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Ç Introduction [1:30pm-2:30pm]

ÇWhat? Why? How?

Ç Understanding and Intuition

Ç DEMO - MONAI Generative Models

Coding tutorial on DDPM

ÇAdvanced Topics [2:30pm-3:30pm]

Ç Sampling Strategies

Ç Inference-time Conditioning

Ç Training-time Conditioning

Ç DEMO - MONAI Generative Models

DDIM Inversion + Classifier-free guidance

Tutorial Schedule
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Ç Applications in Medical Imaging [4pm-5pm]
Ç Synthesis

Ç Reconstruction

Ç Segmentation

Ç Registration

Ç Inpainting

Ç Anomaly Detection

Ç Miscellaneous

Ç Panel Discussion [5pm-6pm]

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?
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What? Generative Models

ὴ ᶰִי

Model family

▀ὴ , ὴ)

Brain MRI

ὭᶰρȟςȟȣȟȿὈȿ

ὼͯὴ

יִ = {VAE, GAN, NF, Diffusion Models }
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What? Generative Models

ὴ ᶰִי

Model family

Density Estimation

ὴ ὼ

Sampling

ὼ Ḑὴ

Unsupervised Representation Learning

ᾀᴺ ὴ ὼ



What? Generative models
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Figure by Lilian Weng

https://lilianweng.github.io/posts/2021-07-11-diffusion-models/

likelihood -based models 

implicit generative models

Require 

Å inductive bias to ensure a tractable 

normalizing constant for likelihood 

computation; or 

Å surrogate objectives to approximate 

ML training. 

Require adversarial training:

Å notoriously unstable; leading to 

Å mode collapse

diffusion models bypass both with neat tricks



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



Why? Unprecedented Quality

8
Images generated by these engines or taken from 

respective blogs. Copyright, unclear.

ñA dystopian male face made 

of volcanic lava, mysterious, 

image containing secret 

codesò

ñé

Tribe taking a 

selfie éò

ñrealistic photo of a 

cybernetic Eagleò

Images from ideogram.ai                 and Midjourney 

1.Realism

2.Control

3.Prior



Why? Community Push
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Companies
Big models and data

Open-Source
Ease of Use



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

Realism PriorControl



How? Training by Denoising

NN♪◄

◄
Ὕπ

MSE

ὼ

‭

‭ͯ ﬞ πȟ
ὸͯ πȟὝל

Convex 

Combination
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How? Inference

NN+

-

◄
Ὕπ

sample(      )
ὼ
ὼ

Trained Model

How the input can be a 

step closer to an image?



Understanding and Intuition
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Score Function
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ÌÏÇὴ Ø ÌÏÇὩ ÌÏÇὤ

ὴ Ø

​ÌÏÇὴ Ø ​Ὢ ὼ ​ÌÏÇὤ

π

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

Mixture of two Gaussians 

Score function (the vector field)

Density function (contours)

Ᵽꜗ

How to learn it?



Denoising Score Matching
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ⱣꜗØ ​ÌÏÇὴ Ø

Diffusion Model Score ὴ ØȿØ ὴ Ø

ὴ ØȿØ ﬞ ɻØȟρ ɻ

Ø ɻØ ρ ɻ‭ȟ ‭ͯ ﬞ πȟ

Gaussian is a common perturbation

ⱣꜗØ ​ÌÏÇὴ ØȿØ

Forward Process

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

How to learn the score?



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

ⱣꜗØ ​ÌÏÇὴ ØȿØ

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



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

Learning in low density regions



Diffusion Models Learn the Gradient

Sohl-Dickstein, J., Weiss, E., Maheswaranathan, N., & Ganguli, S. (2015). Deep unsupervised learning 

using nonequilibrium thermodynamics. In International Conference on Machine Learning.

​ὰέὫÐØ
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Figure by the author of the papers. 

Copyright rests with the authors.



Fourier Transform

20

Ø ɻØ ρ ɻ‭ȟ ‭ͯ ﬞ πȟ

ꞈØ ɻꞈØ ρ ɻꞈ‭

Slide inspired in CVPRs 2022 tutorial on diffusion models

Fourier Transform Small ὸ

Big ὸ



Gaussian Perturbation?
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[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.



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

Ç Perturbation process is a Stochastic Differential Equation (SDE)

Ç From complex to simple

Ç Allow different values for SDE modelling



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

Ç Samplers are discrete solutions of the reverse-time SDE



The Design Space
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Karras, T., Aittala, M., Aila, T., & Laine, S. (2022). Elucidating the design space of diffusion-based generative models. NeurIPs



Architecture ïReusing the classics,
and the SoTA

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

Unet!

Or transformers

Or VQ-VAEs

Oré
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Figure by the author of the papers. 

Copyright rests with the authors.



DEMO
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Allows researchers and developers to easily train, evaluate, 

and deploy generative models on medical imaging.



Ç State-of-the-art models

Ç Losses and supporting classes to 
train models

Ç Evaluation metrics 

Ç Tutorials

Ç Pre-trained models

Features
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U-Net Architecture
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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,

)



Noise Schedulers
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from generative.networks.schedulers

import DDPMScheduler

scheduler = DDPMScheduler(

num_train_timesteps =1000,

beta_schedule =Ƨscaled_linear " ,

beta_start =0.0005 ,

beta_end =0.0195 ,

)



3D - Preprocessing
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from monai import transforms

from monai.apps import DecathlonDataset

from monai.data import DataLoader

train_transform = transforms.Compose (

[

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

transforms.Lambdad ( keys =[ ʏÉÍÁÇÅƧ], 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 ="Task01_BrainTumour" , transform =train_transform , section ="training" , download=True

)

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



Training
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ƛ

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 ,( 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 ())

ƛ



Sampling Images
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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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Timestep [t]t=1000 t=0



Part 2 ïAdvanced Topics

ÅSampling Strategies

ÅConditioning Mechanisms

"mouse"
Diffusion 

Model
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Å The noisingprocessήisdefinedby a sequenceof normal distributions,

with forward processvariances‍ȟȣȟ‍ . 

Basic Idea of Denoising Diffusion Models

removenoise
Χ Χ

ὼπ ὼρ ὼς ὼὝ ὼρ ὼπ

Noisingprocessή Denoisingprocessὴ

Å The denoisingprocessὴ is learnedby the model: 

Å Forthis, we needto predict‘ and   .
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Training Overview

Å We choosea randomstepὸɴ πȟρȟȣȟὝȢ

Å Weaddὸstepsof noiseto our input imageὼ, and obtaina noisyimageὼȢ

Å Ourmodelpredictsthe noisepattern‭ that needsto besubtractedfromὼ, to predicta slightly

denoisedὼ .

U-Net

MSE loss

addnoise

36
36

36



Fake Image Generation
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ὼ

ὼ

Χ

ὼ ὔͯπȟἓ

ὼ

synthetic image

U-Net

Random component



DDPM Scheduler
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Schedulers: How to Accelerate Sampling?

"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.


