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       Stars do not    
   make a noise 
         …to be silent is to be beautiful 

                                — James Stephens

  A 25 mins journey from the         
 classics to the deep learning  
           era of image denoising

                 Pierpaolo Brutti | Department of Statistics 
                                          pierpaolo.brutti@uniroma1.it

15! :)

mailto:pierpaolo.brutti@uniroma1.it
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Spot  the intruder 
N

ot exactly a navigated astronom
er
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…it’s 2026, so…
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↬  https://tinyurl.com/27e7ffdr  ↫

https://tinyurl.com/27e7ffdr
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Ric!
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Ric!

↬  https://tinyurl.com/2puyc73y  ↫

https://tinyurl.com/27e7ffdr
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…let’s cut to the chase…

Main source: Elad et al. (2023). Image Denoising: The Deep Learning Revolution and Beyond — A Survey Paper
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Disclaimer: 
I’ll make tons of 
approximations, 
be patient, thx!
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Image Denoising 
Removal of White Additive Gaussian Noise
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Image Denoising 
Removal of White Additive Gaussian Noise
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- Poisson noise useful 
but well approximated 
by Gaussian in high/low 
photon count scenarios, 
possibly Anscombe’s 
variance-stabilizing 
transformation. 

- Many developments 
under gaussianity can 
be converted to other 
noise models, also of 
mixed type (Poisson-
Gaussian) 

- Optimal denoisers 
under gaussianity play a 
key role in modern, 
generative models!

Image Denoising 
Removal of White Additive Gaussian Noise

https://en.wikipedia.org/wiki/Anscombe_transform
https://en.wikipedia.org/wiki/Anscombe_transform
https://en.wikipedia.org/wiki/Anscombe_transform
https://en.wikipedia.org/wiki/Anscombe_transform
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Recap of  
the basics↬            ↫
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Observation Model

y = x + ω ω → N(0,ω2I)

Ideal: MSE-Optimal denoiser (MMSE)

x̂MMSE = argmin
All x̂

E
(
↑x ↓ x̂↑2

)
= E(x |y) =

∫
x p(x |y)

unknown
dx .

Maximum Likelihood:

x̂MLE = argmax
All x

p(y |x) = y

No denoising ↭ we need a prior.

Maximum a Posterior:

x̂MAP = argmax
All x

p(x |y)

= argmin
All x

1

2
↑y↓ x↑2↓ log p(x)

Based on Michael Elad, Bahjat Kawar, Gregory Vaksman Image Denoising: The Deep Learning Revolution and Beyond

Recap of  
the basics↬            ↫
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💀
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Sparse Representation

Local Smoothness

Low dimensionality

Non-local self-similarity

Low RankC
la

ss
ic

al
 P

rin
ci

pl
es

<latexit sha1_base64="T8xTkEgULjq5RqhXW++td3Ze4pk="></latexit>

Years Core concept Formulae for prior

⇠1970 Energy regularization kxk22

1975–1985 Spatial smoothness kLxk22 or kDvxk22 + kDhxk22

1980–1985 Optimally learned transform kTxk22 = xTR�1x (via PCA)

1980–1990 Weighted smoothness kLxk22,W

1990–2000 Robust statistics 1Tµ{Lx} (e.g. Huber–Markov)

1992–2005 Total Variation (TV)
R
v2⌦

|rx(v)| dv = 1T
p

|Dvx|2 + |Dhx|2

1987–2005 Other PDE-based options
R
v2⌦

g
�
rx(v),r2x(v)

�
dv

2005–2009 Field-of-experts
P

k �k1
Tµk{Lkx}

1993–2005 Wavelet sparsity kWxk1

2000–2010 Self-similarity
P

k

P
j2⌦(k) d{Rkx, Rjx}

2002–2012 Sparsity methods k↵k0 s.t. x = D↵

2010–2017 Low-rank assumption
P

k kX⌦(k)k?
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Sparse Representation

Local Smoothness

Low dimensionality

Non-local self-similarity

Low Rank

Supervised 
Training

“just”…
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…still, plenty to be happy about!
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…still, plenty to be happy about!
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From denoising to 
sampling and back…
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- At the turn of this 
decade, the idea of using 
a good denoiser to 
synthesize (hallucinate) 
new images emerged.

↬ SAMPLING ↫
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- At the turn of this 
decade, the idea of using 
a good denoiser to 
synthesize (hallucinate) 
new images emerged. 

- In essence: 
Use the denoiser as a 
projector onto the image 
manifold.

↬ SAMPLING ↫
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- At the turn of this 
decade, the idea of using 
a good denoiser to 
synthesize (hallucinate) 
new images emerged. 

- In essence: 
Use the denoiser as a 
projector onto the image 
manifold. 

- Main (backward) steps: 
1. Start with (or get to) a 

random noise image. 
2. “Climb” to a more 

probable image by 
Langevin Dynamics. 

3. …and look back at the 
Bayesian literature of 
the ‘60s…surprise!

↬ SAMPLING ↫
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Diffusion Models Beat GANs on Image Synthesis

Prafulla Dhariwal
⇤

OpenAI
prafulla@openai.com

Alex Nichol
⇤

OpenAI
alex@openai.com

Abstract

We show that diffusion models can achieve image sample quality superior to the
current state-of-the-art generative models. We achieve this on unconditional im-
age synthesis by finding a better architecture through a series of ablations. For
conditional image synthesis, we further improve sample quality with classifier guid-
ance: a simple, compute-efficient method for trading off diversity for fidelity using
gradients from a classifier. We achieve an FID of 2.97 on ImageNet 128⇥128,
4.59 on ImageNet 256⇥256, and 7.72 on ImageNet 512⇥512, and we match
BigGAN-deep even with as few as 25 forward passes per sample, all while main-
taining better coverage of the distribution. Finally, we find that classifier guidance
combines well with upsampling diffusion models, further improving FID to 3.94
on ImageNet 256⇥256 and 3.85 on ImageNet 512⇥512. We release our code at
https://github.com/openai/guided-diffusion.

1 Introduction

Figure 1: Selected samples from our best ImageNet 512⇥512 model (FID 3.85)

Over the past few years, generative models have gained the ability to generate human-like natural
language [6], infinite high-quality synthetic images [5, 28, 51] and highly diverse human speech and
music [64, 13]. These models can be used in a variety of ways, such as generating images from text
prompts [72, 50] or learning useful feature representations [14, 7]. While these models are already

⇤Equal contribution
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*Remark: in these examples the generation is conditional to a prompt.

- At the turn of this 
decade, the idea of using 
a good denoiser to 
synthesize (hallucinate) 
new images emerged. 

- In essence: 
Use the denoiser as a 
projector onto the image 
manifold. 

- Main (backward) steps: 
1. Start with (or get to) a 

random noise image. 
2. “Climb” to a more 

probable image by 
Langevin Dynamics. 

3. …and look back at the 
Bayesian literature of 
the ‘60s…surprise!

↬ SAMPLING ↫
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- At the turn of this 
decade, the idea of using 
a good denoiser to 
synthesize (hallucinate) 
new images emerged. 

- In essence: 
Use the denoiser as a 
projector onto the image 
manifold. 

- Main (backward) steps: 
1. Start with (or get to) a 

random noise image. 
2. “Climb” to a more 

probable image by 
Langevin Dynamics. 

3. …and look back at the 
Bayesian literature of 
the ‘60s…surprise!

- Pretend 
We can access the true image distribution 

- Goal 
Draw a sample from

<latexit sha1_base64="8u5yzEVPPXUUhZ8YfMWTUqOz/xU=">AAAB+nicbVC7TsMwFL0pr1JeKYwsFhVSWaqEocBWiYWxSPSB2qhyHLe16sSR7QBVqMSPsDCAECtfwsbf4LQdoOVIlo/OuVc+Pn7MmdKO823lVlbX1jfym4Wt7Z3dPbu431QikYQ2iOBCtn2sKGcRbWimOW3HkuLQ57Tljy4zv3VHpWIiutHjmHohHkSszwjWRurZxbjc9QUP1Dg0V/owOenZJafiTIGWiTsnpdrFE2So9+yvbiBIEtJIE46V6rhOrL0US80Ip5NCN1E0xmSEB7RjaIRDqrx0Gn2Cjo0SoL6Q5kQaTdXfGykOVZbNTIZYD9Wil4n/eZ1E98+9lEVxomlEZg/1E460QFkPKGCSEs3HhmAimcmKyBBLTLRpq2BKcBe/vEyapxW3Wqleu6XaLcyQh0M4gjK4cAY1uII6NIDAPTzDK7xZj9aL9W59zEZz1nznAP7A+vwByRuVMQ==</latexit>

p(x)

<latexit sha1_base64="8u5yzEVPPXUUhZ8YfMWTUqOz/xU=">AAAB+nicbVC7TsMwFL0pr1JeKYwsFhVSWaqEocBWiYWxSPSB2qhyHLe16sSR7QBVqMSPsDCAECtfwsbf4LQdoOVIlo/OuVc+Pn7MmdKO823lVlbX1jfym4Wt7Z3dPbu431QikYQ2iOBCtn2sKGcRbWimOW3HkuLQ57Tljy4zv3VHpWIiutHjmHohHkSszwjWRurZxbjc9QUP1Dg0V/owOenZJafiTIGWiTsnpdrFE2So9+yvbiBIEtJIE46V6rhOrL0US80Ip5NCN1E0xmSEB7RjaIRDqrx0Gn2Cjo0SoL6Q5kQaTdXfGykOVZbNTIZYD9Wil4n/eZ1E98+9lEVxomlEZg/1E460QFkPKGCSEs3HhmAimcmKyBBLTLRpq2BKcBe/vEyapxW3Wqleu6XaLcyQh0M4gjK4cAY1uII6NIDAPTzDK7xZj9aL9W59zEZz1nznAP7A+vwByRuVMQ==</latexit>

p(x)

↬ SAMPLING ↫
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- At the turn of this 
decade, the idea of using 
a good denoiser to 
synthesize (hallucinate) 
new images emerged. 

- In essence: 
Use the denoiser as a 
projector onto the image 
manifold. 

- Main (backward) steps: 
1. Start with (or get to) a 

random noise image. 
2. “Climb” to a more 

probable image by 
Langevin Dynamics. 

3. …and look back at the 
Bayesian literature of 
the ‘60s…surprise!

Step0: start with a purely random noise image
<latexit sha1_base64="+gyKDnvOs564zs8fjXIMB7PP/Bw=">AAACA3icbVDLSsNAFJ3UV62vqDvdBIvgKiQuqsuCG5cV7EOaECaTSTt0MgkzE7WEgBt/xU0Xirj1GwTBhf/gP+ik7UJbDwxzOOde7r3HTygR0rI+tdLC4tLySnm1sra+sbmlb++0RJxyhJsopjHv+FBgShhuSiIp7iQcw8inuO0Pzgq/fY25IDG7lMMEuxHsMRISBKWSPH3PuSEB7kOZOX5MAzGM1Jfd5rlneXrVMq0xjHliT0m1bn5/tT7eRg1Pf3eCGKURZhJRKETXthLpZpBLgijOK04qcALRAPZwV1EGIyzcbHxDbhwqJTDCmKvHpDFWf3dkMBLFdqoygrIvZr1C/M/rpjI8dTPCklRihiaDwpQaMjaKQIyAcIwkHSoCESdqVwP1IYdIqtgqKgR79uR50jo27ZpZu7Cr9SswQRnsgwNwBGxwAurgHDRAEyBwBx7AI3jS7rWR9qy9TEpL2rRnF/yB9voD6q+dmA==</latexit>

bx0

- Pretend 
We can access the true image distribution 

- Goal 
Draw a sample from
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p(x)

<latexit sha1_base64="8u5yzEVPPXUUhZ8YfMWTUqOz/xU=">AAAB+nicbVC7TsMwFL0pr1JeKYwsFhVSWaqEocBWiYWxSPSB2qhyHLe16sSR7QBVqMSPsDCAECtfwsbf4LQdoOVIlo/OuVc+Pn7MmdKO823lVlbX1jfym4Wt7Z3dPbu431QikYQ2iOBCtn2sKGcRbWimOW3HkuLQ57Tljy4zv3VHpWIiutHjmHohHkSszwjWRurZxbjc9QUP1Dg0V/owOenZJafiTIGWiTsnpdrFE2So9+yvbiBIEtJIE46V6rhOrL0US80Ip5NCN1E0xmSEB7RjaIRDqrx0Gn2Cjo0SoL6Q5kQaTdXfGykOVZbNTIZYD9Wil4n/eZ1E98+9lEVxomlEZg/1E460QFkPKGCSEs3HhmAimcmKyBBLTLRpq2BKcBe/vEyapxW3Wqleu6XaLcyQh0M4gjK4cAY1uII6NIDAPTzDK7xZj9aL9W59zEZz1nznAP7A+vwByRuVMQ==</latexit>

p(x)

↬ SAMPLING ↫



PNRR  
Missione 4 • Componente 2 

Investimento 3.1

STILES – IR0000034 
CUP C33C22000640006Pierpaolo Brutti | Sapienza17/03/2026

- At the turn of this 
decade, the idea of using 
a good denoiser to 
synthesize (hallucinate) 
new images emerged. 

- In essence: 
Use the denoiser as a 
projector onto the image 
manifold. 

- Main (backward) steps: 
1. Start with (or get to) a 

random noise image. 
2. “Climb” to a more 

probable image by 
Langevin Dynamics. 

3. …and look back at the 
Bayesian literature of 
the ‘60s…surprise!

Step0: start with a purely random noise image 
Step1: climb to a more probable image by iterating
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bx0

<latexit sha1_base64="a7X5wsKQFYYnQU7OqEjEGbvsbvQ="></latexit>

bxt+1 = bxt + ↵ ·r log p(bxt) [stuck in local max]

- Pretend 
We can access the true image distribution 

- Goal 
Draw a sample from
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p(x)

↬ SAMPLING ↫
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- At the turn of this 
decade, the idea of using 
a good denoiser to 
synthesize (hallucinate) 
new images emerged. 

- In essence: 
Use the denoiser as a 
projector onto the image 
manifold. 

- Main (backward) steps: 
1. Start with (or get to) a 

random noise image. 
2. “Climb” to a more 

probable image by 
Langevin Dynamics. 

3. …and look back at the 
Bayesian literature of 
the ‘60s…surprise!

<latexit sha1_base64="+gyKDnvOs564zs8fjXIMB7PP/Bw=">AAACA3icbVDLSsNAFJ3UV62vqDvdBIvgKiQuqsuCG5cV7EOaECaTSTt0MgkzE7WEgBt/xU0Xirj1GwTBhf/gP+ik7UJbDwxzOOde7r3HTygR0rI+tdLC4tLySnm1sra+sbmlb++0RJxyhJsopjHv+FBgShhuSiIp7iQcw8inuO0Pzgq/fY25IDG7lMMEuxHsMRISBKWSPH3PuSEB7kOZOX5MAzGM1Jfd5rlneXrVMq0xjHliT0m1bn5/tT7eRg1Pf3eCGKURZhJRKETXthLpZpBLgijOK04qcALRAPZwV1EGIyzcbHxDbhwqJTDCmKvHpDFWf3dkMBLFdqoygrIvZr1C/M/rpjI8dTPCklRihiaDwpQaMjaKQIyAcIwkHSoCESdqVwP1IYdIqtgqKgR79uR50jo27ZpZu7Cr9SswQRnsgwNwBGxwAurgHDRAEyBwBx7AI3jS7rWR9qy9TEpL2rRnF/yB9voD6q+dmA==</latexit>

bx0

<latexit sha1_base64="PxaP3W7qKIxrD4QImvIICXMci9Q="></latexit>

bxt+1 = bxt + ↵ ·r log p(bxt) + � · ⌘t [Langevin]
random perturbation

- Pretend 
We can access the true image distribution 

- Goal 
Draw a sample from

<latexit sha1_base64="8u5yzEVPPXUUhZ8YfMWTUqOz/xU=">AAAB+nicbVC7TsMwFL0pr1JeKYwsFhVSWaqEocBWiYWxSPSB2qhyHLe16sSR7QBVqMSPsDCAECtfwsbf4LQdoOVIlo/OuVc+Pn7MmdKO823lVlbX1jfym4Wt7Z3dPbu431QikYQ2iOBCtn2sKGcRbWimOW3HkuLQ57Tljy4zv3VHpWIiutHjmHohHkSszwjWRurZxbjc9QUP1Dg0V/owOenZJafiTIGWiTsnpdrFE2So9+yvbiBIEtJIE46V6rhOrL0US80Ip5NCN1E0xmSEB7RjaIRDqrx0Gn2Cjo0SoL6Q5kQaTdXfGykOVZbNTIZYD9Wil4n/eZ1E98+9lEVxomlEZg/1E460QFkPKGCSEs3HhmAimcmKyBBLTLRpq2BKcBe/vEyapxW3Wqleu6XaLcyQh0M4gjK4cAY1uII6NIDAPTzDK7xZj9aL9W59zEZz1nznAP7A+vwByRuVMQ==</latexit>

p(x)

<latexit sha1_base64="8u5yzEVPPXUUhZ8YfMWTUqOz/xU=">AAAB+nicbVC7TsMwFL0pr1JeKYwsFhVSWaqEocBWiYWxSPSB2qhyHLe16sSR7QBVqMSPsDCAECtfwsbf4LQdoOVIlo/OuVc+Pn7MmdKO823lVlbX1jfym4Wt7Z3dPbu431QikYQ2iOBCtn2sKGcRbWimOW3HkuLQ57Tljy4zv3VHpWIiutHjmHohHkSszwjWRurZxbjc9QUP1Dg0V/owOenZJafiTIGWiTsnpdrFE2So9+yvbiBIEtJIE46V6rhOrL0US80Ip5NCN1E0xmSEB7RjaIRDqrx0Gn2Cjo0SoL6Q5kQaTdXfGykOVZbNTIZYD9Wil4n/eZ1E98+9lEVxomlEZg/1E460QFkPKGCSEs3HhmAimcmKyBBLTLRpq2BKcBe/vEyapxW3Wqleu6XaLcyQh0M4gjK4cAY1uII6NIDAPTzDK7xZj9aL9W59zEZz1nznAP7A+vwByRuVMQ==</latexit>

p(x)

Step0: start with a purely random noise image 
Step1: climb to a more probable image by iterating

↬ SAMPLING ↫
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- At the turn of this 
decade, the idea of using 
a good denoiser to 
synthesize (hallucinate) 
new images emerged. 

- In essence: 
Use the denoiser as a 
projector onto the image 
manifold. 

- Main (backward) steps: 
1. Start with (or get to) a 

random noise image. 
2. “Climb” to a more 

probable image by 
Langevin Dynamics. 

3. …and look back at the 
Bayesian literature of 
the ‘60s…surprise!

Step0: start with a purely random noise image 
Step1: climb to a more probable image by iterating 

Step2: look at the Empirical Bayes literature to see that

<latexit sha1_base64="+gyKDnvOs564zs8fjXIMB7PP/Bw=">AAACA3icbVDLSsNAFJ3UV62vqDvdBIvgKiQuqsuCG5cV7EOaECaTSTt0MgkzE7WEgBt/xU0Xirj1GwTBhf/gP+ik7UJbDwxzOOde7r3HTygR0rI+tdLC4tLySnm1sra+sbmlb++0RJxyhJsopjHv+FBgShhuSiIp7iQcw8inuO0Pzgq/fY25IDG7lMMEuxHsMRISBKWSPH3PuSEB7kOZOX5MAzGM1Jfd5rlneXrVMq0xjHliT0m1bn5/tT7eRg1Pf3eCGKURZhJRKETXthLpZpBLgijOK04qcALRAPZwV1EGIyzcbHxDbhwqJTDCmKvHpDFWf3dkMBLFdqoygrIvZr1C/M/rpjI8dTPCklRihiaDwpQaMjaKQIyAcIwkHSoCESdqVwP1IYdIqtgqKgR79uR50jo27ZpZu7Cr9SswQRnsgwNwBGxwAurgHDRAEyBwBx7AI3jS7rWR9qy9TEpL2rRnF/yB9voD6q+dmA==</latexit>

bx0

[Langevin]
<latexit sha1_base64="O+5HCKV3eYkxznkgrFuI88f34zs="></latexit>

bxt+1 = bxt + ↵ ·r log p(bxt) + � · ⌘t
score function | unknown

<latexit sha1_base64="cVTHhl6Kn8NoUhLqjP/8w5EQwxE="></latexit>

r log p(bxt) /
⇥
bxt � D(bxt,�)

⇤
[small σ]

↬  implicit link between MMSE denoisers and priors  ↫

- Pretend 
We can access the true image distribution 

- Goal 
Draw a sample from

<latexit sha1_base64="8u5yzEVPPXUUhZ8YfMWTUqOz/xU=">AAAB+nicbVC7TsMwFL0pr1JeKYwsFhVSWaqEocBWiYWxSPSB2qhyHLe16sSR7QBVqMSPsDCAECtfwsbf4LQdoOVIlo/OuVc+Pn7MmdKO823lVlbX1jfym4Wt7Z3dPbu431QikYQ2iOBCtn2sKGcRbWimOW3HkuLQ57Tljy4zv3VHpWIiutHjmHohHkSszwjWRurZxbjc9QUP1Dg0V/owOenZJafiTIGWiTsnpdrFE2So9+yvbiBIEtJIE46V6rhOrL0US80Ip5NCN1E0xmSEB7RjaIRDqrx0Gn2Cjo0SoL6Q5kQaTdXfGykOVZbNTIZYD9Wil4n/eZ1E98+9lEVxomlEZg/1E460QFkPKGCSEs3HhmAimcmKyBBLTLRpq2BKcBe/vEyapxW3Wqleu6XaLcyQh0M4gjK4cAY1uII6NIDAPTzDK7xZj9aL9W59zEZz1nznAP7A+vwByRuVMQ==</latexit>

p(x)

<latexit sha1_base64="8u5yzEVPPXUUhZ8YfMWTUqOz/xU=">AAAB+nicbVC7TsMwFL0pr1JeKYwsFhVSWaqEocBWiYWxSPSB2qhyHLe16sSR7QBVqMSPsDCAECtfwsbf4LQdoOVIlo/OuVc+Pn7MmdKO823lVlbX1jfym4Wt7Z3dPbu431QikYQ2iOBCtn2sKGcRbWimOW3HkuLQ57Tljy4zv3VHpWIiutHjmHohHkSszwjWRurZxbjc9QUP1Dg0V/owOenZJafiTIGWiTsnpdrFE2So9+yvbiBIEtJIE46V6rhOrL0US80Ip5NCN1E0xmSEB7RjaIRDqrx0Gn2Cjo0SoL6Q5kQaTdXfGykOVZbNTIZYD9Wil4n/eZ1E98+9lEVxomlEZg/1E460QFkPKGCSEs3HhmAimcmKyBBLTLRpq2BKcBe/vEyapxW3Wqleu6XaLcyQh0M4gjK4cAY1uII6NIDAPTzDK7xZj9aL9W59zEZz1nznAP7A+vwByRuVMQ==</latexit>

p(x)

[Robbins-Tweedie formula]

↬ SAMPLING ↫
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- ”Technical” caveat 
In practice, instead of the 
plain Langevin with a 
fixed (and small) σ we 
use the Annealed 
Langevin that considers 
a sequence of blurred 
priors associated with a 
decreasing sequence of 
noise levels: 
        σ0 > σ1 > ⋯ > σN

↬ SAMPLING ↫
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- ”Technical” caveat 
In practice, instead of the 
plain Langevin with a 
fixed (and small) σ we 
use the Annealed 
Langevin that considers 
a sequence of blurred 
priors associated with a 
decreasing sequence of 
noise levels: 
        σ0 > σ1 > ⋯ > σN

↬ SAMPLING ↫
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- Denoising by Sampling: 
The Annealed Langevin 
algorithm can be twisted 
to design a Stochastic 
Image Denoiser that 
recover a sequence of 
gradually less noisy 
images by targeting the 
posterior distribution 
 
 

Solution is not unique.

↬ DENOISING ↫

<latexit sha1_base64="8HvvW8+ns2Ky17mGtl5uhIlbpRU=">AAACDXicbVC7SgNBFL0bXzG+Vi1tBqMQIYRdi6hdwMYygnlIdgmzk0kyZPbBzKwY1oC1jb9iY6GIrb2df+NskiImHhjmcM693HuPF3EmlWX9GJml5ZXVtex6bmNza3vH3N2ryzAWhNZIyEPR9LCknAW0ppjitBkJin2P04Y3uEz9xh0VkoXBjRpG1PVxL2BdRrDSUts8igqOF/KOHPr6S+5HTvHBKc5Kw9FJ28xbJWsMtEjsKclXLh4hRbVtfjudkMQ+DRThWMqWbUXKTbBQjHA6yjmxpBEmA9yjLU0D7FPpJuNrRuhYKx3UDYV+gUJjdbYjwb5Md9OVPlZ9Oe+l4n9eK1bdczdhQRQrGpDJoG7MkQpRGg3qMEGJ4kNNMBFM74pIHwtMlA4wp0Ow509eJPXTkl0ula/tfOUWJsjCARxCAWw4gwpcQRVqQOAJXuAN3o1n49X4MD4npRlj2rMPf2B8/QLGv51/</latexit>

p(x |y)
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- …and beyond! 
Pretty much the same Langevin-based 
paradigm can be adapted to deal with 
a variety of inverse problems in order 
to recover a signal from corrupted 
measurements: 

- De-blurring 
- In-Painting 
- De-Mosaicing 
- Super-Resolution

↬ INVERSE PROBLEMS ↫

<latexit sha1_base64="ESntuGSKxexq1J2qd15PlQhlwr8="></latexit>

y = Hx+ ✏

↬ STEERING ↫
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- …and beyond! 
Pretty much the same Langevin-based 
paradigm can be adapted to deal with 
a variety of inverse problems in order 
to recover a signal from corrupted 
measurements: 

- De-blurring 
- In-Painting 
- De-Mosaicing 
- Super-Resolution

↬ INVERSE PROBLEMS ↫

<latexit sha1_base64="ESntuGSKxexq1J2qd15PlQhlwr8="></latexit>

y = Hx+ ✏

↬ STEERING ↫

- Power is nothing without control 
- Often we’d to ensure the generated data 

not only looks realistic but also adheres to 
desired connectivity constraints. 

- With topological steering we guide the 
denoising process to produce outputs with 
specific structural properties (e.g. 
connected components, holes, or specific 
branching structures) 

- Typical tools persistent homology or 
topological loss functions, although they 
are quite computationally intensive, but…



PNRR  
Missione 4 • Componente 2 

Investimento 3.1

STILES – IR0000034 
CUP C33C22000640006Pierpaolo Brutti | Sapienza17/03/2026

Ric  Strikes back!

↬  https://github.com/riccardoc95/PixHomology  ↫

- Persistent homology is expensive on large images. 
- Complexes grow quickly in time and memory. 
- Standard pipelines are impractical for real surveys. 
- PixHomology makes PH feasible on real images.

↬ STEERING ↫

https://tinyurl.com/27e7ffdr
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Thanks!

*See (some of) you in a future project…maybe ^.^)


