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Image Generation

e There have been numerous advancements in image generation
o VAEs

HVAEs

GANs

Normalizing Flows

etc.
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Motivation

e Denoising Diffusion Probabilistic Models (DDPM)

o Seminal paper on diffusion models in the image space

e Models the noise using a VAE
o There have been several approaches since, but we will cover what'’s in the paper



VAEs
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HVAEs (MHVAES)
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Three Key Differences

e The latent dimension is exactly equal to the data dimension

e The structure of the latent encoder at each timestep is not learned; it is
pre-defined as a linear Gaussian model. In other words, it is a Gaussian
distribution centered around the output of the previous timestep

e The Gaussian parameters of the latent encoders vary over time in such a way
that the distribution of the latent at final timestep T is a standard Gaussian



Intuition

TL;DR
e Sample a real image from the distribution of interest
e Forward:
o Over T steps (T=10007?) repeatedly inject sampled Gaussian noise until you get to a Gaussian
distribution

e Backward:
o Reverse this process by taking noise away such that image returns to original distribution on
original manifold
o  We do this via a neural network (more details later)



Analogy
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Diffusion Model
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Diffusion Model
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Figure from Ho et al. (2020)



U-Net
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U-Net

Contracting path

*  block consists of:

3x3 convolution
3x3 convolution
RelLU

max-pooling with stride of 2
(downsample)

¢ repeat the block N times,
doubling number of channels

Expanding path

¢ block consists of:

2x2 convolution (upsampling)

concatenation with contracting
path features

3x3 convolution
3x3 convolution
RelLU

* repeat the block N times, halving
the number of channels
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Diffusion Models

Latent Variable Models of the form:

po(Xo) = f po(Xo.1) dX1.7
Where: X]. yoo s 7XT

Are all latents of the same dimensionality of the data:

X ¥ Q(Xo)



Reverse Process

Po (X();T) ¢  Defined as Markov chain with
learned Gaussian transitions

p(XT) — N(XT; O, I) starting at
T

po(Xo.1) == p(Xr) H Po(Xt—1|xt)

Po (Xt—l |Xt) = N(Xt—1§ Ho (Xt, t)7 Ze(xt, t))



Forward Process

q(X1.7|X0)
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Adds noise according to a variance schedule Bigsas 3 Br



Optimize ME!

Training is optimizing the usual variational bound on negative log likelihood:
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We can rewrite the forward to make our lives easier!
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This makes the forward process tractable when conditioned to:
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Finally, a simple loss!!
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Implementation

Algorithm 1 Training Algorithm 2 Sampling
1: repeat 1: xr ~N(0, 1)
2: %o ~ q(xo0) 2: fort=T,...,1do
i: b= [’/{/I,l(léo?)n({l’ .oy T} 3: z~N(0,I)ift >1,elsez=0
e ’ i
5: Take gradient descent step on 4 Xt = \/% Xt — \}ﬁeg(xt,t)) + o1z
Vo ||e—eg(\/64txo+\/1 —&te,t)H2 5: end for
6: until converged 6: return X




Current Models (State of the Art)

Dall-E

Dall-E2

Sora

ImageGen
Latent Diffusion
Stable Diffusion
etc...



Links to Papers

e Understanding Diffusion Models: A Unified Perspective
e Denoising Diffusion Probabilistic Models
e The Annotated Diffusion Model



https://arxiv.org/pdf/2208.11970.pdf
https://arxiv.org/pdf/2006.11239.pdf
https://huggingface.co/blog/annotated-diffusion

