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基本概念

Reverse Process

Forward Process

Add noise

Denoise Denoise

Add noise



VAE vs. Diffusion Model 

VAE

Diffusion

DecoderEncoder

Denoise
Add noise

X N

X N



Denoising Diffusion Probabilistic Models

暗藏玄機!



Training 

𝑥0: clean image

sample clean image

sample a noise

Noise 
predictor

Target
Noise

Noisy image

ത𝛼1, ത𝛼2,… ത𝛼𝑇

𝜀: noise

smaller



Training 

ത𝛼1, ത𝛼2,… ത𝛼𝑇
𝑥0 𝜀

ത𝛼𝑡 1 − ത𝛼𝑡+ =

Noise
Predicter

t

?????

𝜀

𝜀𝑥0

Sample 𝑡



想像中…

實際上…

Step 1 Step 2

Random
sample

+ +

……

input

input

ground 
truth 

ത𝛼𝑡 1 − ത𝛼𝑡+ =

𝜀𝑥0
ground 
truth 

input



Inference 

𝑡 Noise
Predicter

-

𝑥𝑇

𝑥𝑡
1 − 𝛼𝑡

1 − ത𝛼𝑡

1

𝛼𝑡

𝑥𝑡−1

𝑧

+

sample a noise?!

ത𝛼1, ത𝛼2,… ത𝛼𝑇
𝛼1, 𝛼2,… 𝛼𝑇



影像生成模型本質上的共同目標

Network𝑧 𝑥

Real Image

𝐺 𝑧 = 𝑥



影像生成模型本質上的共同目標

Network𝑧 𝑥

Real Image

一隻在奔跑的狗

(Condition)



Maximum Likelihood Estimation

Network𝑧 𝑥

𝑃𝜃 𝑥
𝜃

𝑃𝑑𝑎𝑡𝑎 𝑥

Sample 𝑥1, 𝑥2, … , 𝑥𝑚 from 𝑃𝑑𝑎𝑡𝑎 𝑥

We can compute 𝑃𝜃 𝑥𝑖 𝜃∗ = 𝑎𝑟𝑔max
𝜃

ෑ

𝑖=1

𝑚

𝑃𝜃 𝑥𝑖

???

???



Sample 𝑥1, 𝑥2, … , 𝑥𝑚 from 𝑃𝑑𝑎𝑡𝑎 𝑥

𝜃∗ = 𝑎𝑟𝑔max
𝜃

ෑ

𝑖=1

𝑚

𝑃𝜃 𝑥𝑖 = 𝑎𝑟𝑔max
𝜃

𝑙𝑜𝑔ෑ

𝑖=1

𝑚

𝑃𝜃 𝑥𝑖

= 𝑎𝑟𝑔max
𝜃



𝑖=1

𝑚

𝑙𝑜𝑔𝑃𝜃 𝑥𝑖 ≈ 𝑎𝑟𝑔max
𝜃

𝐸𝑥~𝑃𝑑𝑎𝑡𝑎[𝑙𝑜𝑔𝑃𝜃 𝑥 ]

= 𝑎𝑟𝑔max
𝜃

න

𝑥

𝑃𝑑𝑎𝑡𝑎 𝑥 𝑙𝑜𝑔𝑃𝜃 𝑥 𝑑𝑥 −න

𝑥

𝑃𝑑𝑎𝑡𝑎 𝑥 𝑙𝑜𝑔𝑃𝑑𝑎𝑡𝑎 𝑥 𝑑𝑥

= 𝑎𝑟𝑔min
𝜃

𝐾𝐿 𝑃𝑑𝑎𝑡𝑎||𝑃𝜃= 𝑎𝑟𝑔max
𝜃

න

𝑥

𝑃𝑑𝑎𝑡𝑎 𝑥 𝑙𝑜𝑔
𝑃𝜃 𝑥

𝑃𝑑𝑎𝑡𝑎 𝑥
𝑑𝑥

Maximum Likelihood = Minimize KL Divergence

(not related to 𝜃)

Difference between 𝑃𝑑𝑎𝑡𝑎 and 𝑃𝜃



VAE: Compute 𝑃𝜃 𝑥

Network𝑧 𝑥

𝑃𝜃 𝑥
𝜃

𝐺 𝑧 = 𝑥

𝑃𝜃 𝑥 = න

𝑧

𝑃 𝑧 𝑃𝜃 𝑥|𝑧 𝑑𝑧

𝑃𝜃 𝑥|𝑧 = ቊ
1, 𝐺 𝑧 = 𝑥
0, 𝐺 𝑧 ≠ 𝑥

可能會幾乎都是 0 

Network𝑧

𝐺 𝑧 = 𝑥

𝐺 𝑧

Mean of Gaussian 

∝ 𝑒𝑥𝑝 − 𝐺 𝑧 − 𝑥 2

𝑃𝜃 𝑥|𝑧



VAE: Lower bound of 𝑙𝑜𝑔𝑃 𝑥

𝑙𝑜𝑔𝑃𝜃 𝑥 = න

𝑧

𝑞 𝑧|𝑥 𝑙𝑜𝑔𝑃 𝑥 𝑑𝑧 𝑞 𝑧|𝑥 can be any distribution

= න

𝑧

𝑞 𝑧|𝑥 𝑙𝑜𝑔
𝑃 𝑧, 𝑥

𝑃 𝑧|𝑥
𝑑𝑧 = න

𝑧

𝑞 𝑧|𝑥 𝑙𝑜𝑔
𝑃 𝑧, 𝑥

𝑞 𝑧|𝑥

𝑞 𝑧|𝑥

𝑃 𝑧|𝑥
𝑑𝑧

= න

𝑧

𝑞 𝑧|𝑥 𝑙𝑜𝑔
𝑃 𝑧, 𝑥

𝑞 𝑧|𝑥
𝑑𝑧 + න

𝑧

𝑞 𝑧|𝑥 𝑙𝑜𝑔
𝑞 𝑧|𝑥

𝑃 𝑧|𝑥
𝑑𝑧

𝐾𝐿 𝑞 𝑧|𝑥 ||𝑃 𝑧|𝑥

≥ න

𝑧

𝑞 𝑧|𝑥 𝑙𝑜𝑔
𝑃(𝑧,𝑥)

𝑞 𝑧|𝑥
𝑑𝑧

≥ 0

𝑙𝑜𝑤𝑒𝑟 𝑏𝑜𝑢𝑛𝑑= E𝑞 𝑧|𝑥 [𝑙𝑜𝑔
𝑃 𝑥, 𝑧

𝑞 𝑧|𝑥
]

Encoder



DDPM: Compute 𝑃𝜃 𝑥

Denoise Denoise ……

𝑥𝑇 𝑥𝑇−1 𝑥0

𝑃𝜃 𝑥0 = න

𝑥1:𝑥𝑇

𝑃 𝑥𝑇 𝑃𝜃 𝑥𝑇−1|𝑥𝑇 …𝑃𝜃 𝑥𝑡−1|𝑥𝑡 …𝑃𝜃 𝑥0|𝑥1 𝑑𝑥1: 𝑥𝑇

Denoise

𝑥𝑡

Mean of 
Gaussian 

𝐺 𝑥𝑡
𝑃𝜃 𝑥𝑡−1|𝑥𝑡

∝ exp − 𝐺 𝑥𝑡 − 𝑥𝑡−1 2



DDPM: Lower bound of 𝑙𝑜𝑔𝑃 𝑥

Maximize 𝑙𝑜𝑔𝑃𝜃 𝑥0 Maximize E𝑞 𝑥1:𝑥𝑇|𝑥0 [𝑙𝑜𝑔
𝑃 𝑥0: 𝑥𝑇

𝑞 𝑥1: 𝑥𝑇|𝑥0
]

Maximize 𝑙𝑜𝑔𝑃𝜃 𝑥 Maximize E𝑞 𝑧|𝑥 [𝑙𝑜𝑔
𝑃 𝑥, 𝑧

𝑞 𝑧|𝑥
]

Encoder

Forward Process
(Diffusion Process)

VAE

DDPM

𝑞 𝑥1: 𝑥𝑇|𝑥0 = 𝑞 𝑥1|𝑥0 𝑞 𝑥2|𝑥1 …𝑞 𝑥𝑇|𝑥𝑇−1



+ + +

……

=

𝛽1, 𝛽2, … , 𝛽𝑇

1 − 𝛽𝑡 𝛽𝑡+

~𝒩 𝟎, 𝐼𝑞 𝑥𝑡|𝑥𝑡−1

𝑥𝑡𝑥𝑡−1

𝑞 𝑥𝑡|𝑥0

𝑥𝑡𝑥0



= 1 − 𝛽1 𝛽1+

= 1 − 𝛽2 𝛽2+

𝑥0𝑥1

𝑥1𝑥2

~𝒩 𝟎, 𝐼

~𝒩 𝟎, 𝐼

Ind.

=

𝑥2 𝑥0

1 − 𝛽11 − 𝛽2

𝛽1+ 1 − 𝛽2 𝛽2+



~𝒩 𝟎, 𝐼

~𝒩 𝟎, 𝐼
=

𝑥2 𝑥0

1 − 𝛽11 − 𝛽2

𝛽1+ 1 − 𝛽2 𝛽2+

~𝒩 𝟎, 𝐼

1 − 1 − 𝛽2 1 − 𝛽1+



=
𝛽1, 𝛽2, … , 𝛽𝑇

1 − 𝛽1 𝛽1+

~𝒩 𝟎, 𝐼

= 1 − 𝛽2 𝛽2+

= 1 − 𝛽𝑡 𝛽𝑡+

=

ത𝛼𝑡

+

ത𝛼𝑡 = 𝛼1𝛼2…𝛼𝑡 ≡
… … …

𝛼𝑡 = 1 − 𝛽𝑡

𝑞 𝑥𝑡|𝑥0

1 − 𝛽1… 1 − 𝛽𝑡

1 − 1 − 𝛽1 … 1 − 𝛽𝑡

1 − ത𝛼𝑡



https://arxiv.org/pdf/2208.11970.pdf

Understanding Diffusion Models: 
A Unified Perspective

Maximize E𝑞 𝑥1:𝑥𝑇|𝑥0 [𝑙𝑜𝑔
𝑃 𝑥0: 𝑥𝑇

𝑞 𝑥1: 𝑥𝑇|𝑥0
]



DDPM: Lower bound of 𝑙𝑜𝑔𝑃 𝑥

E𝑞 𝑥1|𝑥0 𝑙𝑜𝑔𝑃 𝑥0|𝑥1 −𝐾𝐿 𝑞 𝑥𝑇|𝑥0 ||𝑃 𝑥𝑇

−

𝑡=2

𝑇

E𝑞 𝑥𝑡|𝑥0 𝐾𝐿 𝑞 𝑥𝑡−1|𝑥𝑡, 𝑥0 ||𝑃 𝑥𝑡−1|𝑥𝑡



E𝑞 𝑥1|𝑥0 𝑙𝑜𝑔𝑃 𝑥0|𝑥1 −𝐾𝐿 𝑞 𝑥𝑇|𝑥0 ||𝑃 𝑥𝑇

−

𝑡=2

𝑇

E𝑞 𝑥𝑡|𝑥0 𝐾𝐿 𝑞 𝑥𝑡−1|𝑥𝑡, 𝑥0 ||𝑃 𝑥𝑡−1|𝑥𝑡

𝑞 𝑥𝑡|𝑥0 = 1 − ത𝛼𝑡ത𝛼𝑡 +

𝑞 𝑥𝑡−1|𝑥0

𝑞 𝑥𝑡|𝑥𝑡−1

= 1 − ത𝛼𝑡−1
ത𝛼𝑡−1 +

= 1 − 𝛽𝑡 𝛽𝑡+



E𝑞 𝑥1|𝑥0 𝑙𝑜𝑔𝑃 𝑥0|𝑥1 −𝐾𝐿 𝑞 𝑥𝑇|𝑥0 ||𝑃 𝑥𝑇

−

𝑡=2

𝑇

E𝑞 𝑥𝑡|𝑥0 𝐾𝐿 𝑞 𝑥𝑡−1|𝑥𝑡, 𝑥0 ||𝑃 𝑥𝑡−1|𝑥𝑡

𝑞 𝑥𝑡−1|𝑥𝑡 , 𝑥0

=
𝑞 𝑥𝑡−1, 𝑥𝑡 , 𝑥0
𝑞 𝑥𝑡 , 𝑥0

=
𝑞 𝑥𝑡|𝑥𝑡−1 𝑞 𝑥𝑡−1|𝑥0 𝑞 𝑥0

𝑞 𝑥𝑡|𝑥0 𝑞 𝑥0
=
𝑞 𝑥𝑡|𝑥𝑡−1 𝑞 𝑥𝑡−1|𝑥0

𝑞 𝑥𝑡|𝑥0

𝑞 𝑥𝑡|𝑥0

𝑞 𝑥𝑡−1|𝑥0

𝑞 𝑥𝑡|𝑥𝑡−1

𝑥0 𝑥𝑡𝑥𝑡−1

已知
Gaussian

已知
Gaussian

已知
Gaussian



https://arxiv.org/pdf/2208.11970.pdf



E𝑞 𝑥1|𝑥0 𝑙𝑜𝑔𝑃 𝑥0|𝑥1 −𝐾𝐿 𝑞 𝑥𝑇|𝑥0 ||𝑃 𝑥𝑇

−

𝑡=2

𝑇

E𝑞 𝑥𝑡|𝑥0 𝐾𝐿 𝑞 𝑥𝑡−1|𝑥𝑡, 𝑥0 ||𝑃 𝑥𝑡−1|𝑥𝑡

ത𝛼𝑡−1𝛽𝑡𝑥0 + 𝛼𝑡 1 − ത𝛼𝑡−1 𝑥𝑡

1 − ത𝛼𝑡

1 − ത𝛼𝑡−1
1 − ത𝛼𝑡

𝛽𝑡𝐼

Gaussian 

Mean Variance



E𝑞 𝑥1|𝑥0 𝑙𝑜𝑔𝑃 𝑥0|𝑥1 −𝐾𝐿 𝑞 𝑥𝑇|𝑥0 ||𝑃 𝑥𝑇

−

𝑡=2

𝑇

E𝑞 𝑥𝑡|𝑥0 𝐾𝐿 𝑞 𝑥𝑡−1|𝑥𝑡, 𝑥0 ||𝑃 𝑥𝑡−1|𝑥𝑡

How to minimize 
KL divergence? 

fixed

fixed

fixed

Tunable 



E𝑞 𝑥1|𝑥0 𝑙𝑜𝑔𝑃 𝑥0|𝑥1 −𝐾𝐿 𝑞 𝑥𝑇|𝑥0 ||𝑃 𝑥𝑇

−

𝑡=2

𝑇

E𝑞 𝑥𝑡|𝑥0 𝐾𝐿 𝑞 𝑥𝑡−1|𝑥𝑡, 𝑥0 ||𝑃 𝑥𝑡−1|𝑥𝑡

How to minimize 
KL divergence? fixed

Tunable 

ത𝛼𝑡−1𝛽𝑡𝑥0 + 𝛼𝑡 1 − ത𝛼𝑡−1 𝑥𝑡

1 − ത𝛼𝑡

Denoise

𝑥𝑡

𝐺 𝑥𝑡



E𝑞 𝑥1|𝑥0 𝑙𝑜𝑔𝑃 𝑥0|𝑥1 −𝐾𝐿 𝑞 𝑥𝑇|𝑥0 ||𝑃 𝑥𝑇

−

𝑡=2

𝑇

E𝑞 𝑥𝑡|𝑥0 𝐾𝐿 𝑞 𝑥𝑡−1|𝑥𝑡, 𝑥0 ||𝑃 𝑥𝑡−1|𝑥𝑡

Sample 𝑥𝑡

𝑥𝑡 𝑥0 𝜀

𝑥𝑡 = ത𝛼𝑡𝑥0+ 1 − ത𝛼𝑡𝜀

= ത𝛼𝑡 1 − ത𝛼𝑡+Sample 𝑥0



E𝑞 𝑥1|𝑥0 𝑙𝑜𝑔𝑃 𝑥0|𝑥1 −𝐾𝐿 𝑞 𝑥𝑇|𝑥0 ||𝑃 𝑥𝑇

−

𝑡=2

𝑇

E𝑞 𝑥𝑡|𝑥0 𝐾𝐿 𝑞 𝑥𝑡−1|𝑥𝑡, 𝑥0 ||𝑃 𝑥𝑡−1|𝑥𝑡

𝑥0

Sample 𝑥𝑡

Denoise𝑥𝑡

𝑡

ത𝛼𝑡−1𝛽𝑡𝑥0 + 𝛼𝑡 1 − ത𝛼𝑡−1 𝑥𝑡

1 − ത𝛼𝑡
?

𝑥𝑡 = ത𝛼𝑡𝑥0+ 1 − ത𝛼𝑡𝜀



𝑥0

Sample 𝑥𝑡

Denoise𝑥𝑡

𝑡

ത𝛼𝑡−1𝛽𝑡𝑥0 + 𝛼𝑡 1 − ത𝛼𝑡−1 𝑥𝑡

1 − ത𝛼𝑡
?

𝑥𝑡 = ത𝛼𝑡𝑥0+ 1 − ത𝛼𝑡𝜀

𝑥𝑡 − 1 − ത𝛼𝑡𝜀 = ത𝛼𝑡𝑥0

𝑥𝑡 − 1 − ത𝛼𝑡𝜀

ത𝛼𝑡
= 𝑥0

=

ത𝛼𝑡−1𝛽𝑡
𝑥𝑡 − 1 − ത𝛼𝑡𝜀

ത𝛼𝑡
+ 𝛼𝑡 1 − ത𝛼𝑡−1 𝑥𝑡

1 − ത𝛼𝑡

=
1

𝛼𝑡
𝑥𝑡 −

1 − 𝛼𝑡

1 − ത𝛼𝑡
𝜀



𝑥0

Sample 𝑥𝑡

Denoise𝑥𝑡

𝑡

?

𝑥𝑡 = ത𝛼𝑡𝑥0+ 1 − ത𝛼𝑡𝜀

𝑥𝑡 − 1 − ത𝛼𝑡𝜀 = ത𝛼𝑡𝑥0

𝑥𝑡 − 1 − ത𝛼𝑡𝜀

ത𝛼𝑡
= 𝑥0

1

𝛼𝑡
𝑥𝑡 −

1 − 𝛼𝑡

1 − ത𝛼𝑡
𝜀

實際需要 network predict 的部分



Denoise

為什麼不直接取 Mean？

Mean of Gaussian 

sample



免責聲明：以下只是猜測



為什麼生成文句時需要 Sample？

甚麼是機器學習？

好
器

機

甚麼是機器學習？機
好

器

機

甚麼是機器學習？機器
學習是一門很深奧…..。

END

END

器

機

…
…

取機率最大的
不行嗎？



為什麼生成文句時需要 Sample？

• The Curious Case of Neural Text Degeneration
https://arxiv.org/abs/1904.09751



https://arxiv.org/abs/1904.09751



語音合成也需要 Sampling !

dropout

https://arxiv.org/abs/1712.05884

with 
dropout

without 
dropout

感謝杜濤同學提供實驗結果



Diffusion Model 是一種 Autoregressive 

「一次到位」改成「 N次到位」

Denoise Denoise ……

Sample
(Add noise)

Sample
(Add noise)



Denoise

為什麼不直接取 Mean？

Mean of Gaussian 

sample

𝜎𝑡 = 0

感謝伏宇寬助
教提供結果

𝜎𝑡 as paper



Denoising Diffusion Probabilistic Models



Diffusion Model for Speech 

• WaveGrad

https://arxiv.org/abs/2009.00713



https://arxiv.org/abs/2205.14217

Diffusion Model for Text

• Difficulty: 

• Solution: Noise on latent space 

你好嗎？ ... ...
Add noise 



Diffusion Model for Text

• Difficulty: 

• Solution: Noise on latent space 

https://arxiv.org/abs/2210.08933

你好嗎？ ... ...
Add noise 

DiffuSeq



Diffusion Model for Text

• Solution: Don’t add Gaussian noise https://arxiv.org/abs/2210.16886

Diffusion via Edit-
based Reconstruction
(DiffusER)

https://arxiv.org/abs/2107.03006



之前上課投影片



Mask-Predict 
https://aclanthology.org/D19-1633/

請問李宏毅的職業是甚麼？

(可以回答演員或老師)

演 老 員
師

Encoder Decoder

[MASK] [MASK] [MASK]

[END]

老 0.3 員 [END] 0.90.8



Mask-Predict 
https://aclanthology.org/D19-1633/

請問李宏毅的職業是甚麼？

(可以回答演員或老師)

演 老

演

員
師

Encoder Decoder

[MASK] [MASK] [MASK]

[END]

員 [END] 0.90.8[MASK]

Decoder

員 [END]



Mask-Predict https://arxiv.org/abs/2301.00704

https://arxiv.org/abs/2202.04200

Gray: [mask] token

Training Generator 



Generator Generator ……
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