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Sohl-Dickstein, Jascha, et al. "Deep unsupervised learning using nonequilibrium thermodynamics." International Conference on Machine Learning. PMLR, 2015
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Denoising Diffusion Probabilistic Models (DDPM)
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max.log(pθ(x0))
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DKL (q (xt−1 | xt) ‖pθ (xt−1 | xt))
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1−ᾱt

· βt
εt

εt



25

Training

εθ(xt, t)

x0 xt

Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising diffusion probabilistic models." Advances in Neural Information Processing Systems 33 (2020): 6840-6851
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Sampling

xT

εθ(xt, t)

xT−1 x0

for t = T, ..., 1 do

Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising diffusion probabilistic models." Advances in Neural Information Processing Systems 33 (2020): 6840-6851
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Results

x ∼ p (x | y)x ∼ p (x)

Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising diffusion probabilistic models." Advances in Neural Information Processing Systems 33 (2020): 6840-6851
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Classifier Free Guidance

x ∼ p (x | y)

pθ (xt−1 | xt,y))

xt y

Dhariwal, Prafulla, and Alexander Nichol. "Diffusion models beat gans on image synthesis." Advances in Neural Information Processing Systems 34 (2021): 8780-8794

εθ(xt, t, y)
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Dhariwal, Prafulla, and Alexander Nichol. "Diffusion models beat gans on image synthesis." Advances in Neural Information Processing Systems 34 (2021): 8780-8794

∇ log p (xt) = −
1

√

1−ᾱt

εθ (xt)

∇ log p (xt | y) = ∇ log

(
p (xt) p (y | xt)

p(y)

)

= ∇ log p (xt) +∇ log p (y | xt)−∇ log p(y)

= ∇ log p (xt)
︸ ︷︷ ︸

unconditional score

+γ ∇ log p (y | xt)
︸ ︷︷ ︸

adversarial gradient

ε̂(xt) = εθ(xt)− γ
√
1− ᾱt∇ log p(y | xt)
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Ho, Jonathan, and Tim Salimans. "Classifier-free diffusion guidance." arXiv preprint arXiv:2207.12598 (2022)

∇ log p (xt | y) = ∇ log p (xt)
︸ ︷︷ ︸

unconditional score

+γ ∇ log p (y | xt)
︸ ︷︷ ︸

adversarial gradient

γ ∇ log p (y | xt)
︸ ︷︷ ︸

adversarial gradient

= ∇ log p (xt | y)− ∇ log p (xt)
︸ ︷︷ ︸

unconditional score

∇ log p (xt | y) = ∇ log p (xt) + γ (∇ log p (xt | y)−∇ log p (xt))

= ∇ log p (xt) + γ∇ log p (xt | y)− γ∇ log p (xt)

= γ∇ log p (xt | y)
︸ ︷︷ ︸

conditional score

+(1− γ)∇ log p (xt)
︸ ︷︷ ︸

unconditional score
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Stable Diffusion

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
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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
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latent�
representation

Input
image
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Stable Diffusion

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

x ∈ R
H×W×3

, z ∈ R
h×w×c

z = E(x)

x̃ = D(z) = D(E(x))

LLDM := EE(x),ε∼N (0,1),t

[

‖ε− εθ (zt, t, τθ(y))‖
2
2

]

Query:zt

Key: τθ(y)

Value: τθ(y)
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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

LLDM := EE(x),ε∼N (0,1),t

[

‖ε− εθ (zt, t, τθ(y))‖
2
2

]

input�image
512 X�512�X�3

latent�
representation
64 X�64�X�4

A�photo�of�a�
cute�puppy

𝜏!



39

Stable Diffusion

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

A�photo�of�a�
guilty�golden�
retriever

𝜏!

random�noise�𝑧
64 X�64�X�4

z ∼ N (0, I)

sampled�image
512 X�512�X�3

denoised�latent
64 X�64�X�4
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Stable Diffusion

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

LLDM := EE(x),ε∼N (0,1),t

[

‖ε− εθ (zt, t, τθ(y))‖
2
2

]

τθ(y)
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