Eq. 7).
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DPS then modifies this update using a posterior-guided
gradient step that enforces measurement consistency

@1 = Th_y — GV, [ A(E0) — y))*

Here A represents the forward measurement operator and
(; controls the strength of the likelihood-guided update. In
practice, the step size is normalized as

_ ¢
Ve AG0) — w2l

DPS provides a better approximation to the posterior
gradient by evaluating the likelihood using the clean image
estimate %y rather than the noisy sample z;. This corre-
sponds to the approximation

12)

G (13)

V. logp(blzo) = Vi log pi(blzg = Elzo|z]).  (14)

By combining the diffusion prior with posterior-guided
updates, DPS performs stable posterior sampling while
maintaining consistency with the observed measurements.

4 EXPERIMENTAL RESULTS

We evaluate the performance of diffusion-based reconstruc-
tion methods on three inverse imaging tasks: box inpaint-
ing, random inpainting, and image deconvolution. These
problems represent different types of measurement corrup-
tion, from localized missing regions to widespread noise
and blur. We compare three diffusion-based approaches—
SDEdit, ScoreALD, and DPS—which integrate the diffusion
prior with measurement information in a different way.
SDEdit reconstructs images by partially noising the input
measurement before applying the reverse diffusion process.
ScoreALD and DPS incorporate likelihood-guided reverse
diffusion to more directly enforce measurement consistency.
We analyze the reconstructed images’ qualitative traits and
quantitative metrics of PSNR and LPIPS of across tasks.

4.1 Image Denoising and Unconditional Generation

In the results shown in Figure 4, as the timestep ¢ increases,
the amount of noise added during the forward diffusion
process increases, making the denoising task more challeng-
ing. This trend is reflected in both quantitative metrics and
qualitative results. At lower noise level t = 30, the model
successfully reconstructs fine image details, achieving high
reconstruction quality with PSNR of 34.96 and LPIPS of
0.033. The reconstructed image is visually nearly indistin-
guishable from the ground truth.

As the noise level increases to t = 100, the reconstruction
begins to lose some high-frequency details, resulting in a
decrease in PSNR to 30.18 and an increase in LPIPS to 0.094.
While the overall facial structure is preserved, subtle tex-
ture information becomes less accurate. At larger timestep
t = 300, the input image becomes heavily corrupted, and
the denoising process relies more strongly on the learned
diffusion prior rather than the observed image content.
Consequently, reconstruction quality decreases significantly
with PSNR 25.80 and LPIPS 0.208, and the output image
appears smoother and less faithful to the original image.

This method operates under a trade-off between mea-
surement fidelity and reliance on the learned image prior.
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Fig. 4. Results of DDPM denoising with noise added up to different
timesteps ¢.

Fig. 5. Results of unconditional generation. Left to right: Hui bin,
Rudolph, Brent.

When the noise level is small, the model primarily recovers
the original image content. At higher noise levels, however,
the model increasingly generates plausible images from the
learned distribution rather than strictly reconstructing the
ground truth.

Unconditional generation synthesizes images by starting
from pure Gaussian noise and iteratively applying the re-
verse diffusion process. In this case, the model relies entirely
on the learned prior over natural images without condi-
tioning on any external measurement. The three sample
generated images (Fig. 5) demonstrate that the model is able
to produce realistic human faces with coherent structure,
consistent lighting, and plausible textures. Facial features
such as eyes, hair, and skin tone appear well-formed, indi-
cating that the learned score function successfully captures
the underlying distribution of natural images.

Qualitatively, the generated faces skew toward mascu-
line, Caucasian-appearing faces, suggesting that the model’s
learned distribution is biased toward these populations
overrepresented in the dataset. These relatively realistic
images highlight the capability of diffusion models as rea-
sonable generative priors for natural images of human faces,
forming the foundation for the inverse imaging methods
that follow.

4.2 SDEdit

We evaluate SDEdit’s performance for inverse imaging tasks
while varying the noise level parameter {. As shown in
Figure 6, for all noise levels and tasks, SDEdit produces
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Fig. 6. Results of SDEdit in box inpainting, random inpainting, and
deconvolution tasks across different noise levels t.

visually plausible reconstructions, but there is minimal co-
herence to the ground truth image. The most qualitatively
similar result is with ¢ = 500 for the box inpainting and
deconvolution tasks, which also yielded the highest PSNR
and lowest LPIPS scores. The smallest noise level ¢ = 500
had the best quantitative scores for all three tasks, perfor-
mance worsening as noise level increases—at ¢t = 800, the
generated images look very far from the original image.
Higher additive noise levels introduce greater stochasticity
into the reconstruction and the identity begins to drift from
the ground truth.

Across different types of tasks, the inpainting problem
with random masking led to results with the lowest PSNR
and higher LPIPS scores, likely due to the highest severity
of masking with stark high-frequency changes across the
entire image that make the overall result more grey and
less consistent with the original colors. SDEdit performs
comparably in box inpainting and deconvolution tasks both
quantitatively and in maintaining color vibrancy, but is
unable to control measurement fidelity as the noise level
t gets higher. SDEdit reconstructions illustrate the trade-off
controlled by the noise level parameter t—smaller values
of ¢ preserve more information from the input measure-
ment but may limit the model’s ability to correct severe
corruption. Larger values of t allow the diffusion prior to
play a stronger role, producing more realistic images but
potentially sacrificing fidelity to the original measurement.

4.3 ScoreALD

ScoreALD introduces a likelihood-guided correction that
enforces consistency with the measurement y, controlled
by the annealing factor y. We evaluate its performance on
inverse imaging tasks, with results shown in Figure 7. For
box inpainting, ScoreALD is somewhat able to reconstruct
the missing region while maintaining global facial structure,
although there are noticeable artifacts and differences in
color near the masked region. Among the tested schedules,
~v = [15,15] achieves the highest PSNR (22.98) and lowest
LPIPS (0.194), indicating the best balance between real-
ism and measurement consistency. Increasing the annealing
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Fig. 7. Results of ScoreALD in various inverse imaging problems across
different values of the annealing factor v scheduled across timesteps t¢.

parameter weakens the likelihood correction and leads to
slightly lower fidelity to the ground truth.

Random inpainting is a more challenging task because
a large fraction of pixels are corrupted. While ScoreALD
still produces realistic faces, the reconstructed identity de-
viates more from the ground truth as the model relies
more heavily on the learned diffusion prior. The PSNR
values are smaller and the LPIPS values are bigger than
box inpainting, indicating worse performance. For random
inpainting, an annealing factor schedule v = [15,20] that
increases (and decreases weight of data fidelity) as the
reconstruction approaches the clean image has the highest
PSNR and lowest LPIPS, performing the best. For image
deconvolution, ScoreALD effectively sharpens the blurred
measurement and recovers high-frequency facial features
while aligning relatively well to the observed measurement.
The schedule v = [10, 15] achieves the lowest LPIPS (0.170),
indicating better perceptual similarity, while v = [10, 10]
achieves the highest PSNR (23.21).

When + decreases over time (e.g., [15, 10]), the likelihood
correction, pushing the image toward the measurement,
becomes stronger in later diffusion steps. This allows the dif-
fusion process to drift toward a plausible but measurement-
inconsistent solution before the correction is applied, which
results in reduced reconstruction fidelity and led to lower
PSNR and higher LPIPS across all tasks. For ScoreALD,
it appears that either a constant or increasing annealing
factor yields the best results—enforcing data fidelity in the
beginning of the denoising process to ensure alignment of
the general shape is more effective than later on, which just
refines smaller details. Overall, these results highlight the
importance of tuning the annealing parameter «y. Smaller
values strengthen the measurement correction but can intro-
duce artifacts, while larger values allow the diffusion prior
to dominate. A balanced schedule provides the best trade-
off between reconstruction fidelity and perceptual realism.

4.4 Diffusion Posterior Sampling (DPS)

We evaluate DPS on its results in Figure 8 for box inpainting,
random inpainting, and image deconvolution while varying
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Fig. 8. Results of DPS in various inverse imaging problems with varying
weight ¢ of the data fidelity term.

the scaling parameter ¢, which is directly correlated with the
strength of the likelihood-guided update, how strongly the
reconstruction is pulled toward measurement consistency.
For box inpainting, DPS achieves high-quality reconstruc-
tions across a range of ( values, as indicated by the high
PSNR of above 30 and low LPIPS of around 0.02. Qualita-
tively, we see that DPS, compared with the other methods
like SDEdit and ScoreALD, maintains almost exact fidelity
to the measurement in the unmasked regions. However, the
box inpainting task doesn’t create very plausible results,
perhaps due to the ¢ value being too high and suppressing
the diffusion model prior.

For random inpainting, the task is more challenging due
to the large amount of missing pixel information and the
severe loss of colors of the observed measurement. Lower
¢ values produce smoother, more vibrant, but less accurate
reconstructions, reflected in lower PSNR and higher LPIPS.
Increasing ¢ improves measurement consistency up to a
point, but overly large values reintroduces noise similar
to the measurement and degrade perceptual quality. For
deconvolution, increasing ¢ generally improves sharpness
and perceptual quality, as reflected by decreasing LPIPS
(from 0.202 to 0.090). However, excessively large ¢ can lead
to oversharpening or amplified artifacts like noise from the
observed measurement.

Overall, ¢ controls the trade-off between adherence to
the measurement and reliance on the diffusion prior. Smaller
values favor realism but may ignore the measurement,
while larger values enforce consistency but risk instability.
Moderate values provide the best balance across tasks. DPS
qualitatively produces reconstructions that are most similar
in shape and color to the ground truth image compared to
prior methods.

4.5 Comparison of Diffusion Prior Methods

For box inpainting and deconvolution inverse imaging
problems, DPS achieves the strongest quantitative perfor-
mance, with significantly higher PSNR and lower LPIPS,
indicating both better pixel fidelity and perceptual quality.



TABLE 1
Quantitative comparison of SDEdit, ScoreALD, and DPS across inverse imaging tasks.

SDEdit ScoreALD DPS
t PSNR  LPIPS 5 PSNR LPIPS | ¢ PSNR LPIPS
Box Inpainting 500 19.04 0.234 | [15,15] 2298 0.194 | 1.0 3133 0.018

650 18.19  0.314 | [15,20] 2210 0.240 | 0.8 30.76  0.018
800 13.84 0397 | [20,15] 2024 0246 | 0.6 31.04 0.024
Random Inpainting | 500 16.92 0.394 | [15,15] 21.60 0326 | 0.1 17.88 0.293
650 15.24 0.397 | [15,20] 21.68 0.304 | 0.3 18.23 0.230
800 1247 0528 | [20,15] 21.51 0324 | 05 1786 0.331

Deconvolution 500 2015 0277 | [10,10] 2321 0.175 | 0.1 24.08 0.202
(10,15]

(15, 10]

650 1711  0.352 10,15 2223 0170 | 0.3 27.02 0.127
800 1493 0.381 15,10 1918 0215 | 0.5 2620  0.090

This is especially pronounced in structured tasks such as These findings highlight the effectiveness of diffusion
box inpainting, where strong measurement guidance with models as powerful priors for inverse problems, particularly
¢ = 1.0 leads to quantitatively accurate reconstruction. when combined with principled posterior sampling tech-
ScoreALD consistently improves over the baseline DDPM niques. Future work could explore improved scheduling
(SDEdit) by incorporating likelihood gradients, yielding strategies, more robust likelihood formulations, and appli-
better alignment with the measurement while maintaining cations to more complex or real-world imaging systems.
reasonable perceptual quality. However, its performance re-
mains sensitive to the choice of v, and suboptimal schedul-
ing can lead to either oversmoothing or artifacts. ScoreALD ACKNOWLEDGMENTS
also achieves the highest PSNR for random inpainting tasks,
while DPS produces the lowest LPIPS scores—differing
results across the two metrics.
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Our results demonstrate that explicitly enforcing mea- APPENDIX
surement consistency is critical for accurate reconstruction. Equivalence of Eq. 3 and Eq. 4
While SDEdit produces visually plausible images, it lacks
strong data fidelity and degrades as noise increases. Score-
ALD improves reconstruction by incorporating likelihood-

Let us recursively substitute previous states to express z;
directly in terms of the original image .

based corrections, but its performance is sensitive to the Fort =2,

annealing schedule and relies on a naive approximation that Ty = ooz, + V1 —azz

evaluates gradients using the noisy sample. In contrast, DPS

achieves the best overall performance, consistently produc- = Vaz (Vaizo + VI —aizo) + V1 - axz
ing reconstructions with higher PSNR and lower LPIPS by = Jorazxo+ /ool — ay) 2o + V1 — g 21.

leveraging a more accurate posterior-guided update based
on the diffusion model’s predicted clean image. Continuing this expansion recursively yields
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Define the cumulative product
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The coefficient of xy becomes /a;. The remaining terms
are a linear combination of independent Gaussian variables
z;. Since a weighted sum of independent Gaussian variables
is also Gaussian, these terms can be combined into a single
Gaussian variable z ~ N(0,I) and the total variance of
the noise terms equals 1 — &, which yields the closed-form
expression

Jﬁt:\/@tﬂfo—F\/l—@tZ,

Thus, the forward diffusion process can be written di-
rectly as a conditional distribution depending only on the
original image xo.

z ~N(0,1).

Equivalence of Eq. 5 and Eq. 6, 7

Substitute the expression for ¢ into the formula for z;_1:

\/Olt(l—@t_l) \/dt_l(lfozt)
Ti—1 — — Ty + = .
1 — Oy 1 — Ot

\/% (fl?t + (]. — dt)SQ(xht)) .

Equivalence of Eq. 5 and Eq. 8

Using Tweedie’s formula for the variance-preserving diffu-
sion process,

1
VO

and identifying the score function as

g = (¢ + (1 = ay) Vg, logpe(z¢)),

Sa(xtat) = vaft logpt(xt)v

we have
1

Vay
From the forward diffusion equation,
Ty =y o+ V1 — g eq(y,t),
so solving for £ gives
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Equating the two expressions for £,
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Multiplying both sides by /&, and canceling z; yields
(1 - @t)SG(xtvt) =V 1- Ot 69(1‘t, t)a

and therefore

1
— b).
=gt

Substituting this into the reverse diffusion update,
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(¢ + (1 — ay)se(x¢,t)) Thus, the score-prediction and noise-prediction forms

are equivalent.

Using
Qp = pQy_1,
we get
Q1 1
Qi 1/O[t.
Therefore,
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Now simplify the coefficient of z;:
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Hence,

1 1—ay 1
Ti—1 = —=T¢+

Thus, the two forms of the DDPM reverse diffusion step are
equivalent.

(2 + (1 — ag)sg(xe, 1)) .



