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Tutorial Schedule

Q Introduction [1:30pm-2:30pm] Q Applications in Medical Imaging [4pm-5pm]
O What? Why? How? 0 Synthesis
0 Understanding and Intuition 4 Reconstruction
0 DEMO - MONAI Generative Models - Segmentation
, , O Registration
Coding tutorial on DDPM Q Inpainting
0 Anomaly Detection
Q0 Miscellaneous

0 Advanced Topics [2:30pm-3:30pm]
U Sampling Strategies
Q Inference-time Conditioning O Panel Discussion [5pm-6pm]
U Training-time Conditioning
Q DEMO - MONAI Generative Models
DDIM Inversion + Classifier-free quidance



https://github.com/Project-MONAI/GenerativeModels/tree/main/tutorials/generative/2d_ddpm
https://github.com/Project-MONAI/GenerativeModels/tree/main/tutorials/generative/classifier_free_guidance

Diffusion Models
What? Why? How?



What? Generative Models

Xi ~ Pdata Pg E M
i €{1,2,..,|D|} Model family

d( Pdata> Pe)

Brain MR

M = {VAE, GAN, NF, Diffusion Models}



What? Generative Models

Po EM
Model family

Density Estimation
o (x)

Sampling
Xnew =~ Pag

Unsupervised Representation Learning
z < po(x)



What? Generative models

GAN: Adversarial
training

VAE: maximize
variational lower bound

Flow-based models:
Invertible transform of
distributions

Diffusion models:
Gradually add Gaussian
noise and then reverse

— X1

D(x)

Discriminator Generator

Encoder
q4(2[x)

likelihood-based models

5 Require
» inductive bias to ensure a tractable
normalizing constant for likelihood

G(z)

Flow

T )

o) 1% computation; or
» surrogate objectives to approximate
ML training.
Inverse ’
1@ 17
implicit generative models
1% Require adversarial training:

» notoriously unstable; leading to
* mode collapse

diffusion models bypass both with neat tricks



Sampling Trilemma

Jariational Autoencoders.
Normalizing Flows

Xiao, Z., Kreis, K., & Vahdat, A. (2021). Tackling the generative learning trilemma with denoising diffusion gans. ICLR



Why? U n p re Ced e nted Q u al ity “A dystopian male face made

of volcanic lava, mysterious,
image containing secret

realistic photo of a codes”

cybernetic Eagle”

1. Realism
2. Control
3. Prior

Tribe taking a
selfie ...”

Images from ideogram.ai % and Midjourney B\




Why? Community Push

Companies
Big models and data

@ OpenAl

stability.ai
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Open-Source
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Ease of Use

D § ffusers

Generative Models



Why? Medical Imaging Popularity
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Kazerouni, Amirhossein, et al. "Diffusion models in medical imaging: A comprehensive survey." Medical Image Analysis (2023): 102846.



Why? Medical Imaging Applications

LAnemaly Detection, lnageCgneation
SR AN u w . Classification . u .
BN Image-to-Image Translation Other Applications
RECONSIUCOn
13%
24%
8%
19%
23%
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. n n
| Realism | : Control =
R —— Geensnnnnd

MRI Optical based
I Nuclear Imaging B X-ray based

54%

ﬂm/

Kazerouni, Amirhossein, et al. "Diffusion models in medical imaging: A comprehensive survey." Medical Image Analysis (2023): 102846.
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How? Training by Denoising

Convex
Combination

MSE

e ~N(0,1I)
t ~U(0,T)
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Inference

How??

t can be a

inpu

How the

?

image

step closer to an

Trained Model




Understanding and Intuition



Score Function

—fg(x)
Pe(X) = =

log pg(x) = loge™6X*) —log Z,

Ve logpg(x) = —Vefo(x) — Vi 10g Zg
Q
€o

How to learn it?

0

Mixture of two Gaussians
Score function (the vector field)
Density function (contours)
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Image from blog post by Yang Song https://yang-song.net/blog/2021/score/
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Denoising Score Matching

How to learn the score?

Forward Process

E

p(x)

€9g(x) — % logvpe(@Hz

Diffusion Model Score De(Xe | X) = Dagra (%)

pe(Xe | X) = N(\/(X_tx» (1- at)l)

2
]Ep(X)”EB(X) T VX logpt(<| X)”Z X, =\/O(_tX+ /_1—O(t(:', E~N(O,I)

ian i mmon rbation
Xt —X Gaussian is a common perturbatio

2
Ot

Vincent, Pascal. "A connection between score matching and denoising autoencoders." Neural computation 23.7 (2011): 1661-1674.
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Learning the Score

IO L :

Z=y |l ,
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Vincent, Pascal. "A connection between score matching and denoising autoencoders." Neural computation 23.7 (2011): 1661-1674.
Image from blog post by Yang Song https://yang-song.net/blog/2021/score/

17



Perturbation at many scales
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Learning in low density regions

Image from blog post by Yang Song https://yang-song.net/blog/2021/score/



iffusion Models Learn the Gradient

t=0 t=1 t=T
2 2 z 2
')
The forward trajectory i % i
& o T .
Q(XO:T) 0 1 0 & ol *
- 2o
=2 . =2 -2
-2 0 2 =2 0 2 -2 0 2
2 T 2 2 T
The reverse trajectory 15 . V l 0 g p (X)
Po(Xo:1) A - %k e 1 of LRS- 1 X
V.
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2 2 —
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Sohl-Dickstein, J., Weiss, E., Maheswaranathan, N., & Ganguli, S. (2015). Deep unsupervised learning
using nonequilibrium thermodynamics. In International Conference on Machine Learning.



Fourier Transform

Xp =[x+ J1—a,e, e~N(0,1I) i ‘;

l Fourier Transform

F(Xp) = +Ja F(x) + \/1 — o F (€) \

Slide inspired in CVPRs 2022 tutorial on diffusion models
20



Noise

Snow Pixelate Mask Animorph Blur

Gaussian Perturbation?

Forward Reverse

Original > Degraded > Generated

[1] Daras, Giannis, et al. "Soft diffusion: Score matching for general corruptions." arXiv preprint arXiv:2209.05442 (2022).
[2] Bansal, Arpit, et al. "Cold diffusion: Inverting arbitrary image transforms without noise." arXiv preprint arXiv:2208.09392 (2022).

[3] Kascenas, Antanas, et al. "The role of noise in denoising models for anomaly detection in medical images." Medical Image Analysis (2023): 102963.
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Diffusion and Differential Equations

O Perturbation process is a Stochastic Differential Equation (SDE)
O From complex to simple
O Allow different values for SDE modelling

—— Stochastic process

dx = f(x, t)dt + g(¢t)dw

Image from blog post by Yang Song https://yang-song.net/blog/2021/score/
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eversing the Process is Generation

O Samplers are discrete solutions of the reverse-time SDE

—— Reverse stochastic process

Image from blog post by Yang Song https://yang-song.net/blog/2021/score/
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The Design Space

\ VP [49] VE [49] iDDPM [37] + DDIM [47] Ours (“EDM”)
Sampling (Section 3)
ODE solver Euler Euler 7 Euler 2" order Heun
Time steps tien (|14 (e — 1) Onax (Omin/0aa) ¥ Lo+ Motodo 1> Where (crmaX% +
-1 2 ; 1 1
un =10 Nil (Gmin # = Omax ? ))p
11?+1
1= \| (o L
Schedule o(t) | VezPat*+huint 1 Vi t t
Scaling s(t) [ 1/ ez Pet?+mat 1 1 1
Network and precondjtioning (Section 5)
Architecture of Fjy DDPM++ NCSN++ DDPM (any)
Skip scaling  cuip(c) || 1 1 1 02w/ (0% +02)
Output scaling coy (o) || —o o —0 O - Odata) \/ Oy + 02
Input scaling  cin(o) || 1/vVo2 +1 1 1/vVa2+1 1/y/o? + o7,
Noise cond. cnoise(a) [§ (M —1) o7 1(0) In(10) M—1—argmin; |u; — | 1n(o)
Training (Section 5)
Noise distribution o o) ~Ule, 1) In(o) ~U(In(omin). o=uj, j~U{0,M—1} In(c)~N(Prewm: P2
In(oma))
Loss weighting A(o) || 1/0? 1/0? - 1/0?  (note: *) (02 +034) /(0 - Odata)?
Parameters Jﬁd - 199: Jﬁmin =0.1 Tmin = 0.02 53 = Sinz(%iﬂftéﬂz_'_lj) Omin — 0002, Tmax = 80
6 =107%6=10""  omwx = 100 C1 = 0.001, C2 = 0.008 aa =05, p=7T

M = 1000

M = 1000, j, = &

Pmcan: -1.2, IDsld =12

* iDDPM also en} loys a second loss term Ly,

T In our tests, Jjo = 8 yielded better FID than jy = 0 used by iDDPM

Karras, T., Aittala, M., Aila, T., & Laine, S. (2022). Elucidating the design space of diffusion-based generative models. NeurlPs
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Architecture — Reusing the classics,

and the SoTA
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Jonathan Ho, Ajay Jain, Pieter Abbeel (2020) Denoising Diffusion Probabilistic Models. NeuriPS

Unet!

Or transformers
Or VQ-VAEs
Or...
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DEMO

Generative Models

Allows researchers and developers to easily train, evaluate,
and deploy generative models on medical imaging.

ING'S
College

NVIDIA.

LLONDON

m Icahn School
of Medicine at

Mount

UNIVERSITAT o Sinai
BARCELONA
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Features

State-of-the-art models

Losses and supporting classes to
train models

Evaluation metrics
Tutorials
Pre-trained models

D00 OO0

-pre-commit-config.yaml

CODE_OF_CONDUCT.md

Edit Pins ~

Add file ~

Unwatch 21 ~

<> Code ~

O 415

Fork 42  Starred 319

About

MONAI Generative Models makes it easy
to train, evaluate, and deploy generative
models and related applications

27



U-Net Architecture

from generative.networks.nets import DiffusionModelUNet

model = DiffusionModelUNet (
spatial dims=3,
in_channels=1,
out_channels=1,
num_channels=[256, 256, 512],
attention levels=[False, False, True],
num_head channels=[0, 0, 512],
num_res blocks=2,

28



Noise Schedulers

1.0 1

0.8 1

0.6 1

0.4 4

0.2 1

0.0 1

Q 200 400 600 800 1000

Timesteps t

Xt = youXe 1+ 1 —ae
Vorar 1Xe 2+ /1 —arar 1€ 2

:\/ditxo—k v 1—aye
q(xt|x0) = N (x4 v/@xo, (1 — @)T)

from generative.networks.schedulers
import DDPMScheduler

scheduler = DDPMScheduler(
num_train_timesteps=1000,
beta schedule=“scaled linear",
beta_start=0.0005,
beta_end=0.0195,

29



3D - Preprocessing

from monai import transforms
from monai.apps import DecathlonDataset
from monai.data import DatalLoader

train_transform = transforms.Compose (

[
transforms.LoadImaged(keys=["image"]),
transforms.Lambdad(keys=["image®“], func=lambda x: x[:, :, :, 1]),
transforms.AddChanneld(keys=["image"]),
transforms.ScaleIntensityd(keys=["image"]),
transforms.CenterSpatialCropd(keys=["image"], roi_size=[160, 200, 155]),
transforms.Resized(keys=["image"], spatial size=(32, 40, 32)),

]

train_ds = DecathlonDataset(
root_dir="./data", task="Task@l BrainTumour", transform=train_transform, section="training", download=True

)

train_loader = DatalLoader(train_ds, batch_size=8, shuffle=True, num_workers=8, persistent_workers=True)

30



Training

for batch in train_loader:
model.train()
images = batch["image"].to(device)

optimizer.zero _grad(set _to none=True)
noise = torch.randn_like(images).to(device)
timesteps = torch.randint(@, scheduler.num _train_ timesteps, (images.shape[©0],))
noisy image = scheduler.add noise(original samples=images,
noise=noise,
timesteps=timesteps)

noise pred = model(x=noisy image, timesteps=timesteps)

loss = F.mse_loss(noise pred.float(), noise.float())



Sampling Images

model.eval()

noise = torch.randn((1, 1, 32, 40, 32)) # BS, Channels, 3D
scheduler.set_timesteps(num_inference steps=1000)

for t in iter(scheduler.timesteps):
model output = model(noise, timesteps=(t,))
noise, = = scheduler.step(model output, t, noise)
image = noise
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Part 2 — Advanced Topics

« Sampling Strategies

Diffusion

"mouse" —
Model

34



Basic |dea of Denoising Diffusion Models

The noising p
with forwarg

The

For this, we n

Diffusion Models Beat GANs on Image Synthesis

Prafulla Dhariwal* Alex Nichol*
OpenAl OpenAl
prafulla@openai.com 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,

Ct—1, /BtI)

iii ii |i"’|!3E'NE'I 256x256 and 772 on ImaceNet S12%512. and we match



Training Overview

* We choose arandomstept € {0,1,...,T}.

* We add t steps of noise to our input image x,, and obtain a noisy image x;.

* Our model predicts the noise pattern.that needs to be subtracted from x;, to predict a slightly
denoised x;_1.

MSE loss




Fake Image Generation

synthetic image

]_—Odt

:L’_ - —
=7 (- =) 4

w1th

Random component
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DDPM Scheduler

Denoising Diffusion Probabilistic Models

Jonathan Ho Ajay Jain Pieter Abbeel
UC Berkeley UC Berkeley UC Berkeley
jonathanho@berkeley.edu ajayj@berkeley.edu pabbeel@cs.berkeley.edu

Abstract

‘We present high quality image synthesis results using diffusion probabilistic models,
a class of latent variable models inspired by considerations from nonequilibrium
thermodynamics. Our best results are obtained by training on a weighted variational
bound designed according to a novel connection between diffusion probabilistic

Algorithm 1 Training

Algorithm 2 Sampling

6:

RPN

repeat
X0 ~ q(X0)
t ~ Uniform({1,...,7T})
e ~ N(0,I)
Take gradient descent step on
Vo He — eg(varxo + /1 — dte,t)HQ

until converged

1
2
3
4.
5
6

. XT NN(O,I)
cfort=1T,...,1do
z ~N(0,I)ift > 1,elsez =0

— _1 _ l-oa
Xt—1 = T (xt mﬁg(Xt,t)) + 012
. end for
. return xg
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Schedulers: How to Accelerate Sampling?

1000 900

800 700 600 500 400 300

Published as a conference paper at ICLR 2021

DENOISING DIFFUSION IMPLICIT MODELS

Jiaming Song, Chenlin Meng & Stefano Ermon
Stanford University
{tsong, chenlin, ermon}@cs.stanford.edu

ABSTRACT

Denoising diffusion probabilistic models (DDPMs) have achieved high qual-
ity image generation without adversarial training, yet they require simulating a
Markov chain for many steps in order to produce a sample. To accelerate sam-
pling, we present denoising diffusion implicit models (DDIMs), a more efficient
class of iterative implicit probabilistic models with the same training procedure as
DDPMs. In DDPMs, the generative process is defined as the reverse of a particular
Markovian diffusion process. We generalize DDPMs via a class of non Markovian
diffusion processes that lead to the same training objective. These non-Markovian

100 0

"Denoising diffusion probabilistic
models (DDPMs) have achieved high
quality image generation, yet they
require simulating a Markov chain for
many steps in order to produce a
sample."

We need to make the
generation process faster.



From DDPMs to DDIMs

(t)
_JI=
= VI~ ey () + \/1 — Qi1 — 07 Eg)(mt) Ot

L1 — /Ot—-1
Vv Ot y ~~—~

random noise

N ~~ ~ “direction pointing to @ ;”’

“ predicted xg”

DDPM sampling scheme or =/ (1 —a;_1)/(1 —ay)\/1 —ay/ay_q

:>> We remove the random component

1
-

DDIM sampling scheme o

The training process stays the same.

Song, J., Meng, C., & Ermon, S. (2020). Denoising diffusion implicit models. arXiv preprint arXiv:2010.02502.



An Excursion into ODEs

« The connection to ordinary differential equations (ODEs) can be seen when we rewrite the
DDIM denoising step as

previous
value

prediction step size derivative

« This can be interpreted as the Euler approximation of an ODE.
 We can speed up the generation process by choosing a larger step size.
 DDIM is a probability flow ODE from a SDE [1].

# Faster, but less accurate

[1] Song, Y., Sohl-Dickstein, J., Kingma, D. P., Kumar, A., Ermon, S., & Poole, B. (2020). Score-based generative modeling through stochastic differential equations. arXiv preprint arXiv:2011.13456. 41



DDIM Accelerated Sampling

AT Y Yy
2At (Y Y N N Y.
o Wm| | | 5

| | | | | | | | | | | | |
1000 999 998 997 996 995 994 993 992 991 990 998

10 At \

» By skipping k steps, we have a step size of kAt.

« Sampling is k times faster.
« We trade image quality for speed.

50

Total amount of steps 4



Various Schedulers...

Elucidating the Design Space of Diffusion-Based
Generative Models

PSEUDO NUMERICAL METHODS FOR DIFFUSION
MODELS ON MANIFOLDS

Luping Liu, Yi R
Zhejiang Universi
{luping.liu,

Denoising
samples s
to thousan
successful
Improved
(e.g., Den
ation metH

Published as a conference paper at ICLR 2022

PROGRESSIVE DISTILLATION FOR FAST SAMPLING
OF DIFFUSION MODELS

Tim Salimans & Jonathan Ho
Google Research, Brain team
{salimans, jonathanho}@google.com

ABSTRACT

Diffusion models have recently shown great promise for generative modeling, out-
performing GANs on perceptual quality and autoregressive models at density es-
timation. A remaining downside is their slow sampling time: generating high
quality samples takes many hundreds or thousands of model evaluations. Here
we make two contributions to help eliminate this downside: First, we present new
parameterizations of diffusion models that provide increased stability when using
few sampling steps. Second, we present a method to distill a trained deterministic
diffusion sampler, using many steps, into a new diffusion model that takes half as
: Lo 1 ctore Ao tham oo 3 accivalyr . Qoo thic Aictillatin >

Choosing a different solver for the
given ODE can improve speed and
image quality.

Other numerical approaches such
as Heun's Method or Runge Kutta
solvers can be explored.

Knowledge distillation techniques
can be used for fast sampling.



Part 2 — Advanced Topics

Diffusion

"mouse" —
Model




Conditioning

1. Inference-time
1. Aninverse problem view
O Classifier guidance
2. DDIM inversion
O Interpolation
O Gradient guidance

2. Training-time
Scalar inputs
Text

Images
ControlNet
DreamBooth

aroobN-=



Inverse Problem

* We consider two random variables x and y.

« Suppose we know the forward process of generating y from x, represented by the transition
probability distribution p(y|x).

« We aim to solve the inverse problem p(x|y).

« With the Bayes' rule, we have

p(x|y) =p)p(y | x)/ [ p(x)p(y | x)dx

Like in score-based models, we take the gradient of the log

Image given the This is known This is the condition
condition (diffusion model €4) (classifier, ...)



Example: Classifier Guidance

We want a class-conditional diffusion model. We consider the gradient with respect to the input pixels.

Input image of class i
Xt

Classifier —— ¢ (i|x)
C

— Classifier _, c(x, 1)

Saliency map for class i

Time step t

V,.C(i|x)

https://corochann.com/library-release-visualize-saliency-map-of-deep-neural-network-644/



Classifier Guidance

We use the gradient to guide the generation process towards a desired class.
Diffusion €9(Tt,t) —p update —>
Model 1 ‘s
4{ Classifier C }

I

desired class i

Classifier

C C(ilxb t) - ch(ilxtr t)

l Guidance

Diffusion Model

V. C(ilxe)

‘ Gradient guidance is not restricted to classification models. Other models
(e.g., regression, segmentation, ...) work just in the same way.

Dhariwal, Prafulla, and Alexander Nichol. "Diffusion models beat gans on image synthesis." Advances in neural information processing systems 34 (2021): 8780-8794. 48



Classifier Guidance

goldfish

arctic fox
butterfly

African elephant

flamingo

tennis ball

Dhariwal, Prafulla, and Alexander Nichol. "Diffusion models beat gans on image synthesis." Advances in neural information processing systems 34 (2021): 8780-8794.

cheeseburger

fountain

balloon

tabby cat

lorikeet

agaric

49



How can we preserve information?

We might want to translate an image to another...

Add random noise Denoising process

i

Xo Xy,
« We add L steps of noise to an input image x,.
 The smaller L, the less the image can be changed.

* The higher L, the more information is destroyed.
# We need to find a way to keep the information of x,,.

# We consider Denoising Diffusion Implicit Models (DDIMSs).

50



DDIM Inversion

Under the DDIM sampling scheme, we remove the random component.

The connection to ordinary differential equations (ODEs) can be seen when we
rewrite the denoising step as

T+

1
vV Q-1 B

This can be interpreted as the Euler approximation of an ODE.
Given infinitely small steps t, the reversed ODE can then be solved with

| xr

Lt 1 — af_i_l
— = —+ —— —
\/Q:f—}—l V¢ Ct?f—l—l

iterative noise encoding iterative noise decoding
> LS

) ep(2e,1). Noise encoding

fort=0,..,T fort=T,..,0

Song, Jiaming, Chenlin Meng, and Stefano Ermon. "Denoising diffusion implicit models." arXiv preprint arXiv:2010.02502 (2020).
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l DDIM noise encoding

Linear Combination

52



DDIM Inversion & Gradient Guidance

Qutput

For L steps
Input Encoded Image Denoising with DDIM sampling
e R SRR T ‘scheme and gradient guidance

=

For L steps

Noise encoding with the
reversed DDIM sampling

gradient

=

|.
—)i Task-specific network

Classification Model

deswed Iabel Regression Model
Segmentation Model

I\ Example: age regression

Wolleb, Julia, et al. "The swiss army knife for image-to-image translation: Multi-task diffusion models." arXiv preprint arXiv:2204.02641 (2022). 53



Conditioning

1. Inference-time
1. Aninverse problem view
O Classifier guidance
2. DDIM inversion
O Interpolation
O Gradient guidance

2. Training-time

Scalar inputs
Text

Images
ControlNet
DreamBooth

aroobN-=




Scalar Conditioning via Spatial Addition

es-Block

W

Res-Block

 We train a class-conditional time t

diffusion model by including a
class label c.

* We compute a class embedding,

and pass it to the residual blocks :
by spatial addition. class ¢

Time embedding

/
ﬁ\“

Res-Block

class embedding

NH4

Res-Block

Nichol, Alexander Quinn, and Prafulla Dhariwal. "Improved denoising diffusion probabilistic models." International Conference on Machine Learning. PMLR, 2021.




Scalar Conditioning via Adaptive Group Normalization

class c time t
A A « Similar to StyleGAN, we add
class embedding Time embedding . . .

c. o, time and class mform.atlo.n
using a group normalization
layer.

- C

o o

> =

S N

T © . : .
5 £ - This happens in all residual

put —> | 5 | > h > 2|7 | e;GroupNorm(h) + e blocks of the U-Net.

> 2

S o

o o

L J

-+
First Layer of the Residual Block

Dhariwal, P., & Nichol, A. (2021). Diffusion models beat gans on image synthesis. Advances in neural information processing systems, 34, 8780-8794.



Image Conditioning through Concatenation

Colorization
« For image generation of a fake image x,
we can use a conditioning image y.
Inpainting
« This requires paired training.
Uncroooin * During training and sampling, we add
PPIng information of the conditioning image x
through channel-wise concatenation.

Decompression

Saharia, Chitwan, et al. "Palette: Image-to-image diffusion models." ACM SIGGRAPH 2022 Conference Proceedings. 2022.



Image Conditioning through Concatenation

Conditioning image

1 channel

C
Output image
U-Net
—> P Diffusion

Model

R 4 channels

Tt . Ti 1

3 channels 3 channels
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Palette: Image-to-Image Diffusion Models

Input .‘:.a.mple 1 Sample 2 Sa.mple 3 Sample 4 Orlgmal

Saharia, Chitwan, et al. "Palette: Image-to-image diffusion models." ACM SIGGRAPH 2022 Conference Proceedings. 2022.



Text Conditioning

— Diffusion Model =

"A small cactus wearing a straw
hat and neon sunglasses in the

Sahara desert." EIJ

: o

An alien octopus floats Text 5

« CLIP through a portal reading a encoder 2
. Dall-E newspaper. ;
=

Stable Diffusion

Imagen

Saharia, Chitwan, et al. "Photorealistic text-to-image diffusion models with deep language understanding." Advances in Neural Information Processing
Systems 35 (2022): 36479-36494. 60



Architecture - Conditioning

* Transformers Cross-Attention

« We use the text embedding to /

generate the key / value pair.

« We use the image embedding for

the query.

—

HEEE
EE—
— O111

> |

(1O |
o111 CTTTT1]
—-TTT] - [T T]
OO+ [OOII

Attention

scores

Jaegle et al (2022). Perceiver 10: A General Architecture for Structured Inputs & Outputs. In ICL.
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Text Conditioning

> UOHUINY /

Noisy latent / U-Net (with )
Te d % E
A— ext encoder m
—— Lol RS-l Uy Sy U S S ———
+ + ‘ + 4 % g_
- =]
t‘1 t'.’ t3 tn-f tr'| S
A A > I
§ = =
4 o m
: - = T e e et i =
» i it it it, 5 50 it o =4 =
2llo o
3 3
L I2 it izt? i2l3 A it A A Pl E A
4 ™
. . : _ : 2=
s it igty it P B it Time step = g
> o oty L4 Ihaty ot (S E
)
— it 5 s [ R |

Prompt embedding

Hertz, Amir, et al. "Prompt-to-prompt image editing with cross attention control." arXiv preprint arXiv:2208.01626 (2022).
https://deepsense.ai/diffusion-models-in-practice-part-1-the-tools-of-the-trade/

Predicted
noise
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Text Conditioning

Latent Seed
(Gaussian noise
~N{0,1)

User prompt
"An image of
strawberry sushi”

repeat N steps

|2 J
23
—» | U-Net with attention — — gg —
2 [
latent conditioned
latent
? Output image
CLIP Text
Encoder

text
embedding

https://deepsense.ai/diffusion-models-in-practice-part-1-the-tools-of-the-trade/

A brain riding a rocketship heading towards the moon. A dragon fruit wearing karate belt in the snow.

63


https://deepsense.ai/diffusion-models-in-practice-part-1-the-tools-of-the-trade/

ControlNet

il

[
. Residual Block
Altention Block

Conv Layer

ContrelNat

Conditioning_ e
linage éﬁﬁ
M inis

Timestep m

Linear Layer
|:| Down/Upsampling Block

Noisy intage —

=+ Noise

Timestep—

il Locked Pre-Trained Model

We pretrain a diffusion model with text prompts.

We freeze this model.

We fine-tune a copy conditioned on c.

We pass information through skip connections.

S —

zero convolution

X X E >?
l l g

neural network neural network trainable co
sk block (locked)n | : 24
: |
l : [ zero convolution
. : |
Yy T
Ye ControlNet

Zhang, Lvmin, Anyi Rao, and Maneesh Agrawala. "Adding conditional control to text-to-image diffusion models." Proceedings of the IEEE/CVF International Conference on Computer Vision. 2023.



ControlN

Prompt ¢, Time ¢

d l
Text Time
Encoder| | Encoder

—_— 1

et

Condition ¢

l

zero convolution

64x64

1
Output 6y (=, t, ¢, ¢f)

(a) Stable Diffusion

(b) ControlNet

Input z,
l Prompt&Time
|
SD Encoder Block A a8 ’ 3 (" SD Encoder Block A 3
64x64 64x64 (trainable copy)
\ [
‘{ SD Encoder Block B I 3 “ SD Encoder Block B ) 3
32x32 a 32x32 (trainable copy)
[ [
SD Encoder Block C I ‘3 SD Encoder Block C y
16x16 @ 16x16 (trainable copy)
SD Encoder 8 |x3 SD Encoder Block D %3
Block D 8=8 8x8 (trainable copy)
SD Middle 8 SD Middle Block
Block 8x8 8x8 (trainable copy)
zero convolution
SD Decoder 8lx3 .
Block D 8x8 ¢ zero convolution | x3
—[ D ezaets Bt € J x3 &———— zero convolution x3
16x16 £
\
—[ SD Decoder Block B a I %3 —— zero convolution x3
32x32
\
{ SD Decoder Block A &) ’ %3 zero convolution %3

conditioning image

Input (User Seribble)

B @ 7

Default

Automatic Prompt

“an elephant with background in the field”

User Prompt

“Egyptian elephant sculpture”
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DreamBooth

Personalized Text-to-Image

DreamBooth

Text-to-Image Personalized Text-to-Image Personalized Text-to-Image

Ruiz, N., Li, Y., Jampani, V., Pritch, Y., Rubinstein, M., & Aberman, K. (2023). Dreambooth: Fine tuning text-to-image diffusion models for subject-driven generation. CVPR
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DEMO - Conditioning

1. Scalar Conditioning
2. Classifier-free guidance
3. DDIM Inversion

1. Sanchez et al (2022). What is Healthy? Generative Counterfactual Diffusion for Lesion Localization. DGM4MICCAI 2022. arXiv:2207.12268



Conditional Unet

Context l

Noisy image —

Timestep—

> — Noise
. Residual Block Conv Layer
Attention Block Linear Layer

I:' Down/Upsampling Block
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Conditional Unet

from generative.networks.nets import DiffusionModelUNet
model = DiffusionModelUNet (

num_channels=[256, 256, 512],
attention levels=[False, True, True],
num_head channels=[0, 256, 512],

with conditioning=True,
cross_attention dim=768,

noise_pred = model(x=noisy_ image,
timesteps=timesteps,
context=conditioning)
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Classifier-free Guidance

| —
Noisy image— —> > al:[[l—% H A — — Noise
A

Timestep—; J

Attention Block Linear Layer
D Down/Upsampling Block

€9 (Xc|y) = €9(x¢|D) + wl€eg (x¢|y) — €9 (x¢|D)]

Ho, J., & Salimans, T. (2021). Classifier-Free Diffusion Guidance. In NeurlPS 2021 Workshop
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Classifier-free Guidance

def classifier free_guidance(noise, t, conditioning, w):
conditioning = torch.cat([torch.zeros(1), conditioning])
noise_input = torch.cat([noise] * 2)
model output = model(noise_input, timesteps=t, context=conditioning)
noise_pred_uncond, noise pred text = model output.chunk(2)

noise pred = noise_pred uncond + w * (noise pred text - noise_pred _uncond)

return noise_ pred



Noise Schedulers

from generative.networks.schedulers import
DDIMScheduler

1.0 1

0.8 1

081 scheduler = DDIMScheduler(

04 num_train_timesteps=1000,

02 beta schedule=“scaled linear",
o0 beta start=0.0005,
I beta_end=0.0195,

Timesteps t

)
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Training

for batch in train_loader:
# classes {1: unhealthy, 2: unhealthy}
images, classes = batch["image"], batch["classes"]
# dropout classes 15% of the time
classes = classes * (torch.rand like(classes) > 0.15)
optimizer.zero _grad(set _to none=True)

noise = torch.randn_like(images).to(device)
timesteps = torch.randint(@, scheduler.num_train_ timesteps, (images.shape[©0],))
noisy image = scheduler.add noise(original samples=images,

noise=noise,

timesteps=timesteps,)

noise pred = model(x=noisy image, timesteps=timesteps, context=classes)

loss = F.mse_loss(noise pred.float(), noise.float())
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Sampling — DDIM Inversion + Guidance

L = 200
conditioning = torch.zeros(1)
scheduler.set_timesteps(num_inference steps=1000)
current_img = batch["image"]
for t in range(L):
with torch.no_grad():
model output = model(current_img, timesteps=(t,), context=conditioning)

current_img, _ = scheduler.reversed step(model output, t, current_img)
latent space L = current_img

conditioning = torch.ones(1) # Manipulate to be healthy

noise = latent space L

for 1 in range(L):
t=L-1#+t goes from L -> ©
noise pred = classifier free_guidance(noise, t, conditioning, w)
noise, _ = scheduler.step(noise pred, t, noise)

image = noise



DEMO — Recap

1. Scalar Conditioning
2. Classifier-free guidance
3. DDIM Inversion

1. Sanchez et al (2022). What is Healthy? Generative Counterfactual Diffusion for Lesion Localization. DGM4MICCAI 2022. arXiv:2207.12268



Part 2 — Q&A
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Part 3 — Medical Image Applications

Image Registration
Image Reconstruction

Image Segmentation
Anomaly Detection

Inpainting
Image-to-Image Translation Image Synthesis



Image synthesis



-

The simple setup of the problem

- _ #‘i-

Real e | BN T, | Re Sy Synthetic

PAPERS

Pinaya et al (2022) Brain Imaging Generation with Latent Diffusion Models. MICCAI workshop

Kim et al. (2022) Diffusion Deformable Model for 4D Temporal Medical Image Generation. MICCAI

Khader et al. (2022) Medical Diffusion -- Denoising Diffusion Probabilistic Models for 3D Medical Image Generation. arXiv:2211.03364

Packhauser et al. (2022) Generation of Anonymous Chest Radiographs Using Latent Diffusion Models for Training Thoracic Abnormality Classification Systems. arXiv:2211.01323
Ali et al. (2022) Spot the fake lungs: Generating Synthetic Medical Images using Neural Diffusion Models. arXiv:2211.00902

Rouzrokh et al. (2022) Multitask Brain Tumor Inpainting with Diffusion Models: A Methodological Report. arXiv:2210.12113

Chambon et al (2022) Adapting Pretrained Vision-Language Foundational Models to Medical Imaging Domains. arXiv:2210.04133

Lyu et al. (2022) Conversion Between CT and MRI Images Using Diffusion and Score-Matching Models. arXiv:2209.12104

Ozbey et al. (2022) Unsupervised Medical Image Translation with Adversarial Diffusion Models. arXiv:2207.08208

Meng et al. (2022) A Novel Unified Conditional Score-based Generative Framework for Multi-modal Medical Image Completion. arXiv:2207.03430
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Why? Medical Image Data is Scarce

Privacy concerns | ==y | Limited data

Data Provider || Data Users




Use of Synthetic Data

A Full “private” training
1 Data augmentation
1 Test-time augmentation

1 Testing edge cases

Pinaya, Walter HL, et al. "Generative Al for Medical Imaging: extending the MONAI Framework." arXiv preprint arXiv:2307.15208 (2023).
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Evaluation of Synthetic Data

] Realism

1 Diversity

4 Privacy

1 Benchmark

Pinaya, Walter HL, et al. "Generative Al for Medical Imaging: extending the MONAI Framework." arXiv preprint arXiv:2307.15208 (2023).
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Generating high-resolution 3D brain data

 Latent Diffusion Models trained on
data from UK Biobank (N = 31,740)
= T1 MRI brain images with 1 mm?3 voxel
size (160 x 224 x 160 voxels)
* Conditioned on covariates, such as:
- Age
- Gender
- Ventricular and Brain volumes

1. Pinaya et al (2022). Brain Imaging Generation with Latent Diffusion Models. DOI:10.1007/978-3-031-18576-2_12
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Diffusion Model in the Latent Space

Latent Space

Y

Diffusion process

) 4

x(T —1)

7
|
X
|

Rombach, Robin, et al. "High-resolution image synthesis with latent diffusion models." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2022.



Fine-tuning Stable Diffusion

Input: Prompts

p
“Moderate bilateral

pleural effusions and
mild pulmonary edema.”

J

-
“1. No acute

cardiopulmonary process.
2. Stable torturous
dilated thoracic aorta.”
N

~

~
Random Conditional VAE Output: Synthetic
Gaussian Denoising Decoder CXR Images
Noise U-Net -

— e o o o o o o

RoentGen

e m m mm m— e e e omm m— E— ow—

Chambon, Pierre, et al. (2022) RoentGen: vision-language foundation model for chest x-ray generation. arXiv:2211.12737
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Unlabelled Pre-training

. S *-——— - - —
Lafgf!calg_Ul_l‘lf‘:bel"d Dass Encoder Pre-training Process ~ Fine-tuning Process ~ Shared Process
s g 1& R :
4' z{ ; Selective Augmentation Process Skip Connection
Sy Sy ——
- <T
Small-scale . Latent 20 Denoising U-Net €6 .
Labeled Dataset |_ x( 1)

= A

%t !

)

@

o

— ¢ Target Class
Label y

=E

Feature Synthetic Images
Extractor  Centroid Feature (After Selection)
Distance Selection

Predicted ___
Class Label

Latent Classifier

Class
Centroid

Auxiliary
Classifier

Ye, Jiarong, et al. (2023) Synthetic Augmentation with Large-scale Unconditional Pre-training. MICCAI
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Generating Segmentation Masks

— = - Adversarialloss
D‘mcn- -+ VGGloss
minator |
= = LI reconstruction loss
;— - KiLDHoss ——
I |
Spatial Spatial
VAE VAE )
encoder decoder
Input 3
segmentation .
Spatial latent

space

LDM
Model

| |
I
LOML]loss + — =1

e, E JV(U.].}

Adversarial loss

|
|
Discri-
Semantic minator
map
Ground truth
SAyIe Decoder Qutputimage
encoder —
|
I Modality-dataset
\‘n - / :l discriminator
| = e VGG loss
i '
Style latent SPADE | — — Featurematchingloss Predicted
el Model modality and
dataset
I |
I PO T . 1
= Modality and dataset _ B
'I_ — = —» Contrastiveloss discriminatorioss *
- KD ioss

Training pathway = = = =k Losses

= Inference pathway

Fernandez, V.et al. (2022, September). Can segmentation models be trained with fully synthetically generated data? MICCAI Workshop SASHIMI
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1.

Generation of Anonymous Chest Radiographs

.. (2) (4)
Original Patient Top-1 Classifier
training set retrieval training scan, training
(

1) .
Generative Anonymous
modeling training set

verification

w @) Patient different: keep

same: exclude

Fig. 1: Proposed privacy-enhancing image sampling strategy. Image taken from [1].

Infiltration Nodule

Mean AUC
N N ©
o o & O;

(o]
(8]

[ @Real BPGGAN @LDM |

81.6%

78.1%
71.9%

Data used to train the abnormality classifier

Fig. 2: Comparison of the classification performance of CheXNet.

T

Mass

Cardiomegaly

Fig. 3: Randomly selected images generated by the trained LDM. Images taken from [1].

Slides courtesy of Kai Packhauser

Packhauser et al (2022). Generation of Anonymous Chest Radiographs Using Latent Diffusion Models for Training Thoracic Abnormality Classification Systems. arXiv:2211.01323
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Privacy Distillation

/Data provider

Drear—{€5"* = Dsyntn —=Druc —|€g """
train sample filter train N
Re-identifiability
& Rerank

€

e

/

-

Release
N1/ user

distill

Potential \

use cases

Synthetic +
Classification

Anomaly
Detection

Fine-tune

small dataset/

Fernandez, V. et al (2023). Privacy Distillation: Reducing Re-identification Risk of Multimodal Diffusion Models. MICCAI Workshop DGM4MICCAI
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Synthetic Image Augmentation

F17k-9

Stanford
DDI

Real Data
Source

e’

32

64

128

256

s

# Real

Images

Synthetic-to-real ratio of 10:1

Inpainting

Text-to-
Image

In-then-
outpainting

Upsampling

Generation

N\

e —

Method

0 0%
Pre-trained
10x 20% SD
40%
25
X 60%
>0x % 80% Dream- QL
Booth
75x 100%
# Synthetic Class Finet
Images Imbalance Inetune

Performance
Metric

Sagers, Luke W, et al. (2023) Augmenting medical image classifiers with synthetic data from latent diffusion models. arXiv:2308.12453



Synthetic Data for Distribution Shifts

* Property
(e.g. patient age)
e "l
l"-.__..-r"'l |
|--.___.-'| el
IS— S—

Unlabelled data Labelled data

1. Train Diffusion Model using
labelled, weakly labelled and/or
unlabelled data

Sampled label
& Property
Targel joint e &
distribution ol :
labels amd : :
properiies , — il :

Synthetic data

2. Sample synthetic images to
create a synthetic dataset

! h -

S —— =’

Synthetic data Labelled data

3. Train downstream classifier
from labeled and synthetic data

Ktena, Ira, et al. (2023) Generative models improve fairness of medical classifiers under distribution shifts. arXiv:2304.09218.




Synthesising Rare Samples

Diffusion Process

€9 (L'I.‘h t, Yip), QH])

Embeddings
Buluonipuo)

Lt—1  Denoising Cond. UNet Lt

Sampling

Frisch, Yannik, et al. (2023) Synthesising Rare Cataract Surgery Samples with Guided Diffusion Models. Miccai 2023. 93



Image reconstruction



Setup

PAPERS

Song et al (2022) Solving Inverse Problems in Medical Imaging with Score-Based Generative Models. ICLR

Chung et al. (2022) Come-Closer-Diffuse-Faster: Accelerating Conditional Diffusion Models for Inverse Problems through Stochastic Contraction. CVPR
Luo et al. (2022) MRI Reconstruction via Data-Driven Markov Chains with Joint Uncertainty Estimation arxiv:2202.01479

Xie et al. (2022) Measurement-Conditioned Denoising Diffusion Probabilistic Model for Under-Sampled Medical Image Reconstruction. MICCAI
Peng et al. (2022) Towards Performant and Reliable Undersampled MR Reconstruction via Diffusion Model Sampling. MICCAI

Gungor et al. (2022) Adaptive Diffusion Priors for Accelerated MRI Reconstruction. arxiv:2207.05876

Cui et al. (2022) Self-Score: Self-Supervised Learning on Score-Based Models for MRI Reconstruction. Arxiv:2209.00835

Cao et al. (2022) High-Frequency Space Diffusion Models for Accelerated MRI. arxiv:2208.05481

Chung et al.(2022) Improving Diffusion Models for Inverse Problems using Manifold Constraints. arxiv:2206.00941

Chung et al. (2022) MR Image Denoising and Super-Resolution Using Regularized Reverse Diffusion. arxiv:2203.12621

Chung et al. (2021) Score-based diffusion models for accelerated MRI. MIA 2021

Hu et al. (2022) Unsupervised Denoising of Retinal OCT with Diffusion Probabilistic Model. arxiv:2201.11760

Gong et al (2022) PET image denoising based on denoising diffusion probabilistic models. arxiv:2209.06167
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Reconstruction with Data Consistency

An unconditional diffusion prior is trained on fully-sampled MR acquisitions

Reverze SDE

\, 2

Add a data consistency term at each sampling step:
X; — x; +AA (y — Ax;)
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MRI Reconstruction with Adaptive Diffusion

DC G}, DC Gy . Rapid Diffusion

4 I Ty 4 I
7k T—k

Gag

e

Reconstruction loss

-L(ea)=”Fﬁ:|%—an"l

Reconstruction loss

e 62) = s~ Pl

Reconstruction loss

e = e - P

Slides courtesy of Tolga Cukur

Undersampled Acquisition

Prior Adaptation

1. Gungor et al (2022). Adaptive Diffusion Priors for Accelerated MRI Reconstruction. arXiv:2207.05876. (https://github.com/icon-lab/AdaDiff)

Priors
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General Inverse Problems

y=A(xg) +n, y,ncR” xcR?

Algorithm 1 DPS - Gaussian Hnear ——

ReqUIreo N y, {C’L = 1?{5-i}'£i1
. LN NN(O I)
cfori =N —-1to0do

1
2
3
4:
5:
6
7
8
Y

S+ 39(331, i)

To — \/—(:131 + (1 6{1).§)

z~N(0,1)

/ ,/az’(l—ﬁfi_l) '\/ i— 161 ~
;1 < 1—a. :

!/
ri—1 <« ;1

- end for
 return X

~Y——x0+0i2z
0 % Non-linear

- C'z,v;nz Hy — A(mo) H2 (e) Phase retrieval

Chung, et al. (2022). Diffusion posterior sampling for general noisy inverse problems. ICLR
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Image registration



1.

DifftuseMorph

« To perform image registration along the
continuous trajectory

c
q
D l\ Diffusion
f t—|  network

. Diffusion network: To estimate a | —
conditional score function o

s YN

Train

‘ —
Deformation
network — — STL —
My =
¢

m(¢)

« Deformation network: To yield the
registration fields & provide the

Test

Condition Continuous image registration Continuous image generation

X ﬁ!=xg

deformed Image Algorithm 1 Continuous image registration Algorithm 2 Synthetic image generation process

1: Input: Conditional images, ¢ = (m, f)
1 2: Output: Deformed moving image, m(¢y)
Loss funCtIon 3: Set the latent feature ¢/ = G- (c. £,0)
4: for n € [0,1] do
] 5 o f
min Ldlff'llSlO’n (CI xt, t) + ALregist (m, f) ) €n 1€ y
GQJMl,D 6: O 4= My~ (m, &)
2 7: end for=
— Ldiffusion(c» Xt, t) - ]Ee,xt,t”GQ (C, xtr t) — 6”2 8: return m(¢,)

- Lregist(mr f) - _(m((p) X f) + AgbZ”VQb”Z

Slides courtesy of Boah Kim & Jong Chul Ye

Kim et al (2022). DiffuseMorph: Unsupervised Deformable Image Registration Along Continuous Trajectory Using Diffusion Models. ECCV 2022

Input: Conditional images, ¢ = (m, f)
Output: Synthetic deformed image, x
Set T € (0, Tirain)
Sample rr = /arm++/1 — are, where e~ N (0, 1)
fort=TT—-1,...,1 do
z~N(0,I)
Te_1 4 \/11_& (zr — \/iafat Go=(c, e, t)) + 0r2
end for
return g
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DifftuseMorph

* Intra-subject 3D cardiac MR image registration

y
2
Registration Deformation field & Soutinconsmge deormads 1_?@ Methods Dice Us| < 0 (%)
Initial 0.642 (0.188) -
= VM [1] 0.787 (0.113)  0.169 (0.109)
_ VM-diff [2] | 0.794 (0.104)  0.291 (0.188)
g Ours 0.802 (0.109)  0.161 (0.082)

QOurs

Slides courtesy of Boah Kim & Jong Chul Ye

1. Kim et al (2022). DiffuseMorph: Unsupervised Deformable Image Registration Along Continuous Trajectory Using Diffusion Models. ECCV 2022 101



Feature-wise Diffusion-Guided

Network Input Registration Network
Shared Registration l
— Encoder —7* pDecoder ——* i R
Eg Ry
Moving lmage m I Deformation Field ¢ Warped Image m(g)
Feature-wise Score-wise
Diffusion-Guided Diffusion-Guided
Module Module r
Intermediate Ld_ﬁ Lscorence
= Z if fuse
q(x|f) Fixed Image f fe""f-'"‘*’ 4 I
: Fixed Image f
Diffusion r e,
—*  Decoder . ek oy
Ga .o
Fixed Image P——
With Noise x, Diffusion Score § a)
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3 o4 o4 4
{F2,F3,F3) F3 (Fr. Fe. Fa } Fg Decoder
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= e Fe.Fg Ky
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| ] ndii

Qin et al. (2023) FSDiffReg: Feature-
wise and Score-wise Diffusion-guided
Unsupervised Deformable Image
Registration for Cardiac Images.

v L 4 L 3
Cross ’ Cross Cross
Attention 3 Adttention ¢ Attention
A 2 * = 3

!

Feature-wise . .
Diffusion-Guided ~ Miccai 2023
Module
—» > * *
z F; F2 F3 F}

b) 102



Image-to-Image translation



Setup

MRI Contrast Translation

Source Reference SynDiff cGAN MUNIT AttGAN SAGAN

{ . =2
j‘ -t
Y

Source Reference SynDiff AttGAN

Slides courtesy of Tolga Cukur

Ozbey et al (2022). Unsupervised Medical Image Translation with Adversarial Diffusion Models. arXiv:2207.08208. (https://github.com/icon-lab/SynDiff) 104



Medical Image Translation with Adversarial Diffusion

Modality A Modality B

SynDiff. an unsupervised diffusion model
for medical image translation

a) Non-Diffusive Module

* An adversarial diffusive module maps fast
source =» target

« A non-diffusive module with cycle-consistency
loss enables training on unpaired datasets

b) Diffusive Module

Slides courtesy of Tolga Cukur

Ozbey et al (2022). Unsupervised Medical Image Translation with Adversarial Diffusion Models. arXiv:2207.08208. (https://github.com/icon-lab/SynDiff) 105



Diffusion Models for Contrast Harmonization

Bad comparibility

3T

1.5T

for all slices b, of B with shape
i c{l, ..., n} and shape [hw] [n how]

Scan B of S Diffusion Model Scan Biyansformed

in contrast of T

|

stack all
. S —— slices x,_, for
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Durrer, Alicia, et al. "Diffusion Models for Contrast Harmonization of Magnetic Resonance Images." arXiv preprint arXiv:2303.08189 (2023).
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Contrast Harmonization Results

Input Ground Truth Diffusion Model Output

JTtolST

ISTto3T

Durrer, Alicia, et al. "Diffusion Models for Contrast Harmonization of Magnetic Resonance Images." arXiv preprint arXiv:2303.08189 (2023). .



3D Shapes from 2D Microscopy Images
@
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Waibel, D. J., Réell, E., Rieck, B., Giryes, R., & Marr, C. (2023, April). A diffusion model predicts 3d shapes from 2d microscopy images. In 2023 IEEE 20th International Symposium on Biomedical Imaging (ISBI) (pp. 1-5). IEEE.



3D with 2D model

Slice-wise Model
Denoising Autoencoder
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Zhu, Lingting, et al. (2023) Make-A-Volume: Leveraging Latent Diffusion Models for Cross-Modality 3D Brain MRI Synthesis. MICCAI 109



Inpainting

Examples from the community
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Point Cloud Diffusion Models for Implant Generation

Pe (Xe-11%¢, €o)

q(Xe|%_1)

« For automatic implant generation, we aim to complete a defective skull.

« The diffusion process is applied on a point cloud representation due to memory and computation time
restrictions.

« We condition the generation process on the skull with a defect.

Friedrich, Paul, et al. "Point cloud diffusion models for automatic implant generation.”" MICCAI 2023. 111



Point Cloud Completion
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Friedrich, Paul, et al. "Point cloud diffusion models for automatic implant generation.”" MICCAI 2023. 112



Image segmentation



-

Setup

' () conditionEncoder  (A) Attentive Mechanism
() Segmentation Encoder @ Addition
[ ) Segmentation Decoder

| A—

. - .— a I [| N
xr X Xt

Wolleb et al (2022). Diffusion Models for Implicit Image Segmentation Ensembles, MIDL 2022. arXiv:2112.03145

Guo et al (2022) Accelerating Diffusion Models via Pre-segmentation Diffusion Sampling for Medical Image Segmentation. arXiv:2210.17408
La Barbera et al. (2022) Anatomically constrained CT image translation for heterogeneous blood vessel segmentation. arXiv:2210.01713
Kim et al. (2022) Diffusion Adversarial Representation Learning for Self-supervised Vessel Segmentation. arXiv:2209.14566

Wu et al (2022) MedSegDiff: Medical Image Segmentation with Diffusion Probabilistic Model. arXiv:2211.00611

Rahman, Aimon, et al. (2023) Ambiguous medical image segmentation using diffusion models. CVPR

Bieder et al. (2023) Memory-Efficient 3D Denoising Diffusion Models for Medical Image Processing. Medical Imaging with Deep Learning
Rousseau et al. (2023) Pre-Training with Diffusion models for Dental Radiography segmentation. Miccai 2023
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Diffusion Models for Segmentation Mask Generation

> Diffusion
Model *

Equation () >
Ty T Tpht—1 Tph0
1 1 — 0%
) Tpt—1 NG ( — ) + o4z, with z (0,1)

The anatomical information is added by concatenating the input images b to the noisy segmentation mask in
every step t. ’

Wolleb et al (2022). Diffusion Models for Implicit Image Segmentation Ensembles, MIDL 2022. arXiv:2112.03145 115



Generation of Segmentation Ensembles

~ N(0,I)

Noise 1

Noise 2
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Segmentation n

Corresponding brain MR image b

—

Wolleb et al (2022). Diffusion Models for Implicit Image Segmentation Ensembles, MIDL 2022. arXiv:2112.03145
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3D Segmentation with PatchDDM
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00
X
i
o
Ch
N -
i
A}
!
N
Training

concat
_"'\\v,,-""
1)
A1
L
Y
L
F
I
r
)

Inference

8 x 2563 1 x 2563

 We add a position encoding in all 3 spatial dimensions.
« Training is on patches only, and saves memory and training time.
» Inference runs over the whole 3D volume.

Bieder et al. (2023) Memory-Efficient 3D Denoising Diffusion Models for Medical Image Processing. MIDL 117



Ambiguous Segmentation

Training . Inference

« Ambiguity Modelling
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diffusion model conditioning
on an input image.
Reverse Diffusion
b - Input image Xy - Segmentation mask with added noise X, - Segmentation masks of b X, , = Output from single time step
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Rahman, Aimon, et al. (2023) Ambiguous medical image segmentation using diffusion models. CVPR 118



Segmentation with Diffusion Pre-training
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Rousseau et al. (2023) Pre-Training with Diffusion models for Dental Radiography segmentation. MICCAI 2023
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Anomaly detection



The simple setup of the problem

Original Reconstruction Heatmap

PAPERS

Sanchez et al. (2022) What is Healthy? Generative Counterfactual Diffusion for Lesion Localization. MICCAI workshop

Pinaya et al (2022) Fast Unsupervised Brain Anomaly Detection and Segmentation with Diffusion Models. MICCAI

Wolleb et al (2022) Diffusion Models for Medical Anomaly Detection. MICCAI

Wyatt et al (2022) AnoDDPM: Anomaly Detection with Denoising Diffusion Probabilistic Models using Simplex Noise. CVPR workshop

Kascenas et al (2023) The role of noise in denoising models for anomaly detection in medical images. Medical Image Analysis

Behrendt, Finn, et al. (2023) "Patched diffusion models for unsupervised anomaly detection in brain mri." Medical Imaging with Deep Learning

Liang, Ziyun, et al. (2023) "Modality Cycles with Masked Conditional Diffusion for Unsupervised Anomaly Segmentation in MRL." arXiv preprint arXiv:2308.16150.

122



Unsupervised Anomaly Segmentation

 Latent Diffusion Model (LDM) learns the distribution
of healthy brain data

« Compression (Vector-Quantised VAE) scales for
high-resolution images LDM identify regions with
a low likelihood of being
Latent Space part of the healthy dataset

~|:|—{ Diffusion process }—|:|
Z

T
Denoising U-Net €9 Reverse/ denoising
i process is used to inpaint
~1Dd these regions and “heal”
> o 7 the possible anomalies

Pinaya et al (2022). Fast Unsupervised Brain Anomaly Detection and Segmentation with Diffusion Models. DOI:10.1007/978-3-031-16452-1_67 123



Anomaly Detection with Simplex Noise

Lo L

By B 6I

« Typical Gaussian noise is found to be
insuffient for anomaly detection.

» Therefore, we explore the use of simplex
noise for the corruption and sample
generation of medical images.

(a) Structures of simplex noise

simplex noise scale controls target anomaly size
Wyatt et al (2022) AnoDDPM: Anomaly Detection with Denoising Diffusion Probabilistic Models using Simplex Noise. CVPR workshop 124



Anomaly Detection with Coarse Noise
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Kascenas et al (2023) The role of noise in denoising models for anomaly detection in medical images. Medical Image Analysis 125



Anomaly Detection from Patches
Training .
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Behrendt, Finn, et al. (2023) "Patched diffusion models for unsupervised anomaly detection in brain mri." Medical Imaging with Deep Learning 126



Anomaly Detection from Modality Cycles

forward cyclic f
________ ™~ £
( mask collection M (® pixel-level multiplication
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Liang, Ziyun, et al. (2023) "Modality Cycles with Masked Conditional Diffusion for Unsupervised Anomaly Segmentation in MRI." arXiv preprint arXiv:2308.16150.
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Weakly Supervised Lesion Detection

« Goal: Pixel-wise anomaly detection using image-level labels only

= o

Unhealthy
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Weakly Supervised Lesion Detection

Unpaired image-to-image translation
Set of patients
affected by a
specific disease

Set of images of a
D — —_— healthy control

group

image of a patient healthy reconstruction difference

I 1
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Weakly Supervised Lesion Detection

Input Encoded noisy image

Anomaly Map

For L steps For L steps

Denoising with DDIM
—— sampling and classifier
guidance

\
/ \ ~

DDIM Gradient Guidance

Noise encoding with
reversed DDIM sampling

Set of patients
affected by a
specific disease

Set of images
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control group

Classification Model
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Wolleb et al (2022). Diffusion Models for Medical Anomaly Detection, MICCAI 2022. arXiv:2203.04306 130



Gradient Guidance

Input Encoded image Output Anomaly Map

For L steps:
Deterministic denoising
process with
gradient guidance

For L steps:
Deterministic noising
process

Diffusion Model J—» 69(:1:t,t) — update

Classification Model C
(healthy or diseased?)

\ desired class y V., C(y|zt, t) )
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Lesion Localization with Diffusion Models

1. DDIM Encoding - Empty condition

Classitier-iree guidance 5 pp|\ Decoding - Target class

Latent Space Heatmap

Counterfactual

Sanchez et al (2022). What is Healthy? Generative Counterfactual Diffusion for Lesion Localization. DGM4MICCAI 2022. arXiv:2207.12268



Image Reconstruction

Image Registration

Anomaly Detection
Image Segmentation
O O o o

Image-to-lmage Translation Image Synthesis
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Useful key references, gits to watch etc

e Surveys
» https://arxiv.org/abs/2209.02646
= https://arxiv.org/abs/2209.00796

 Github
» https://github.com/heejkoo/Awesome-Diffusion-Models

 Tutorial
» https://cvpr2022-tutorial-diffusion-models.github.io
» https://huggingface.co/blog/annotated-diffusion
» https://huggingface.co/docs/diffusers
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