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Tutorial Schedule

C Introduction [1:30pm-2:30pm] C Applications in Medical Imaging [4pm-5pm]
C What? Why? How? C Synthesis
C Understanding and Intuition G Reconstruction
C DEMO - MONAI Generative Models g g‘zgggﬁfn
Coding tutorial on DDPM C Inpainting
C Anomaly Detection
C Miscellaneous

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



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

o
Model family

Brain MRI

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



What? Generative Models

o
Model family

Density Estimation
n (W

Sampling
® DN

Unsupervised Representation Learning
anN oW



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
g4 (2[x)

likelihood -based models

i Require
A inductive bias to ensure a tractable
normalizing constant for likelihood

G(z)

Decoder ’

Flow

T )

" pe(xlz) [ X computation; or
A surrogate objectives to approximate
ML training.
Inverse ’
1@ 17
implicit generative models
1% Require adversarial training:

A notoriously unstable; leading to
A 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? Unprecedented Quality 1A dystopian mal

of volcanic lava, mysterious,
image containing secret
codeso

Arealistic photo of a
cybernetic Eagl eo

1. Realism
2. Control
3. Prior

Tribe taking a
selfie é 0

Images from ideogram.ai % and Midjourney B\




Why? Community Push

Companies
Big models and data

@ OpenAl

stability.ai

-
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D\ sitesene

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
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24%
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| Realism | : Control =
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MRI Optical based
I Nuclear Imaging B X-ray based

54%
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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

oy

Tt
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Convex
Combination
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How? Inference

Trained Model

oy

How the input can be a
step closer to an image?




Understanding and Intuition



Score Function

n (9

inae 1 1@

I Q2
11

15)
How to learn 1t?

Q w

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?

oy

‘e @ 11099

Diffusion Model Score

M Hired 1 10GD sA

N\

Forward Process
nwsg n O
Nn@sa - (VT o 1))
@ VT 9D Jp 17h fx°

Gaussian is a common perturbation

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



Diffusion Models Learn the Gradient
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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

@ V1D Jp 1Th fx mh i:

l Fourier Transform

@) v 9 Jyp 1.1 \

Slide inspired in CVPRs 2022 tutorial on diffusion models
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Noise

Snow Pixelate Mask Animorph Blur

Original

Gaussian Perturbation?

Reverse

» 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

C Perturbation process is a Stochastic Differential Equation (SDE)
C From complex to simple
C 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

C 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
uy =0 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(0max))
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(% 71”[(:'?2_'_1]) Omin — 0002, Tmax = 80
6 =107 6 =10""  omx = 100 1 = 0.001, Cz2 = 0.008 Oama =0.5,p=7

M = 1000

M =1000, j, = 8t

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

OO0 OO0

State-of-the-art models

Losses and supporting classes to
train models

Evaluation metrics
Tutorials
Pre-trained models

-pre-commit-config.yaml

CODE_OF_CONDUCT.md

Add file ~

ecurity Insights

Unwatch 21 ~

<> Code ~

O 415

Fork 42

About

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

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

from generative.networks.schedulers

import DDPMScheduler

scheduler = DDPMSchedule(
num_train_timesteps =1000,
beta schedule =2scaled 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 DataLoader

train_transform = transforms.Compose (

[

transforms.Loadlmaged (keys=["image" ]),

transforms.Lambdad (keys=[vy E [ A Afihc =lambda x: x[3, :, :, 1)),
transforms.AddChanneld (keys=["image" ]),
transforms.Scalelntensityd (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 ="TaskO1l 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

A
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 (0, scheduler.num_train_timesteps
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 ())
A

,( Images.shape [ 0],))



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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Part2 1 Advanced Topics

A Sampling Strategies

AConditioning Mechani s ms

Diffusion

"mouse" —
Model
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Basic Idea of Denoising Diffusion Models

— Diffusion Models Beat GANs on Image Synthesis e

Uk Prafulla Dhariwal* Alex Nichol* Wy
| OpenAl OpenAl |
prafulla@openai.com alex@openai.com
Abstract

A Thenoisingp ti—1, 31)

We show that diffusion models can achieve image sample quality superior to the
with forward 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
A The condilioqal image synthesis: we further improve sgmple ql{alily_with clfissiﬁer gl}id—

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,

A FOFthIS, We I . WENH 256x256. and 772 on ImaceNet S12%S512 and we match




Training Overview

A Wechoosearandomstepo™ 1iph8 HY8

A Weaddostepsof noiseto our inputimagew , andobtain a noisyimagew 8

A Ourmodelpredictsthe noisepattern/ T that needsto be subtractedfrom o, to predicta slightly
denoisedw

MSEloss




Fake Image Generation

synthetic image

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?

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

"Denoising diffusion probabilistic
models (DDPMs) have achieved high
guality 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.



