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mailto:nonezero@kumoh.ac.kr
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https://www.youtube.com/watch?v=rZufA635dq4
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https://cvpr2022-tutorial-diffusion-models.github.io/



4
https://www.youtube.com/watch?v=kSLJriaOumA#action=share

https://www.youtube.com/watch?v=kSLJriaOumA#action=share


5
https://cvpr2022-tutorial-diffusion-models.github.io/
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https://ommer-lab.com/research/latent-diffusion-models/

https://ommer-lab.com/research/latent-diffusion-models/
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https://www.youtube.com/watch?v=rZufA635dq4
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https://cvpr2022-tutorial-diffusion-models.github.io/
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Autoencoder

𝑓1: 𝑥 → 𝑧 𝑓2: 𝑧 → 𝑥

encoder decoder

𝒙 𝒙

𝑧1

𝑧2

𝑧3
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Autoencoder

𝑓1: 𝑥 → 𝑧 𝑓2: 𝑧 → 𝑥

𝒙 𝒙

𝑧1

𝑧2

𝑧3
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Autoencoder

𝑓1: 𝑥 → 𝑧 𝑓2: 𝑧′ → 𝑥

encoder decoder

𝒙 𝒙

𝑧1

𝑧2

𝑧3
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credit: https://www.topbots.com/intuitively-understanding-variational-autoencoders/
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credit: https://www.topbots.com/intuitively-understanding-variational-autoencoders/

𝑝(𝑧)
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credit: https://www.topbots.com/intuitively-understanding-variational-autoencoders/

𝑝(𝑧|𝑥)

𝑥
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credit: https://www.topbots.com/intuitively-understanding-variational-autoencoders/

𝑝(𝑧|𝑥)
𝑧 ~ 𝑝 (𝑧|𝑥)

확률분포표, 확률분포함수

sample

𝑥
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credit: https://www.topbots.com/intuitively-understanding-variational-autoencoders/

𝑝(𝑧|𝑥)
𝑧 ~ 𝑝 (𝑧|𝑥)

sample

𝑥
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credit: https://www.topbots.com/intuitively-understanding-variational-autoencoders/

𝑝(𝑧|𝑥)

𝑞(𝑧|𝑥)

𝑥
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𝜇, 𝜎
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credit: https://www.topbots.com/intuitively-understanding-variational-autoencoders/

𝑞(𝑧|𝑥)

𝑧~𝑞(𝑧|𝑥)

𝑥
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credit: https://www.topbots.com/intuitively-understanding-variational-autoencoders/

𝑞(𝑧|𝑥)

𝑧~𝑞(𝑧|𝑥)

𝑥
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credit: https://www.topbots.com/intuitively-understanding-variational-autoencoders/

𝑞(𝑧|𝑥)

𝑧~𝑞(𝑧|𝑥)

𝑓(𝑥) = 𝑤𝑥 + 𝑏
𝜕𝑓(𝑥)

𝜕𝑤
= 𝑥,

𝜕𝑓(𝑥)

𝜕𝑏
= 1

𝑥



ො𝑥𝑝 𝑥|𝑧𝑞 𝑧|𝑥𝑥

24

𝜇1

𝜇2

𝜎1

𝜎2

Sampling은

𝑧i ~𝑁 𝜇𝑖 , 𝜎𝑖
2

𝑧i = 𝜇𝑖 + 𝜎𝑖 ∙ 𝜀 𝜀 ~ 𝑁 0,1

𝜇𝑖

𝜎𝑖

𝑧i
𝜀~𝑁 0, 1
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credit: https://www.topbots.com/intuitively-understanding-variational-autoencoders/

𝑝(𝑧|𝑥)

𝑞(𝑧|𝑥)
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credit: https://www.topbots.com/intuitively-understanding-variational-autoencoders/

𝑝(𝑧|𝑥)

𝑞(𝑧|𝑥)
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𝑝(𝑧|𝑥) 𝑞(𝑧|𝑥)

𝜇 𝜎



𝑝 𝑥, 𝑦 = 𝑝 𝑥 𝑝 𝑦|𝑥 = 𝑝 𝑦 𝑝(𝑥|𝑦)

𝑝 𝑥 =

𝑦

𝑝 𝑥, 𝑦

𝐸 𝑋 =

𝑥

𝑝 𝑥 𝑥 𝐸 𝑓 𝑋 =

𝑥

𝑝 𝑥 𝑓 𝑥

28

𝐸𝑝(𝑥)[𝑋]

joint pdf, marginal pdf, conditional pdf

random variable, 𝑋

𝑝 𝑋 = 𝑥 , 𝑝𝑋 𝑥 , 𝑝(𝑥)
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𝐼 𝑥 = 𝑙𝑜𝑔
1

𝑝(𝑥)

𝐻 𝑋 = 𝐸 −𝑙𝑜𝑔𝑝 𝑋 = −

𝑥

𝑝 𝑥 𝑙𝑜𝑔𝑝 𝑥

𝐻 𝑝(𝑋)
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credit: https://wiseodd.github.io/techblog/2016/12/21/forward-reverse-kl/



𝐾𝐿(𝑝| 𝑞 = −න𝑝 𝑥 𝑙𝑜𝑔𝑞(𝑥)𝑑𝑥 − −න𝑝 𝑥 𝑙𝑜𝑔𝑝(𝑥)𝑑𝑥 = −න𝑝 𝑥 log
𝑞 𝑥

𝑝 𝑥
𝑑𝑥

𝑝(𝑥)
𝑝(𝑥)

𝑝(𝑥)
𝑞(𝑥)

31

𝑤𝑖𝑡ℎ 𝑟𝑒𝑠𝑝𝑒𝑐𝑡 𝑡𝑜

𝐾𝐿(𝑝| 𝑞 ≥ 0

𝐾𝐿(𝑝| 𝑞 ≠ 𝐾𝐿(𝑞| 𝑝

> 0

𝑝 𝑥 − 𝑞 𝑥 ≈
𝑞(𝑥)

𝑝(𝑥)



𝑝 𝑧|𝑥 =
𝑝 𝑥, 𝑧

𝑝 𝑥
=
𝑝 𝑥|𝑧 𝑝 𝑧

𝑝 𝑥
=
𝑝 𝑥|𝑧 𝑝 𝑧

σ𝑧 𝑝 𝑥, 𝑧
=

𝑝 𝑥|𝑧 𝑝 𝑧

σ𝑧 𝑝 𝑥|𝑧 𝑝 𝑧

32

𝑝 𝑥, 𝑧 = 𝑝 𝑥 𝑝 𝑧|𝑥



Bayesian Inference

𝑝 𝒛|𝑥 =
𝑝 𝑥|𝒛 𝑝 𝒛

𝑝 𝑥
posterior

likelihood prior

Posterior(사후확률) 구하기

33

관찰 값

다루기 쉬운 분포로 가정 ⋯𝑝 𝑥|𝒛 𝑝 𝒛

계산량이 너무 많다.
( 𝑚𝑛 )

𝑛 = 𝒛

𝑚

𝑝 𝑥 =

𝒛

𝑝 𝑥|𝒛 𝑝 𝒛

=

c. f) classification 𝑝 𝒛|𝑥 ∝ 𝑝 𝑥|𝒛 𝑝 𝒛

관찰 데이터에 대한 분포 구할 수 있나?

intractable

참고



𝑝 𝑧|𝑥

𝑞 𝑧|𝑥

꿩 대신 닭

변이

𝑝 𝑧|𝑥 ≈ 𝑞 𝑧|𝑥

min KL 𝑞 𝑧|𝑥 ||𝑝 𝑧|𝑥

34

𝑞 𝑧|𝑥



35

𝐾𝐿 𝑞 𝑧|𝑥 ||𝑝 𝑧|𝑥 = −𝑞 𝑧|𝑥 𝑙𝑜𝑔
𝑝 𝑧|𝑥

𝑞 𝑧|𝑥

= −𝑞 𝑧|𝑥 𝑙𝑜𝑔

𝑝 𝑥, 𝑧
𝑝 𝑥

𝑞 𝑧|𝑥
1

= −𝑞 𝑧|𝑥 𝑙𝑜𝑔
𝑝 𝑥, 𝑧

𝑞 𝑧|𝑥

1

𝑝 𝑥

= −𝑞 𝑧|𝑥 𝑙𝑜𝑔
𝑝 𝑥, 𝑧

𝑞 𝑧|𝑥
+ 𝑙𝑜𝑔

1

𝑝 𝑥

= −𝑞 𝑧|𝑥 𝑙𝑜𝑔
𝑝 𝑥, 𝑧

𝑞 𝑧|𝑥
+

𝑧

𝑞 𝑧|𝑥 𝑙𝑜𝑔 𝑝 𝑥

= −𝑞 𝑧|𝑥 𝑙𝑜𝑔
𝑝 𝑥, 𝑧

𝑞 𝑧|𝑥
+ 𝑙𝑜𝑔 𝑝 𝑥 

𝑧

𝑞 𝑧|𝑥

= −𝑞 𝑧|𝑥 𝑙𝑜𝑔
𝑝 𝑥, 𝑧

𝑞 𝑧|𝑥
+ 𝑙𝑜𝑔 𝑝 𝑥

1

𝑙𝑜𝑔 𝑝 𝑥 = 𝐾𝐿 𝑞 𝑧|𝑥 ||𝑝 𝑧|𝑥 +𝑞 𝑧|𝑥 𝑙𝑜𝑔
𝑝 𝑥, 𝑧

𝑞 𝑧|𝑥

𝑥 is given, then it is fixed

https://www.youtube.com/watch?v=uaaqyVS9-rM

𝑙𝑜𝑔 𝑝 𝑥 ≥

최소화
해야함

최대화
하면 된다.

꿩 대신 닭

≥ 0

𝑞 𝑧|𝑥 𝑙𝑜𝑔
𝑝 𝑥, 𝑧

𝑞 𝑧|𝑥

𝑥 in black: a random variable
𝑥 in gray: a fixed value of the random variable 𝑥



𝐾𝐿 𝑞 𝑧|𝑥 ||𝑝 𝑧|𝑥 = −𝑞 𝑧|𝑥 𝑙𝑜𝑔
𝑝 𝑧|𝑥

𝑞 𝑧|𝑥

= −𝑞 𝑧|𝑥 𝑙𝑜𝑔

𝑝 𝑥, 𝑧
𝑝 𝑥

𝑞 𝑧|𝑥
1

= −𝑞 𝑧|𝑥 𝑙𝑜𝑔
𝑝 𝑥, 𝑧

𝑞 𝑧|𝑥

1

𝑝 𝑥

= −𝑞 𝑧|𝑥 𝑙𝑜𝑔
𝑝 𝑥, 𝑧

𝑞 𝑧|𝑥
+ 𝑙𝑜𝑔

1

𝑝 𝑥

= −𝑞 𝑧|𝑥 𝑙𝑜𝑔
𝑝 𝑥, 𝑧

𝑞 𝑧|𝑥
+

𝑧

𝑞 𝑧|𝑥 𝑙𝑜𝑔 𝑝 𝑥

= −𝑞 𝑧|𝑥 𝑙𝑜𝑔
𝑝 𝑥, 𝑧

𝑞 𝑧|𝑥
+ 𝑙𝑜𝑔 𝑝 𝑥 

𝑧

𝑞 𝑧|𝑥

= −𝑞 𝑧|𝑥 𝑙𝑜𝑔
𝑝 𝑥, 𝑧

𝑞 𝑧|𝑥
+ 𝑙𝑜𝑔 𝑝 𝑥

1

𝑙𝑜𝑔 𝑝 𝑥 = 𝐾𝐿 𝑞 𝑧|𝑥 ||𝑝 𝑧|𝑥 +𝑞 𝑧|𝑥 𝑙𝑜𝑔
𝑝 𝑥, 𝑧

𝑞 𝑧|𝑥

𝑥 is given, then it is fixed

36https://www.youtube.com/watch?v=uaaqyVS9-rM

≥ 0

lower bound
𝑙𝑜𝑔 𝑝 𝑥 ≥

variational

최소화
해야함

최대화
하면 된다.

꿩 대신 닭

Log-Likelihood
크게 하는 것

𝑥 in black: a random variable
𝑥 in gray: a fixed value of the random variable 𝑥



𝑞 𝑧|𝑥 𝑙𝑜𝑔
𝑝 𝑥, 𝑧

𝑞 𝑧|𝑥

=𝑞 𝑧|𝑥 𝑙𝑜𝑔
𝑝 𝑥|𝑧 𝑝 𝑧

𝑞 𝑧|𝑥

=𝑞 𝑧|𝑥 𝑙𝑜𝑔 𝑝 𝑥|𝑧 + 𝑙𝑜𝑔
𝑝 𝑧

𝑞 𝑧|𝑥

=𝑞 𝑧|𝑥 𝑙𝑜𝑔 𝑝 𝑥|𝑧 +𝑞 𝑧|𝑥 𝑙𝑜𝑔
𝑝 𝑧

𝑞 𝑧|𝑥

= 𝐸𝑞 𝑧|𝑥 𝑙𝑜𝑔 𝑝 𝑥|𝑧 − 𝐾𝐿 𝑞 𝑧|𝑥 ||𝑝 𝑧

37

𝑝 𝑧|𝑥 𝑝 𝑥

𝑥

𝑙𝑜𝑔 𝑝 𝑥 ≥
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𝑞(𝑧|𝑥)𝑥

𝑧

𝑝(𝑥|𝑧) ො𝑥

−𝐸𝑞 𝑧|𝑥 𝑙𝑜𝑔 𝑝 𝑥|𝑧 + 𝐾𝐿 𝑞 𝑧|𝑥 ||𝑝 𝑧

그냥 신경망; 
일반적인 복원 에러를 로스로 사용
Cross Entropy Loss

𝑥

≈ 𝑝(𝑧|𝑥)



 −𝐸𝑞 𝑧|𝑥𝑖 𝑙𝑜𝑔 𝑝 𝑥𝑖|𝑧 + 𝐾𝐿 𝑞 𝑧|𝑥𝑖 ||𝑝 𝑧

39



베르누이 분포로 간주

 −𝐸𝑞 𝑧|𝑥𝑖 𝑙𝑜𝑔 𝑝 𝑥𝑖|𝑧 + 𝐾𝐿 𝑞 𝑧|𝑥𝑖 ||𝑝 𝑧

≈
1

𝐿
𝑙𝑜𝑔 𝑝 𝑥𝑖|𝑧

𝑙

≈ 𝑙𝑜𝑔 𝑝 𝑥𝑖|𝑧
1 = 𝑙𝑜𝑔 ෑ

𝑗=1

𝑁

𝑝 𝑥𝑖,𝑗|𝑧
1 =

𝑗=1

𝑁

𝑙𝑜𝑔 𝑝 𝑥𝑖,𝑗|𝑧
1

=

𝑗=1

𝑁

𝑙𝑜𝑔 𝑝
𝑗

𝑥𝑖,𝑗 ∙ 1 − 𝑝𝑗
1−𝑥𝑖,𝑗 =

𝑗=1

𝑁

𝑥𝑖,𝑗𝑙𝑜𝑔 𝑝𝑗 + 1 − 𝑥𝑖,𝑗 𝑙𝑜𝑔 1 − 𝑝𝑗

Monte Carlo Sampling

경험적

40

network output

cross-entropy

network input (target)

N

𝑝𝑗

j번째 노드 출력이 1일 확률



가우시안 분포로 간주

 −𝐸𝑞 𝑧|𝑥𝑖 𝑙𝑜𝑔 𝑝 𝑥𝑖|𝑧 + 𝐾𝐿 𝑞 𝑧|𝑥𝑖 ||𝑝 𝑧

≈
1

𝐿
𝑙𝑜𝑔 𝑝 𝑥𝑖|𝑧

𝑙

≈ 𝑙𝑜𝑔 𝑝 𝑥𝑖|𝑧
1

= 𝑙𝑜𝑔 𝑁 𝜇𝑖 , 𝜎𝑖
2𝐼

= −

𝑗=1

𝑁
1

2
𝑙𝑜𝑔 𝜎𝑖,𝑗

2 +
𝑥𝑖,𝑗 − 𝜇𝑖,𝑗

2

2𝜎𝑖,𝑗
2

Monte Carlo Sampling

41

𝑙𝑜𝑔 𝑁 𝜇𝑖 , 𝜎
2𝐼

∝ −

𝑗=1

𝑁

𝑥𝑖,𝑗 − 𝜇𝑖,𝑗
2

경험적

분산이 모두 같다고 가정

mean squared loss

N

𝜇𝑗

2N

𝜇𝑗
𝜎𝑗

?



KL term

42

𝐾𝐿 𝑁 𝑢𝑖 , 𝜎𝑖
2𝐼 ||𝑁 0, 𝐼

=
1

2
𝑡𝑟 𝜎𝑖

2𝐼 + 𝜇𝑖
𝑇𝜇𝑖 − 𝐾 − 𝑙𝑜𝑔 ෑ

𝑘=1

𝐾

𝜎𝑖,𝑘
2

=
1

2


𝑘=1

𝐾

𝜎𝑖,𝑘
2 +

𝑘=1

𝐾

𝜇𝑖,𝑘
2 −

𝑘=1

𝐾

1 −

𝑘=1

𝐾

𝑙𝑜𝑔 𝜎𝑖,𝑘
2

=
1

2


𝑘=1

𝐾

𝜎𝑖,𝑘
2 + 𝜇𝑖,𝑘

2 − 𝑙𝑜𝑔 𝜎𝑖,𝑘
2 − 1

𝑥𝑖에 따라 달라지는 분포

초간단 분포

𝐾개

𝐾개
𝑞 𝑧|𝑥𝑖

covariance 0 가정,
𝑢𝑖 K개, 𝜎𝑖

2 K개

 −𝐸𝑞 𝑧|𝑥𝑖 𝑙𝑜𝑔 𝑝 𝑥𝑖|𝑧 + 𝐾𝐿 𝑞 𝑧|𝑥𝑖 ||𝑝 𝑧



Loss for a given 𝑥𝑖

43

𝐿𝑖 𝜙, 𝜃, 𝑥𝑖 = −

𝑗=1

𝑁

𝑥𝑖,𝑗𝑙𝑜𝑔 𝑥′𝑗 + 1 − 𝑥𝑖,𝑗 𝑙𝑜𝑔 1 − 𝑥′𝑗 +
1

2


𝑘=1

𝐾

𝜎𝑖,𝑘
2 + 𝜇𝑖,𝑘

2 − 𝑙𝑜𝑔 𝜎𝑖,𝑘
2 − 1

𝐿𝑖 𝜙, 𝜃, 𝑥𝑖 = 

𝑗=1

𝑁
1

2
𝑙𝑜𝑔 𝜎𝑖,𝑗

2 +
𝑥𝑖,𝑗 − 𝜇𝑖,𝑗

2

2𝜎𝑖,𝑗
2 +

1

2


𝑘=1

𝐾

𝜎𝑖,𝑘
2 + 𝜇𝑖,𝑘

2 − 𝑙𝑜𝑔 𝜎𝑖,𝑘
2 − 1

𝐿𝑖 𝜙, 𝜃, 𝑥𝑖 =

𝑗=1

𝑁

𝑥𝑖,𝑗 − 𝜇𝑖,𝑗
2
+
1

2


𝑘=1

𝐾

𝜎𝑖,𝑘
2 + 𝜇𝑖,𝑘

2 − 𝑙𝑜𝑔 𝜎𝑖,𝑘
2 − 1
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•

•

•

•
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