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Introduction on generative models



What is a generative model ?

Image extracted from Charles Deledalle’s slides.Émile Pierret, supervised by Bruno Galerne Introduction to diffusion models for image generation and inpainting July, 5th 3 / 64



Previously in the working group...

22/09 : Variational Auto-Encoder (VAE):

Image extracted from https://medium.com/@elzettevanrensburg/

generating-the-intuition-behind-variational-auto-encoders-vaes-c7d2f8631a87
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Previously in the working group...

25/10: Generative Aversarial Netowrk (GAN):

Image extracted from https://www.microsoft.com/en-us/research/blog/

how-can-generative-adversarial-networks-learn-real-life-distributions-easily/
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Main idea
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To the diffusion models

Image extrated from [Xiao et al., 2022]1

• Dhariwal, P., & Nichol, A. (2021). Diffusion models beat GANs on image synthesis. Advances in Neural

Information Processing Systems
1Xiao, Z., Kreis, K., & Vahdat, A. (2022). Tackling the generative learning trilemma with denoising diffusion GANs. International Conference on Learning Representations
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Presentation of the diffusion models



Samples from diffusion models

Images extracted from [Dhariwal and Nichol, 2021]2 from a model trained on ImageNet.

2Dhariwal, P., & Nichol, A. (2021). Diffusion models beat GANs on image synthesis. Advances in Neural Information Processing Systems
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Home-made with the code of Lugmayr et al., 20223

NB: 100s for 10 samples.

3Lugmayr, A., Danelljan, M., Romero, A., Yu, F., Timofte, R., & Van Gool, L. (2022). RePaint: Inpainting using denoising diffusion probabilistic models. RePaint
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Stable diffusion4

A young mathematician presenting diffusion models to his colleagues

4https://huggingface.co/spaces/stabilityai/stable-diffusion
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Stable diffusion5

A young mathematician sadly discovers that he should study stochastic differential equations for his thesis.

5https://huggingface.co/spaces/stabilityai/stable-diffusion
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Image extracted from [Y. Song et al., 2023]

Émile Pierret, supervised by Bruno Galerne Introduction to diffusion models for image generation and inpainting July, 5th 12 / 64



The forward process

pdata p1
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The forward process

pdata p2
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The forward process

pdata p3
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The forward process

pdata p4
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The forward process

pdata p5
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The forward process

pdata p6
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The forward process

pdata p7
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2.1. The forward process
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The forward process

Let x P R3ˆMˆN be an image, sample from pdata. We denote p0 :“ pdata.

Our objective is to transform p0 into pT « N p0, Iq with T steps. I will present the process presented in DDPM

[Ho et al., 2020]6.

Let pβtq0ďtďT be an increasing sequence of real numbers in r0, 1s. Let αt “ 1 ´ βt, we would like to construct

pxtq0ďtďT . For all t ě 1,

xt “
a

1 ´ βtxt´1 `
a

βtεt, with εt „ N p0, Iq

Denoting αt “ 1 ´ βt

xt “
?
αtxt´1 `

?
1 ´ αtεt, with εt „ N p0, Iq

Other formulation:

xt „ N pxt;
?
1 ´ αtxt´1, βtIq

6Ho, J., Jain, A., & Abbeel, P. (2020). Denoising diffusion probabilistic models. Advances in Neural Information Processing Systems
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The forward process

Denoting αt “
śt

s“1 αs, For t ě 1,

xt „ N pxt;
?
αtx0, p1 ´ αtqIq

In other words, xt can be expressed as

xt “
?
αtx0 `

?
1 ´ αtzt, with zt „ N p0, Iq

Example:

If x1 “
?
α1x0 `

?
1 ´ α1ε1,

x2 “
?
α2x1 `

?
1 ´ α2ε2

“
?
α2

?
α1x0 `

?
α2

?
1 ´ α1ε1 `

?
1 ´ α2ε2

“
?
α2x0 ` p

?
1 ´ α1ε1 `

?
1 ´ α2ε2q

And:

p
?
1 ´ α1ε1 `

?
1 ´ α2ε2q „ N p0, α2p1 ´ α1q ` 1 ´ α2q “ N p0, 1 ´ α2q
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The forward decomposition

The forward decomposition is:

qpx0:T q “ qpx0q

T
ź

t“1

qpxt | xt´1q

And we denote pt the law of xt.

To keep in mind: Conditioning on x0, all is possible.
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2.2. The backward process
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The backward process

qpxt´1 | x0,xtq is tractable.

For example, see [Bishop, 2006]7

xt´1 „ N pxt´1; µ̃tpxt,x0q, β̃tIq

with µ̃tpxt,x0q “

?
αt´1

1 ´ αt
βtx0 `

?
αtp1 ´ αt´1q

1 ´ αt
xt

β̃t “
1 ´ αt´1

1 ´ αt
βt

7Bishop, C. M. (2006). Pattern recognition and machine learning (Vol. 4). Springer
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The backward probability pθ

pθpx0:T q “ pθpxT q

T
ź

t“1

pθpxt´1 | xtq

We will suppose that pθpxt´1 | xtq is Gaussian. [Feller, 1949]8.

This can be also explained in the discrete case by [De Bortoli et al., 2021]9.

pθpxt´1 | xtq “ N pµθpxt, tq,Σθpxtqq

8Feller, W. (1949). On the theory of stochastic processes, with particular reference to applications. Proceedings of the [First] Berkeley Symposium on Mathematical Statistics and Probability

9De Bortoli, V., Thornton, J., Heng, J., & Doucet, A. (2021). Diffusion schrödinger bridge with applications to score-based generative modeling. Advances in Neural Information Processing

Systems
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Derivation of the ELBO [Sohl-Dickstein et al., 2015]

log pθpx0q “ log

ż

pθpx0:T qdx1:T

“ log

ż

pθpx0:T q

qpx1:T | x0q
qpx1:T | x0qdx1:T

ě

ż

log
pθpx0:T q

qpx1:T | x0q
qpx1:T | x0qdx1:T by Jensen’s inequality

Consequently,

Ex0„p0 rlog pθpx0qs ě

ż ż

log
pθpx0:T q

qpx1:T | x0q
qpx1:T | x0qqpx0qdx1:T dx0

“

ż

log
pθpx0:T q

qpx1:T | x0q
qpx0:T qdx0:T

“ Ex0:T „q

„

log
pθpx0:T q

qpx1:T | x0q

ȷ
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Derivation of the ELBO [Sohl-Dickstein et al., 2015]

By the forward and the backward decompositions,

log
pθpx0:T q

qpx1:T | x0q
“ log

«

pθpxT q

T
ź

t“1

pθpxt´1 | xtq

qpxt | xt´1q

ff

“ log pθpxT q `

T
ÿ

t“1

log
pθpxt´1 | xtq

qpxt | xt´1q

Consequently:

Ex0„p0 rlog pθpx0qs

ě Ex0:T „q rlog pθpxT qs `

T
ÿ

t“1

Ex0:T „q

„

log
pθpxt´1 | xtq

qpxt | xt´1q

ȷ

“ Ex0:T „q rlog pθpxT qs `

T
ÿ

t“2

Ex0:T „q

„

log
pθpxt´1 | xtq

qpxt | xt´1,x0q

qpxt´1 | x0q

qpxt | x0q

ȷ

` Ex0:T „q

„

log
pθpx0 | x1q

qpx1 | x0q

ȷ

“ Ex0:T „q

„

log
pθpxT q

qpxT | x0q

ȷ

`

T
ÿ

t“2

Ex0:T „q

„

log
pθpxt´1 | xtq

qpxt | xt´1,x0q

ȷ

` Ex0:T „q rlog pθpx0 | x1qs
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Derivation of the ELBO [Sohl-Dickstein et al., 2015]

For 2 ď t ď T ,

Ex0:T

„

log
pθpxt´1 | xtq

qpxt | xt´1,x0q

ȷ

“ ´

ż

log

ˆ

qpxt´1 | xt,x0q

pθpxt´1 | xtq

˙

qpx0:T qdx0:T

“ ´

ż

log

ˆ

qpxt´1 | xt,x0q

pθpxt´1 | xtq

˙

qpx0,t´1,tqdx0,t´1,t

“ ´

ż

log

ˆ

qpxt´1 | xt,x0q

pθpxt´1 | xtq

˙

qpxt´1 | xt,x0qqpxt,x0qdx0,t´1,t

“ ´

ż
ˆ

ż

log

ˆ

qpxt´1 | xt,x0q

pθpxt´1 | xtq

˙

qpxt´1 | xt,x0qdxt´1

˙

qpxt,x0qdx0,t

“ ´Ext,x0„q rDKL pqpxt´1 | xt,x0q}pθpxt´1 | xtqqs
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Derivation of the ELBO [Sohl-Dickstein et al., 2015]

Finally,

Ex0„p0 rlog pθpx0qs

ě ´Ex0 rDKLpqpxT | x0q}pθpxT qqs ´

T
ÿ

t“2

Ext,x0„q rDKL pqpxt´1 | xt,x0q}pθpxt´1 | xtqqs

` Ex0,x1 rlog pθpx0 | x1qs
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For 2 ď t ď T , we are looking for DKL pqpxt´1 | xt,x0q}pθpxt´1 | xtqq,

By [Zhang et al., 2021]10,

DKLpN pµ1,Σ1q,N pµ2,Σ2qq “
1

2

„

log
|Σ2|

|Σ1|
` TrpΣ´1

2 Σ1q ` pµ2 ´ µ1q
TΣ´1

2 pµ2 ´ µ1q ´ n

ȷ

As a reminder,

xt´1 „ N pxt´1; µ̃tpxt,x0q, β̃tIq

If we suppose that pθpxt´1 | xtq “ N pµθpxt, tq,Σθpxt, tqq and Σθpxt, tq “ β̃tI,

DKL pqpxt´1 | xt,x0q}pθpxt´1 | xtqq “
1

2β̃2
t

}µ̃tpxt, x0q ´ µθpxt, tq}
2

10Zhang, Y., Liu, W., Chen, Z., Li, K., & Wang, J. (2021). On the properties of kullback-leibler divergence between gaussians. CoRR, abs/2102.05485. https://arxiv.org/abs/2102.05485
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For t “ T , Ex0 rDKLpqpxT | x0q}pθpxT qqs is neglected because

qpxT | x0q “ N pEpx0q,
?
1 ´ αT Varpx0qq « N p0, Iq

For t “ 0, µthetapx1, 1q is penalized to obtain data images in r0, 1s

The loss is finally,

Lpθq “

T
ÿ

t“2

1

2β̃2
t

}µ̃tpxt, x0q ´ µθpxt, tq}
2

´ Ex0,x1 rlog pθpx0 | x1qs

Problem: This loss is difficult to train, even for 2D distribution (see tutorials at this url11)

11https://github.com/acids- ircam/diffusion models
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Solution:

Denoting xt “
?
αtx0 `

?
1 ´ αtε with εt „ N p0, Iq,

Lt´1 “ Ex0,ε

«

1

2σ2
t

›

›

›

›

1
?
αt

ˆ

xtpx0, εq ´
βt

?
1 ´ αt

ε

˙

´ µθpxtpx0, εq, tq

›

›

›

›

2
ff

.

µθpxt, tq “
1

?
αt

ˆ

xtpx0, εq ´
βt

?
1 ´ αt

εθpxt, tq

˙

ðñ

εθpxt, tq “

?
1 ´ αt

βt
pxt ´

?
αtµθpxt, tqq

Lt´1 “ Ex0,ε

„

β2
t

2σ2
tαtp1 ´ αtq

}ε ´ εθpxtpx0, εqq}
2

ȷ

.

Lsimplepθq “ Et,x0,ε

“

}ε ´ εθpxtpx0, εq, tq}
2
‰

.

To convince yourself: Residual learning for denoiser.
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}ε ´ εθpxtpx0, εq, tq}
2
‰

.

To convince yourself: Residual learning for denoiser.
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Discrete backward process

The backward process becomes:

xT „ N p0, Iq

xt´1 “
1

?
αt

ˆ

xt ´
1 ´ αt

?
1 ´ αt

εθpxt, tq

˙

` β̃tzt with zt „ N p0, Iq

Ho et al., 2020 has the same results with:

xT „ N p0, Iq

xt´1 “
1

?
αt

ˆ

xt ´
1 ´ αt

?
1 ´ αt

εθpxt, tq

˙

` βtzt with zt „ N p0, Iq

As a reminder,β̃t “
1´αt´1

1´αt
βt
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Lpθq “ Et„r1,T s,x0,ϵt

”

}ϵt ´ ϵθpxt, tq}
2
ı

“ Et„r1,T s,x0,ϵt

”

}ϵt ´ ϵθp
?
ᾱtx0 `

?
1 ´ ᾱtϵt, tq}

2
ı
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Some implementation tricks: Exponential Moving Average (EMA)

During the training, for each training step,

θ̃n`1 “ p1 ´ µqθn`1 ` µθn

with µ “ 0.9 for example.
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Time representation

Network architecture: UNET

Time representation: sinusoidal positional embeddings or random Fourier features and the network is a U-NET.
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2.3. The continuous framework
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Image extracted from [Y. Song et al., 2023]
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Study of the continuous framework [Y. Song et al., 2023]12

12Song, Y., Sohl-Dickstein, J., Kingma, D. P., Kumar, A., Ermon, S., & Poole, B. (2023). Score-based generative modeling through stochastic differential equations. International Conference on

Learning Representations
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SDE in one slide

What means dxt “ bpt,xtqdt ` σptqdwt ?

xt “ x0 `

ż t

0

bps,xsqds `

ż t

0

σpsqds

Discretly,

xpt ` ∆tq ´ xptq « ∆tbpt,xptqq ` σptq
?
∆tξt, with ξt „ N p0, Iq
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Émile Pierret, supervised by Bruno Galerne Introduction to diffusion models for image generation and inpainting July, 5th 36 / 64



Continuous framework

Forward process: Let pxtq0ďtď1 be a diffusion process verifying the SDE:

dxt “ bpt,xtqdt ` σptqdwt

where pwtq0ďtď1 is a standard Brownian motion.

Example:

dxt “ ´
1

2
βptqxtdt `

a

βptqdwt

xpt ` ∆tq “ xt ´
1

2
βptq∆txt `

a

βptq∆tεt

“ p1 ´
1

2
βptq∆tqxt `

a

βptq∆tεt

«
a

1 ´ βptq∆txt `
a

βptq∆tεt

«
a

1 ´ βtxt `
a

βtzt

It is DDPM ! With βt “ ∆tβ
`

t
T

˘
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Émile Pierret, supervised by Bruno Galerne Introduction to diffusion models for image generation and inpainting July, 5th 37 / 64



Continuous framework

Forward process: Let pxtq0ďtď1 be a diffusion process verifying the SDE:

dxt “ bpt,xtqdt ` σptqdwt

where pwtq0ďtď1 is a standard Brownian motion. Example:

dxt “ ´
1

2
βptqxtdt `

a

βptqdwt

xpt ` ∆tq “ xt ´
1

2
βptq∆txt `

a

βptq∆tεt

“ p1 ´
1

2
βptq∆tqxt `

a

βptq∆tεt

«
a

1 ´ βptq∆txt `
a

βptq∆tεt

«
a

1 ´ βtxt `
a

βtzt

It is DDPM ! With βt “ ∆tβ
`

t
T

˘
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Émile Pierret, supervised by Bruno Galerne Introduction to diffusion models for image generation and inpainting July, 5th 37 / 64



Continuous framework

Forward process: Let pxtq0ďtď1 be a diffusion process verifying the SDE:

dxt “ bpt,xtqdt ` σptqdwt

where pwtq0ďtď1 is a standard Brownian motion. Example:

dxt “ ´
1

2
βptqxtdt `

a

βptqdwt

xpt ` ∆tq “ xt ´
1

2
βptq∆txt `

a

βptq∆tεt

“ p1 ´
1

2
βptq∆tqxt `

a

βptq∆tεt

«
a

1 ´ βptq∆txt `
a

βptq∆tεt

«
a

1 ´ βtxt `
a

βtzt

It is DDPM ! With βt “ ∆tβ
`

t
T

˘
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Question from [Pardoux, 1986]13: Is there b, σ such that xt “ x1´t is solution of the reverse SDE:

dxt “ bpt,xtqdt ` σptqdwt

Backward process: Under certain assumptions, xt is a weak solution of the following SDE, backward in time:

dxt “
“

bpt,xtq ´ σptq2∇x log ptpxtq
‰

dt ` σptq b dpwt

with pwt “ wt ´ w1 ´
ş1

t
∇ log pspxsqds which is a backward Brownian motion adapted to the filtration

σpxt Y tws ´ wt, t ď s ď 1uq

That means:
bpt,xtq “ ´bp1 ´ t,xtq ´ σp1 ´ tq2∇x log p1´tpxq

σptq “ ´σp1 ´ tq

wt “ w1´t ´ w1 ´

ż 1

1´t

∇ log pspxsqds

13Pardoux, E. (1986). Grossissement d’une filtration et retournement du temps d’une diffusion. In J. Azéma & M. Yor (Eds.), Séminaire de probabilités xx 1984/85 (pp. 48–55). Springer Berlin

Heidelberg
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Heidelberg
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Link with the discrete case

xt «
?
αtx0 `

?
1 ´ αtεθpxt, tq and:

qpxt | x0q9 exp

ˆ

´
}xt ´

?
αtx0}

2

2p1 ´ αtq

˙

∇ log qpxt | x0q “ ´
xt ´

?
αtx0

1 ´ αt
« ´

εθpxt, tq

1 ´ αt

Consequently, ´
εθpxt,tq

1´αt
minimizes Ex0

`

}∇ log qpxt | x0q ´ X}
2
˘

and, sθpxt, tq “ ´
εθpxt,tq

1´αt
« ∇ log qpxtq

xt´1 “
1

?
αt

pxt ` p1 ´ αtqsθpxt, tqq ` β̃tzt with zt „ N p0, Iq

This is well explained in [Chung et al., 2022]14

14Chung, H., Sim, B., Ryu, D., & Ye, J. C. (2022). Improving diffusion models for inverse problems using manifold constraints. Advances in Neural Information Processing Systems (NeurIPS)
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DDPM

With bpt,xq “ ´ 1
2
βptqx, σptq “

a

βptq,

xt “
“

bpt,xtq ´ σptq2∇x log ptpxq
‰

dt ` σptqdwt

becomes:

dxt = 1
2
βptqxdt ´βptq∇x log ptpxqdt

a

βptqdwt

xt´1 “ 1?
1´βt

xt `
βt?
1´βt

sθpxt, tq β̃tzt

And 1?
1´βt

« 1 ` 1
2
βt,

βt?
1´βt

« βtp1 ` 1
2
βtq « βt
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To other approaches

Can be applied to other SDE as the model SMLD [Y. Song and Ermon, 2019]15 where dxt “

b

drσ2ptqs

dt
dwt

15Song, Y., & Ermon, S. (2019). Generative modeling by estimating gradients of the data distribution. Advances in Neural Information Processing Systems
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To other approaches

To a SDE dxt “ fpxt, tqdt ` gptqdwt can be associated an ODE: dx “
“

fpx, tq ´ 1
2
gptq2∇x log ptpxq

‰

dt

Image extracted from [Y. Song et al., 2023]16

16Song, Y., Sohl-Dickstein, J., Kingma, D. P., Kumar, A., Ermon, S., & Poole, B. (2023). Score-based generative modeling through stochastic differential equations. International Conference on

Learning Representations

Émile Pierret, supervised by Bruno Galerne Introduction to diffusion models for image generation and inpainting July, 5th 42 / 64



2.4. Conclusion
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Conclusion

• Speed-up the convergence. [De Bortoli et al., 2021]17, [Dhariwal and Nichol, 2021]18

• The data distribution does not have density Bortoli, 202219

• Not presented here: DDIM [J. Song et al., 2021]20.

• Interesting tutorials: Song’s code: https://github.com/yang-song/score sde, 2D models:

https://github.com/acids-ircam/diffusion models/tree/main

• Reading recommendation : [Ho et al., 2020]21, [Y. Song et al., 2023]22

17De Bortoli, V., Thornton, J., Heng, J., & Doucet, A. (2021). Diffusion schrödinger bridge with applications to score-based generative modeling. Advances in Neural Information Processing

Systems

18Dhariwal, P., & Nichol, A. (2021). Diffusion models beat GANs on image synthesis. Advances in Neural Information Processing Systems

19Bortoli, V. D. (2022). Convergence of denoising diffusion models under the manifold hypothesis. Transactions on Machine Learning Research

20Song, J., Meng, C., & Ermon, S. (2021). Denoising diffusion implicit models. International Conference on Learning Representations

21Ho, J., Jain, A., & Abbeel, P. (2020). Denoising diffusion probabilistic models. Advances in Neural Information Processing Systems

22Song, Y., Sohl-Dickstein, J., Kingma, D. P., Kumar, A., Ermon, S., & Poole, B. (2023). Score-based generative modeling through stochastic differential equations. International Conference on

Learning Representations
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Presentation of RePaint



Introduction

Various approaches:

• Re-train a score-based model. [Saharia et al., 2022]23

• Classifier quidance method. [Y. Song et al., 2023]24

• The replacement method, presented today. [Lugmayr et al., 2022]25,[Chung et al., 2022]26

• Pseudo-inverse reasonning [Choi et al., 2021]27

23Saharia, C., Ho, J., Chan, W., Salimans, T., Fleet, D. J., & Norouzi, M. (2022). Image super-resolution via iterative refinement. IEEE Transactions on Pattern Analysis and Machine Intelligence

24Song, Y., Sohl-Dickstein, J., Kingma, D. P., Kumar, A., Ermon, S., & Poole, B. (2023). Score-based generative modeling through stochastic differential equations. International Conference on

Learning Representations

25Lugmayr, A., Danelljan, M., Romero, A., Yu, F., Timofte, R., & Van Gool, L. (2022). RePaint: Inpainting using denoising diffusion probabilistic models. RePaint

26Chung, H., Sim, B., Ryu, D., & Ye, J. C. (2022). Improving diffusion models for inverse problems using manifold constraints. Advances in Neural Information Processing Systems (NeurIPS)

27Choi, J., Kim, S., Jeong, Y., Gwon, Y., & Yoon, S. (2021). ILVR: Conditioning method for denoising diffusion probabilistic models. ILVR
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Diverse impaiting

Let suppose that x „ pdata, we suppose that there exists a mask m such that mx is known.

Objective: Sample x conditioned on mx “ y.

Example:

x y “ mx
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How to build a conditional diffusion model ? Y. Song et al., 2023

Let denote m “ 1 ´ m

Objective: Sample x0 conditioned on mx0 “ y.

Let suppose that we know a diffusion model for x0 „ pdata.

We would like to model the evolution of zt “ mxt for the forward and the backward processes.

The forward process is:

dzt “ ´
1

2
βptqztdt `

a

βptqdwt

The reversed SDE is conditionned on mx0 “ y and becomes:

dzt “

„

´
1

2
βptqzt ´ βptq∇z log p pzt | mx0 “ yq

ȷ

dt `
a

βptqdwt

Problem: ∇z log pt pzt | mx0 “ yq is not tractable.
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Let denote m “ 1 ´ m

pt rzt | mx0 “ ys

“ pt rmxt | mx0 “ ys

“

ż

pt rmxt | mx0 “ y,mxts pt rmxt | mz0 “ ys dpmxtq

“ Eptrmxt|mx0“ys

´

pt rmxt | mx0 “ y,mxts

¯

« Eptrmxt|mx0“ys

´

pt rmxt | mxts

¯

« pt rmxt | mxts

Now,

log pt pxtq “ log pt pmxt,xtq “ log pt pmxt | mxtq ` log pt pmxtq

Thus,

∇z log pt pmxt | mxtq “ ∇mx log pt pxtq “ m∇x log pt pxtq

Consequently, the approached backward SDE becomes:

dzt “

„

´
1

2
mβptqxt ´ mβptq∇x log pt pxtq

ȷ

dt `
a

βptqdwt
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How to build a conditional diffusion model ?

Image extracted from [Lugmayr et al., 2022]28

28Lugmayr, A., Danelljan, M., Romero, A., Yu, F., Timofte, R., & Van Gool, L. (2022). RePaint: Inpainting using denoising diffusion probabilistic models. RePaint
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Pseudo-code

1. Input: A masked image mx “ y

2. Sample xT „ N p0, Iq

3. For t “ T, . . . , 1

4. Sample ε „ N p0, Iq

5. xknown
t´1 “

?
αty ` p1 ´ αtqε

6. Sample z „ N p0, Iq if t ą 1 else z “ 0

7. xunknown
t´1 “ 1

?
αt

´

xt ´
βt?
1´αt

εθpxt, tq
¯

` σtz

8. xt´1 “ m d xknown
t´1 ` p1 ´ mq d xunknown

t´1

9. Output: x0

• xknown
t´1 is resampled at each step knowing:

xt´1 „ N p
?
αtx0, p1 ´ αtqIq
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Let’s try it
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Let’s try it
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Time schedule

j “ 100

r “ 10

1. For each group of times of size j

2. Do r times:

3. For s “ T, . . . , T ´ j

4. Do the backward from s to s ´ 1

5. For s “ T ´ j, . . . , T

6. Do the forward from s to s ` 1

7. For s “ T, . . . , T ´ j

8. Do the backward from s to s ´ 1
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Learned variance

Problem: From 1000 steps to 18820 steps with j “ r “ 10

In DDPM, there are two choices for the variance schedule of the backward process: βt of β̃t. Nichol and

Dhariwal, 2021 proposes to learn the variance as

Σθpx, tq “ exp
”

v logpβtq ` p1 ´ vq logpβ̃tq

ı

This reduces the number of steps from 1000 steps to 250 steps.

Now: From 250 steps to 4570 steps with j “ r “ 10.
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”Justification” of the algorithm

From the article: ”However, the sampling of the known pixels using is performed without considering the

generated parts of the image, which introduces disharmony. Although the model tries to harmonize the image

again in every step, it can never fully converge because the same issue occurs in the next step. Moreover, in

each reverse step, the maximum change to an image declines due to the variance schedule of βt. Thus, the

method cannot correct mistakes that lead to disharmonious boundaries in the subsequent steps due to restricted

flexibility. As a consequence, the model needs more time to harmonize the conditional information xknown

with the generated information xunknown in one step before advancing to the next denoising step.”
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Let’s try it
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Fails
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Conclusion

• Free learning method is an interesting approach.

• Probably far from the true conditional distribution [Trippe et al., 2023]29 .

• An other approach with manifold constraints [Chung et al., 2022]30.

29Trippe, B. L., Yim, J., Tischer, D., Baker, D., Broderick, T., Barzilay, R., & Jaakkola, T. S. (2023). Diffusion probabilistic modeling of protein backbones in 3d for the motif-scaffolding problem.

International Conference on Learning Representations

30Chung, H., Sim, B., Ryu, D., & Ye, J. C. (2022). Improving diffusion models for inverse problems using manifold constraints. Advances in Neural Information Processing Systems (NeurIPS)
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The end

Thank you for your attention !
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Appendix

• Architecture of U-NET: 63

• β or β̃: 63

• Sketch of proof Pardoux, 1986 : 64
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We can read in Ho et al., 2020, ”Experimentally, both σ2
t “ βt and σ2

t “ β̃t had similar results. The first choice

is optimal for x0 „ N p0, Iq, and the second is optimal for x0 deterministically set to one point. These are the

two extreme choices corresponding to upper and lower bounds on reverse process entropy for data with

coordinatewise unit variance Sohl-Dickstein et al., 2015.”
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1. pwt “ wt ´ w1 ´
ş1

t
∇ log pspxsqds is a backward Brownian motion adapted to the filtration

σpxt Y tws ´ wt, t ď s ď 1uq because it is a local backward martingale.

2. Rewriting of the SDE in the Stratonovich sense.

3. Insertion of pwt in the SDE.

4. Change of variable.
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