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Abstract—Diffusion models have recently emerged as powerful generative models capable of high-quality image synthesis and
solving challenging inverse problems. In this project, we explored the use of a pretrained diffusion model for image denoising,
unconditional image generation, and inverse problem reconstruction. First, we demonstrate single-step image denoising under different
noise levels to evaluate the model’s ability to recover clean images from corrupted observations. We then implement the Denoising
Diffusion Probabilistic Model (DDPM) sampling procedure to generate images from pure Gaussian noise through iterative reverse
diffusion. Building on this framework, we apply diffusion models as priors for solving inverse problems, including image inpainting and
deconvolution, using SDEdit, ScoreALD, and Diffusion Posterior Sampling (DPS). We compare these methods qualitatively and
quantitatively using PSNR and LPIPS metrics. Our results highlight the effectiveness of diffusion-based posterior sampling methods,
with DPS providing improved reconstruction stability and visual fidelity compared to alternative approaches.
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1 INTRODUCTION

In real-world applications, images are often corrupted by
noise, blur, or missing regions, making the reconstruction of
clean images an inherently ill-posed problem. Traditional
approaches typically rely on explicit priors or handcrafted
regularization techniques to address these challenges. In
contrast, diffusion models learn to reverse the noise cor-
ruption process through a probabilistic framework, enabling
them to serve as powerful generative priors for solving
inverse imaging problems.

In this project, we explore two primary applications of
diffusion models. First, we perform unconditional image
generation by starting from Gaussian noise and iteratively
denoising it to synthesize realistic human face images. Sec-
ond, we investigate diffusion-based approaches for solving
inverse problems, specifically image inpainting (recovering
missing regions) and deconvolution (restoring blurry im-
ages). We compare three methods: SDEdit, which recon-
structs images by denoising partially corrupted measure-
ments; ScoreALD, which incorporates likelihood gradients
to guide the reconstruction; and Diffusion Posterior Sam-
pling (DPS), which uses normalized likelihood gradients to
stabilize posterior sampling. All methods follow the frame-
work of Denoising Diffusion Probabilistic Models (DDPM)
[1], which generate high-quality images by sampling from
noise and iteratively refining them through a learned de-
noising process.

To evaluate the performance of these methods, we con-
duct both qualitative and quantitative analyses. Quantita-
tively, we measure reconstruction quality using Peak Signal-
to-Noise Ratio (PSNR) and Learned Perceptual Image Patch
Similarity (LPIPS). Our results demonstrate that diffusion
models can generate high-quality images and effectively
solve inverse problems, with DPS outperforming the other
methods in reconstruction quality and stability.
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2 RELATED WORK

Diffusion models have recently emerged as a powerful class
of generative models for high-quality image synthesis.
Denoising Diffusion Probabilistic Models (DDPM),
introduced by Ho et al. (2020) [1], provide an alternative
to traditional generative models such as GANs and VAEs,
which often suffer from training instability or limited
sample diversity. DDPM learns a probabilistic mapping
between data and noise through two processes: a forward
diffusion process that gradually corrupts images by adding
Gaussian noise, and a learned reverse diffusion process that
iteratively removes this noise.

Variance-Preserving Forward Diffusion:
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In the above equations, zy denotes the clean image at time
step t = 0, while z; represents the noisy image at diffusion
step t. The variable € denotes Gaussian noise added during
the forward diffusion process.



During training, a neural network is optimized to predict
the noise (or equivalently the score function) at each diffu-
sion timestep. By learning this mapping, the network ap-
proximates the reverse diffusion process. During sampling,
the model progressively transforms random Gaussian noise
into realistic images by repeatedly applying the learned
denoising steps, effectively generating samples from the
underlying data distribution.

Algorithm 1 Training

1: repeat

2: xo ~ q(xo)

3:  t ~ Uniform({1,...,T})
4 e~N(0,I)
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Take a gradient descent step on
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6: until convergence

Algorithm 2 Sampling
1. xp ~ N(O, I)
2: fort=T,...,1do
3 2~N(0,I)ift >1,else 2 =0
4:
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5. end for

6: return xg

3 PROPOSED METHOD

Our approach utilizes the Denoising Diffusion Proba-
bilistic Model (DDPM) to perform image denoising and
generation. The overall method consists of three main steps:

1) Forward Diffusion: Gaussian noise is gradually
added to a clean image according to the variance-
preserving diffusion process described in Equation
(2), producing progressively noisier images.

2) Network Training: A neural network is trained
using gradient descent (Algorithm 1) to estimate
the noise added at each timestep of the diffusion
process.

3) Reverse Denoising Process: During sampling, the
trained network iteratively removes noise from a
noisy sample using the reverse diffusion process,
ultimately reconstructing the original image.

3.1 Unconditional Image Generation

To generate images without any reference input, the trained
diffusion model starts from pure Gaussian noise. Through
the iterative reverse diffusion process, the network progres-
sively removes noise and generates a realistic image sample.
Since there is no conditioning input, the generated images
represent random samples drawn from the learned data
distribution.

Denoised
PSNR: 27.59 LPIPS: 0.177

Noisy (t=300)

Fig. 1. lllustration of the DDPM denoising network. The model learns
to progressively remove noise from a corrupted image through iterative
reverse diffusion steps.

3.2 Conditional Image Generation

In conditional image generation, the diffusion process is
guided by additional input information, such as a corrupted
or partially observed image. For example, tasks such as
image inpainting or deconvolution use the available mea-
surements to guide the reconstruction process. In this case,
the diffusion model refines the input image through the
reverse denoising process while preserving consistency with
the provided measurements. In this work, we explore three
diffusion-based approaches for conditional image recon-
struction.

3.2.1 SDEdit

SDEdit provides a simple and intuitive approach for condi-
tional image generation. Given a corrupted image, Gaussian
noise is first added through the forward diffusion process.
The image is then denoised using the reverse diffusion
process guided by the pretrained network. The amount of
noise added determines the balance between preserving the
input structure and allowing the model to generate new
details. Adding excessive noise may cause the reconstructed
image to deviate from the input, while adding too little
noise may limit the model’s ability to improve the image.
Although SDEdit does not explicitly solve the inverse prob-
lem, it provides a practical method for image editing and
enhancement.

3.2.2 ScoreALD

Score-based Annealed Langevin Dynamics (ScoreALD) is
a diffusion-based posterior sampling method designed to
solve inverse problems by incorporating measurement in-
formation during the denoising process. Unlike SDEdit,
which primarily relies on denoising corrupted observations,
ScoreALD explicitly incorporates measurement likelihood
information to guide reconstruction toward solutions that
are consistent with the observed data.

At each diffusion timestep, the algorithm combines two
components: the score function predicted by the diffusion
model and a gradient term derived from the measure-
ment likelihood. The score function encourages samples to
follow the learned data distribution, while the likelihood
gradient enforces consistency with the measurements. By
progressively reducing the noise level through annealed
Langevin dynamics, ScoreALD generates samples that are
both realistic and measurement-consistent.

ScoreALD relies on the approximation

Valogp(y | o) = Vi logp(y | z¢), (6)



Algorithm 3 ScoreALD Sampling

Algorithm 4 Diffusion Posterior Sampling (DPS)

1: QL'TN./\/((LI)

2: fort=1T,...,1do

3 2~N(OI)ift>1,elsez=0
4:  Estimate clean image:
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5.  Reverse diffusion:
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7: end for
8: return xo

which assumes that the likelihood gradient evaluated at the
noisy sample x; approximates that of the clean image .

Under a Gaussian measurement model, this gradient can
be approximated as

1
0% +77
where o2 denotes the measurement noise variance, Y is
a guidance-strength hyperparameter, and A represents the
forward measurement operator.
During sampling, ScoreALD modifies the standard
DDPM reverse diffusion step by introducing an additional

gradient correction term. The updated sampling procedure
is shown in Algorithm 3.

vz Ing(y | xt) ~ AT(Axt - y)7 (7)

3.2.3 Diffusion Posterior Sampling (DPS)

Diffusion Posterior Sampling (DPS) further improves
diffusion-based inverse problem solving by explicitly in-
corporating posterior sampling into the reverse diffusion
process. DPS modifies the standard diffusion sampling
procedure by introducing a normalized likelihood-gradient
correction derived from the measurement model.

At each reverse diffusion step, the sample update com-
bines the learned diffusion prior with a gradient term that
enforces consistency with the observed measurements. The
normalization of this gradient stabilizes the reconstruction
process and prevents excessively large updates that may
degrade image quality.

DPS approximates the likelihood gradient as

Valogp(y | z0) = Valogpi(y | o), ®)
where the clean image z( is replaced by its conditional
expectation given the noisy sample ;.

Using Tweedie’s formula for variance-preserving diffu-
sion, the conditional expectation can be written as

2o = Elxo | 2] = (x + (1 = ay) Vg, logpe(z)) . (9)
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In practice, the score function V, log p;(z) is approxi-
mated using the trained diffusion network sg(z¢, t).
Similar to ScoreALD, DPS introduces a likelihood-
guided correction during sampling. However, DPS evalu-
ates the measurement consistency using the reconstructed

TT N./\/((LI)
cfort=1T,...,1do

2~ N(0,I)ift > 1,else 2=0
Estimate clean image:

N

o =

1
\/ETt (ﬂﬁz + (1 — at)Sg(.Tt,t))
5:  DDPM reverse update:

/ Vo (l—a
Tt

R T
- t

Vor—1(1 —ay) .
+ =1 t)170+\/1*at2

1—ay

6:  Posterior correction:
Tt—1 = $2—1 — (tVa, |A(20) — yH2

end for
8: return xo

N

clean estimate % rather than the noisy state x:. The update
becomes

A )2
ze-1 = ;1 = GVa, [y = Al@o)l

where A denotes the forward measurement operator and
the adaptive step size is defined as
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Compared to ScoreALD, DPS provides more stable sam-
pling behavior and often produces higher-quality recon-
structions. Due to this stability, DPS has become a widely
used method for solving linear inverse problems such as
image inpainting and deconvolution using pretrained diffu-
sion models.

(10)

Gt 1)

4 EXPERIMENTAL RESULTS

4.1 Image Denoising using a Pretrained Diffusion
Model

To evaluate the denoising capability of a pretrained diffu-
sion model, we corrupt images by applying the forward
diffusion process at different timesteps ¢ € {30, 100,300},
where larger ¢ corresponds to higher noise levels. At each
timestep, Gaussian noise is progressively added to the im-
age according to the diffusion schedule, and the pretrained
model is then used to reconstruct the image through the
reverse denoising process.

Figure 2 shows the reconstruction results under different
noise levels. The diffusion model performs well when the
corruption level is relatively low. In particular, the recon-
struction at ¢t = 30 closely resembles the original image,
demonstrating strong recovery performance. As the noise
level increases, reconstruction quality gradually degrades.
While the model successfully preserves global semantic
structure and high-level features, it struggles to recover fine
high-frequency details. For example, at ¢ = 300, facial de-
tails such as the beard appear faded, and the reconstructed
image deviates slightly from the original appearance.

These results indicate that pretrained diffusion models
are effective denoisers for moderate noise levels but may
lose local texture information under severe corruption.
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Fig. 2. Image denoising using a pretrained diffusion model at different
diffusion timesteps. Lower noise levels lead to reconstructions that more
closely resemble the original image.

Fig. 3. Unconditional image generation using a pretrained diffusion
model. Starting from Gaussian noise, the model iteratively refines sam-
ples to produce realistic human faces.

4.2 Unconditional Image Generation

For unconditional image generation, the pretrained diffu-
sion model is initialized with pure Gaussian noise sampled
from N (0, I'). The model then performs iterative reverse dif-
fusion for 1000 sampling steps, progressively transforming
noise into a realistic image sample.

Figure 3 presents examples of generated human faces.
Since the sampling process begins from random Gaussian
noise, each generation run produces a different image while
remaining consistent with the learned data distribution.
The results demonstrate the ability of diffusion models to
synthesize diverse and visually realistic images without
requiring any conditioning input.

4.3 Solving Inverse Problems

In this section, we evaluate the performance of three
diffusion-based approaches for solving inverse problems:
SDEdit, ScoreALD, and Diffusion Posterior Sampling
(DPS). The experiments focus on two common inverse
imaging tasks: image inpainting and image deconvolution.

Ground Truth Input (Inpainting) Input (Deconvolution)

Fig. 4. Input images for inverse problem experiments. From left to right:
ground truth image, inpainting input with missing regions, and blurred
image used for deconvolution.

Figure 4 shows the input data used for evaluation. The
left image represents the ground truth, the middle image
corresponds to the inpainting input with missing regions,
and the right image represents the blurred input used for
the deconvolution task.

4.3.1 SDEdit

SDEdit solves inverse problems by first adding Gaussian
noise to the corrupted input image and then applying the
reverse diffusion process to denoise the image using a
pretrained diffusion model. The key parameter controlling
this process is the diffusion timestep ¢, which determines
the amount of noise added before denoising. In our experi-
ments, we evaluate three noise levels: ¢ € {300, 500, 700}.

Figure 5 illustrates the reconstruction results for both
inpainting and deconvolution tasks. When the noise level
is relatively small (e.g., t = 300), the reconstructed image
remains close to the original corrupted input. For example,
the gray missing region in the inpainting input remains
partially visible, and the deconvolution result still exhibits
noticeable blur. As the noise level increases, the diffusion
model gains more flexibility to generate new image content.
However, when the noise level becomes too large (e.g.,
t = 700), the reconstruction begins to deviate significantly
from the ground truth. In this regime, the noisy input
becomes close to random Gaussian noise, causing the model
to behave similarly to unconditional image generation.

To quantitatively evaluate the reconstruction quality,
we compute two common image similarity metrics: Peak
Signal-to-Noise Ratio (PSNR) and Learned Perceptual Im-
age Patch Similarity (LPIPS). PSNR measures the signal
fidelity between the reconstructed image and the ground
truth, where higher values indicate better reconstruction
quality. LPIPS measures perceptual similarity between im-
age patches using deep feature representations, where lower
values indicate higher perceptual similarity.

For t = 300, the inpainting result achieves a PSNR of
23.20 with LPIPS = 0.139, while the deconvolution result
achieves a PSNR of 23.23 with LPIPS = 0.165. When the
noise level increases to t = 700, reconstruction quality
degrades significantly, with PSNR dropping to 16.38 and
LPIPS increasing to 0.305 for the inpainting task, and PSNR
= 16.45 with LPIPS = 0.313 for the deconvolution task.
These results indicate that lower diffusion timesteps pro-
duce better reconstruction quality for SDEdit in both tasks.



TABLE 1
SDEdit reconstruction results. Entries report PSNR / LPIPS (higher
PSNR and lower LPIPS indicate better reconstruction quality).

Timestep ¢ Inpainting  Deconvolution
300 23.20 / 0.139 23.23 / 0.165
500 20.66 / 0.191 20.24 / 0.207
700 16.38 / 0.305 16.45 / 0.313

inpaint t=300 inpaint t=500
PSNR=23.20, LPIPS=0.139 PSNR=20.66, LPIPS=0.191

decony t=500
PSNR=20.24, LPIPS=0.207

Fig. 5. Inverse problem reconstruction using SDEdit under different
diffusion timesteps. Lower noise levels preserve more structure from
the input, while higher noise levels lead to results that deviate from the
ground truth.

4.3.2 ScoreALD

For Score-based Annealed Langevin Dynamics (ScoreALD),
we evaluate the effect of different annealing schedules,
specifically {10-15, 15-20, 20-25}. The annealing range
controls the noise levels used during sampling and deter-
mines the balance between measurement consistency and
diffusion prior guidance.

For the inpainting task, the highest PSNR value is
achieved with the annealing range 10-15, obtaining a PSNR
of 25.52. However, similar to the SDEdit case with small
diffusion timestep (¢ = 300), a faint gray patch remains
visible in the reconstructed region. The relatively high PSNR
may result from limited noise injection, which preserves
much of the input structure while only partially correcting
missing regions. Visually, the reconstruction produced us-
ing annealing 15-20 appears more natural despite having
slightly lower quantitative metrics.

For the deconvolution task, the best performance is
obtained using annealing 10-15, achieving PSNR = 22.37
and LPIPS = 0.167. Increasing the annealing range leads to
progressively worse reconstruction quality, indicating that
excessive stochasticity weakens measurement consistency.

Overall, ScoreALD produces improved reconstructions
compared to SDEdit, with modest gains in both PSNR and
LPIPS. However, the method occasionally introduces over-
exposure artifacts, likely caused by the likelihood-gradient
approximation used during sampling. As a result, improve-
ments in quantitative metrics remain limited despite notice-
able visual enhancements.

TABLE 2
ScoreALD reconstruction results. Each entry reports PSNR / LPIPS
(higher PSNR and lower LPIPS indicate better performance).

Annealing Range  Inpainting  Deconvolution
10-15 25.52 / 0.108 22.37 / 0.167
15-20 23.18 / 0.127 18.30 / 0.251
20-25 19.83 / 0.191 16.02 / 0.323

Inpaint | Anneal 1015 Inpaint| Anneal Inpaint | Anneal 20-25
PSNR=25.52, LPIPS=0.108 PNAZ33 15, LoPoc0 127 PSNR=19.3, LPIPS=0.191

=Y

w | Anneal 20-25
PSRR16 09, oPSc 323

101
PSNR=23.57, LoP=01167

PR S0, Pt 351

2]

Fig. 6. Inverse problem reconstruction using ScoreALD under different
annealing schedules for inpainting and deconvolution tasks.

4.3.3 Diffusion Posterior Sampling (DPS)

Diffusion Posterior Sampling (DPS) achieves the strongest
reconstruction performance among the evaluated methods.
We evaluate DPS using different guidance scale parameters
{0.3, 0.5, 1.0} for both inpainting and deconvolution tasks.

Qualitatively, DPS produces the most visually faithful
reconstructions, recovering both global structure and fine
image details. The best performance for both tasks is ob-
tained at scale = 0.5. For inpainting, DPS achieves PSNR
= 35.77 with LPIPS = 0.011, while for deconvolution it
achieves PSNR = 28.47 with LPIPS = 0.066. These values
are significantly better than those obtained using SDEdit
and ScoreALD, demonstrating the effectiveness of DPS in in-
corporating measurement information through normalized
likelihood gradients.

As the scale parameter increases beyond the optimal
value, reconstruction quality begins to degrade. In partic-
ular, at scale = 1.0, the deconvolution results exhibit notice-
able patch artifacts, suggesting that overly strong likelihood
guidance can destabilize sampling. Although DPS provides
superior reconstruction quality, it also incurs higher com-
putational cost due to additional gradient computations
during each diffusion step.

5 CONCLUSION

In this work, we explored diffusion models for both image
generation and inverse problem reconstruction. Using a pre-
trained DDPM, we demonstrated unconditional image gen-
eration by progressively denoising Gaussian noise to syn-
thesize realistic human faces. We also evaluated diffusion-
based approaches for solving inverse problems, including
image inpainting and deconvolution.



TABLE 3
DPS reconstruction results. Entries report PSNR / LPIPS (higher
PSNR and lower LPIPS indicate better performance).

Scale  Inpainting  Deconvolution
0.3 33.84 / 0.024 28.41 / 0.063
0.5 35.77 / 0.011 28.47 /1 0.066
1.0 34.76 / 0.022 27.70 / 0.107

inpaint scale=0.3
PSNR=33.84, LPIPS=0.024

inpaint scale=0.5
PSNR=35.77, LPIPS=0.011

inpaint scale=1.0
PSNR=34.76, LPIPS=0.022

decony scale=0.3 deconv scale=0.5
PSNR=28.47, LPIPS=0.066

decony scale=1.0
PSNR=27.70, LPIPS=0.107

PSNR=28.41, LPIPS=0.063

Fig. 7. Inverse problem reconstruction using Diffusion Posterior Sam-
pling (DPS) with different guidance scales for inpainting and deconvolu-
tion tasks.

Three methods were compared: SDEdit, ScoreALD, and
Diffusion Posterior Sampling (DPS). Experimental results
show that while SDEdit provides reasonable reconstructions
under low noise levels, incorporating measurement guid-
ance significantly improves reconstruction quality. Among
the evaluated methods, DPS achieved the best overall per-
formance, producing the highest PSNR and lowest LPIPS
scores for both tasks.

These results highlight the effectiveness of diffusion
models as powerful generative priors for solving ill-posed
inverse imaging problems.
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6 EXTRA INFORMATION
6.1 Task 1.1

The forward diffusion process progressively adds Gaussian
noise to the image. At each timestep the process can be
written as

Ty = V1= Bixi1+V B 21,

Zt—1 NN(O,I), t:1,2,...

(12)
where we define
a; =1— 5. (13)
Thus the diffusion step becomes
Ty = oy 1 +V1—op 2. (14)
Similarly,
Tp_1 = /o1 T2+ /1 — 12 2. (15)

Substituting this expression into the previous equation
gives

Ty = oy (\/at—l Ti_o+1—0p Zt—2) +V1—apzq

(16)
17)
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Continuing this expansion recursively until z( yields
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Then the expression simplifies to
t
Ty = /0t 2o + Zcizi,l. (21)
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Since z; ~ N(0, I) and a linear combination of indepen-
dent Gaussian variables is also Gaussian,
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The variance becomes
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Substituting back yields the closed-form forward diffu-
sion equation

xt:\/@t:ﬁo—i—\/l—&tz, ZNN(O7I) (26)
6.2 Task 1.2
The clean image estimate can be written as
A 1 _
To = \/70_[7 (.’L’t + (1 — O[t)SQ((Et,t)) (27)
The reverse diffusion step is defined as
1—a e (1 —
py = YO TG El Z ey o
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Substituting Equation (27) into Equation (28) gives

6.3 Task 1.3

From the reverse diffusion update derived earlier, we have

1
Ti1 = \/707,5 (z¢ + (1 — ay)sp(x,t)) (36)

Using Tweedie’s formula for variance-preserving diffu-
sion, the conditional expectation of the clean image can be

written as

. 1 _
Bo= (@ + (1 — @) Vy, log pe(21)) (37)

Let the score function predicted by the neural network
be

so(wt,t) = Vg, logpe(zt) (38)
Then the estimator becomes
. 1 _
To = —= (1 + (1 — ay)sg(ze, 1)) (39)
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From the variance-preserving forward diffusion process
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Using the identity Vay
Thus,
Qar = oy (30) 1
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. ven
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Equating Equation (39) and Equation (42) gives
— Vo —a —z—Vi—a
N Ner (31) xy + (1 — ay)so(xe, t) = a¢ 1 — e (43)
t
which simplifies to
Substituting this relation simplifies the expression to €
so(x1,1) = ———= (44)
vV 1— Qg
1—ay— 1—- Substituting this relation into Equation (36) yields
Tpoq = \/OTt( 7051‘/ 1)1715 _ (677 (It + (1 _ O_Zt)SQ(ZEt,t)) g q ( )y
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Expanding the terms yields
\/ait(l—dt,1) 1—0(15 1—at
p— - t
Ty 1—a, +(1_&t)\/07t Ty + \/OTtSG(xt,)
(33)
Using the identity
Oét(l—(j(t_l)—F(l—Oét):l—dt (34)

the expression simplifies to the final reverse diffusion
update

1
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Tpo1 = (e + (1 — ar)sg(xe, 1)) (35)



