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Generative Models



• 응용프로그램에적용하기위한생성모델의주요요구사항

The Generative Learning Trilemma



• Reparameterization trick을통한샘플링으로 Diversity가높음

• Regularization과 Reconstruction 의 trade-off

𝐿𝑉𝐴𝐸 = DKL(q(z|x)| p𝜃 z − Ez~q z x logP𝜃(x|z)

Regularization on Encoder Reconstruction on Decoder

Variational Autoencoder



• Mode collapse : Generator 는 Discriminator 를속이기쉬운특정소수데이터를생성

• Non-convergence : MinMax학습의불안정성(Instability)

Min
𝐺

Max
𝐷

[Ε 𝑥~𝑃 𝑥 𝑙𝑜𝑔𝐷 𝑋 + Ε 𝑧~𝑃 𝑧 [log(1 − 𝐷 𝐺 𝑧 )]

𝐷
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Generative Adversarial Network



𝔼𝑞(𝐱0)[𝐷𝐾𝐿(𝑞(𝐱𝑇|𝐱0)|𝑝 𝐱𝑇 ) +෍

𝑡>1

𝐷𝐾𝐿 𝑞 𝐱𝑡−1 𝐱𝑡,𝐱0 𝑝𝜃 𝐱𝑡−1|𝐱𝑡 − 𝑙𝑜𝑔𝑝𝜃(𝐱0|𝐱1) ]

• High quality : Data semantic 을보존한 latent representation 생성및학습, 반복적인 denoising 단계

• 수천단계의반복적인 Step으로인한느린생성속도

• 계층적 latent representation에의한 diversity 가높음

Diffusion Model



• Deep Unsupervised Learning using Nonequilibrium Thermodynamics - ICML2015

• Denoising Diffusion Probabilistic Models(DDPM) - NeurIPS 2020

Diffusion Model Papers



물리학에서 분자의 운동을 Stochastic 문제로 정의

Diffusion Process



t t+1

Gaussian distribution

~

• 분자가움직이는건일정하지않다. 어떤 Stochastic process를따를것이다.

• 가정 : 아주짧은시간 𝒕에서 𝒕 + 𝟏로움직이는분자는가우시안분포를따를것이다.

Diffusion Process



Diffusion

Denoising process

Diffusion process

Reverse process

Forward process
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𝐱0 𝐱𝑇
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Denoising process

Diffusion process

Reverse process

Forward process
(fixed)

(generative)

𝐱0 𝐱𝑇



Forward Diffusion Process

mean variance

Conditional gaussian distribution

Pure Gaussian
distribution

• Markov chain으로 data에점진적으로 noise를추가하는과정

variance schedule

𝑞 𝐱𝑡 𝐱𝑡−1 = 𝛮(𝐱𝑡; 1 − 𝛽𝑡𝐱𝑡−1, 𝛽𝑡𝚰)

𝐱𝑡 = 1 − 𝛽𝑡𝐱𝑡−1 + 𝛽𝑡𝜖 where 𝜖~𝑁(0, 𝚰)
Reparameterization Trick(VAE)

Closed-form

𝑁(0, Ι)



Forward Diffusion Process

Reparameterization Trick(VAE) 
[참고자료2]

mean variance

Conditional gaussian distribution

• 한 step씩 forward를실행하면많은 Memory와 Resource를요구

𝑞 𝐱𝑡 𝐱𝑡−1 = 𝛮(𝐱𝑡; 1 − 𝛽𝑡𝐱𝑡−1, 𝛽𝑡Ι)

Define ഥ𝑎𝑡 = ς𝑠=1
𝑡 (1 − 𝛽𝑠) 𝑞 𝐱𝑡 𝐱0 = 𝛮(𝐱𝑡; ത𝑎𝑡𝐱0, (1 − ത𝑎𝑡)𝚰)

For sampling: 𝐱𝑡 = ത𝑎𝑡𝐱0 + (1 − ത𝑎𝑡) 𝜖 where 𝜖~ 𝛮(0, 𝐈)



Reverse Denoising Process

• Gaussian noise xT에서 T step 만큼 Denoising 하면서이미지 x0를만드는과정

𝑝(𝐱𝑇) = 𝑁(𝐱𝑇; 𝟎, 𝐈)

𝑝𝜃(𝐱𝑡−1|𝐱𝑡) = 𝑁(𝐱𝑡−1; 𝜇𝜃(𝐱𝑡, 𝑡), Σ𝜽(𝐱𝑡 , 𝑡)𝐈)

Trainable network
(U-net, Denoising Autoencoder)

Reverse denoising process (generative)



Objective for Reverse process

• VAE 학습에서사용된 variational upper bound를활용 :

𝔼𝑞(𝐱0)[−𝑙𝑜𝑔𝑃𝜃(𝐱0)] ≤ 𝔼𝑞 𝐱0 𝑞 𝐱1:𝑇 𝐱0 [−𝑙𝑜𝑔
𝑝𝜃(𝐱0:𝑇)

𝑞(𝐱1:𝑇|𝐱0)
]

𝔼𝑞(𝐱0)[𝐷𝐾𝐿(𝑞(𝐱𝑇|𝐱0)|𝑝 𝐱𝑇 ) +෍

𝑡>1

𝐷𝐾𝐿 𝑞 𝐱𝑡−1 𝐱𝑡,𝐱0 𝑝𝜃 𝐱𝑡−1|𝐱𝑡 − 𝑙𝑜𝑔𝑝𝜃(𝐱0|𝐱1) ]

• Sohl-Dickstein et al. ICML2015 (참고자료3)

• Ho et al. NeurIPS 2020 (참고자료5)

𝐿𝑡−1 = 𝐷𝐾𝐿 𝑞 𝐱𝑡−1 𝐱𝑡,𝐱0 𝑝𝜃 𝐱𝑡−1|𝐱𝑡 = 𝔼𝑞(𝐱0)
1

2𝜎𝑡
2 || ෤𝜇𝑡 𝐱𝑡, 𝐱0 − 𝜇 𝜃(𝐱𝑡, 𝑡)||

2 + 𝐶

𝐿𝑡−1𝐿𝑡 𝐿0

𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒 𝑝𝜃(𝐱0)



Deep Unsupervised Learning using Nonequilibrium

Thermodynamics - ICML2015

𝔼𝑞(𝐱0)[𝐷𝐾𝐿(𝑞(𝐱𝑇|𝐱0)|𝑝 𝐱𝑇 ) +෍

𝑡>1

𝐷𝐾𝐿 𝑞 𝐱𝑡−1 𝐱𝑡,𝐱0 𝑝𝜃 𝐱𝑡−1|𝐱𝑡 − 𝑙𝑜𝑔𝑝𝜃(𝐱0|𝐱1) ]

𝐿𝑡−1𝐿𝑡 𝐿0



Deep Unsupervised Learning using Nonequilibrium

Thermodynamics - ICML2015

𝐿𝑡−1 = 𝐷𝐾𝐿 𝑞 𝐱𝑡−1 𝐱𝑡,𝐱0 𝑝𝜃 𝐱𝑡−1|𝐱𝑡

• Reverse process  : 𝑝𝜃 𝐱𝑡−1|𝐱𝑡 ≔ 𝑁(𝐱𝑡−1; 𝜇𝜃 𝐱𝑡, t , Σ𝜃 𝐱𝑡, 𝑡 )

• Posterior : 𝑞 𝐱𝑡−1 𝐱𝑡,𝐱0 = 𝑁 𝐱𝑡−1; ෥𝜇t 𝐱𝑡, 𝐱0 , ෩𝛽𝑡𝐈

𝑤ℎ𝑒𝑟𝑒 ෤𝜇𝑡(𝐱𝑡, 𝐱0) ≔
ഥ𝛼𝑡−1𝛽𝑡

1−ഥ𝛼𝑡
𝐱0 +

𝛼𝑡 1−ഥ𝛼𝑡

1−ഥ𝛼𝑡
𝐱𝑡 𝑎𝑛𝑑 ෩𝛽𝑡 ≔

1−ഥ𝛼𝑡−1

1−෥𝛼𝑡
𝛽𝑡

[참고자료.4]

𝐾𝐿 𝑝, 𝑞 = log
𝜎2
𝜎1

+
𝜎1
2 + 𝜇1 − 𝜇2

2

2𝜎2
2 −

1

2



Denoising Diffusion Probabilistic Models Ho et al. NeurIPS 2020 

Predict 𝜖 (or 𝐱𝑡) at each step

𝒙𝑡 는 𝒙0와 𝜖의 linear combination

1. ത𝛼𝑡만큼 accumulation된 Noise를 denoising하도록 학습 할 수 있음

2. 𝐱0를 바로 예상함으로써 𝐱𝑡 시점에서 𝐱0의 스타트 포인트를 예상하여 다음 𝐱𝑡−1의 방향을 잘 잡을

수 있다. 즉, 𝑞 𝐱𝑡−1 𝐱𝑡,𝐱0 에서 𝑥0가 주어질 때 𝑥𝑡−1를 더 잘 예측하는 것과 유사 함.



𝒙𝒕

• 𝑞 x𝑡−1|xt, x0 , 𝑝𝜃(xt−1|xt)두식은Normal distributions 이기 때문에

• KL divergence는 간단한 형태로 전개 가능

Objective for DDPM

참고자료.5 

𝐿𝑡−1 = 𝐷𝐾𝐿 𝑞 𝐱𝑡−1 𝐱𝑡,𝐱0 𝑝𝜃 𝐱𝑡−1|𝐱𝑡 = 𝔼𝑞(𝐱0)
1

2𝜎𝑡
2 || ෤𝜇𝑡 𝐱𝑡, 𝐱0 − 𝜇 𝜃(𝐱𝑡, 𝑡)||

2 + 𝐶

𝐿𝑠𝑖𝑚𝑝𝑙𝑒 𝜃 ≔ 𝔼𝑡,𝐱0,𝜖 𝜖 − 𝜖𝜃 𝛼𝑡𝐱0 + 1 − 𝛼𝑡𝜖, 𝑡
2

෤𝜇𝑡(𝐱𝑡, 𝐱0) =
1

1−𝛽𝑡
𝐱𝑡 −

𝛽𝑡

1−ഥ𝛼𝑡
ϵ 𝜇𝜃(𝐱𝑡, 𝑡) =

1

1−𝛽𝑡
(𝐱𝑡 −

𝛽𝑡

1−ഥ𝛼𝑡
ϵ𝜃 𝐱𝑡, 𝑡 )



Objective for DDPM

𝐿𝑠𝑖𝑚𝑝𝑙𝑒 𝜃 ≔ 𝔼𝑡,𝐱0,𝜖 𝜖 − 𝜖𝜃 𝛼𝑡𝐱0 + 1 − 𝛼𝑡𝜖, 𝑡
2



Objective for Reverse process

풀이) 참고자료.5



참고자료 1
• Reparameterization trick을사용하여 closed form으로임의의시간 𝑡에서 𝐱𝑡 를샘플링할수있다. 

• 𝛼𝑡 = 1 − 𝛽𝑡, ത𝛼𝑡 = ς𝑖=1
𝑡 𝛼𝑖 :

𝐱𝑡 = 𝛼𝑡𝐱𝑡−1 + 1 − 𝛼𝑡𝛜𝑡−1 ; where 𝛜𝑡−1, 𝛜𝑡−2, …~𝑁 0, 𝐼

= 𝛼𝑡𝛼𝑡−1𝐱𝑡−2 + 1 − 𝛼𝑡𝛼𝑡−1ത𝛜𝑡−2 ; where  ത𝛜𝑡−2 merges two Gaussians(*)

= …

= ത𝛼𝑡𝐱0 + 1 − ത𝛼𝑡𝛜

𝑞 𝐱𝑡 𝐱0 = 𝑁(𝐱𝑡; ത𝛼𝑡𝐱0, 1 − ത𝛼𝑡 𝐈)

• 다른분산(variance)을가지는두개의가우시안 (𝑁 𝟎, σ1
2𝐈 , 𝑁 𝟎, σ2

2𝐈 )을병합→𝑁 𝟎, (σ1
2 + σ2

2)𝐈

• 병합된표준편차(merged standard deviation) :

• 1 − 𝛼𝑡 + 𝛼𝑡(1 − 𝛼𝑡−1) = 1 − 𝛼𝑡𝛼𝑡−1)

https://lilianweng.github.io/posts/2018-08-12-vae/#reparameterization-trick


참고자료 2
• Variational Autoencoder

𝑞𝜙 𝐳 𝐱

Encoder
𝐗

Mean

Std. dev

𝛍

𝛔

𝝐

𝒛 𝑔𝜃 𝐱 𝐳
Decoder

𝐗`

Reparameterization Trick

SAMPLING

𝒛 = 𝝁 + 𝝈⊙ 𝝐 where 𝜖~ 𝛮(0, 𝐈)



참고자료.3

𝒎𝒂𝒙𝒊𝒎𝒊𝒛𝒆 𝒑𝜽 𝒙 → 𝔼𝒒(𝒙𝟎)[−𝒍𝒐𝒈𝒑𝜽 𝒙𝟎 ]



참고자료.3

𝒎𝒂𝒙𝒊𝒎𝒊𝒛𝒆 𝒑𝜽 𝒙 → 𝔼𝒒(𝒙𝟎)[−𝒍𝒐𝒈𝒑𝜽 𝒙𝟎 ]

= 𝔼𝒒(𝒙𝟎) −𝒍𝒐𝒈
𝒑𝜽 𝒙𝟎,𝒙𝟏,𝒙𝟐,…,𝒙𝑻

𝒑𝜽 𝒙𝟏, 𝒙𝟐, 𝒙𝟑, … , 𝒙𝑻 𝒙𝟎
∵ 𝒃𝒂𝒚𝒆𝒔 𝒓𝒖𝒍𝒆, 𝒑𝜽 𝒙𝒕 𝒙𝟎 =

𝒑𝜽(𝒙𝑻,𝒙𝟎)

𝒑𝜽(𝒙𝟎)

= 𝔼𝒒(𝒙𝟎) −𝒍𝒐𝒈
ሶ𝒑𝜽 𝒙𝟎,𝒙𝟏,𝒙𝟐,…,𝒙𝑻

𝒑𝜽 𝒙𝟏, 𝒙𝟐, 𝒙𝟑, … , 𝒙𝑻 𝒙𝟎

𝒒 𝒙𝟏:𝑻 𝒙𝟎
𝒒 𝒙𝟏:𝑻 𝒙𝟎

≤ 𝔼𝒒(𝒙𝟎) −𝒍𝒐𝒈
ሶ𝒑𝜽 𝒙𝟎,𝒙𝟏,𝒙𝟐,…,𝒙𝑻

𝒑𝜽 𝒙𝟏, 𝒙𝟐, 𝒙𝟑, … , 𝒙𝑻 𝒙𝟎



참고자료.4



참고자료.5



Text Diffusion Progress ??



NeurIPS 2020

Denoising diffusion probabilistic models(DDPM)

NeurIPS 2021

Structured Denoising Diffusion Models in Discrete State-Spaces

ICLR 2023

DiffusER: Discrete Diffusion via Edit-Based Reconstruction

NeurIPS 2022

Diffusion-LM Improves Controllable Text Generation

ICLR 2023

Sequence to sequence text generation with diffusion models

EMNLP 2022

Learning to Model Editing Processes(no diffusion)

Text Diffusion Progress

(Work in progress)

DiffusionBERT: 

Improving Generative Masked Language 

Models with Diffusion Models
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Diffusion Start



NeurIPS 2020
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Continues space



NeurIPS 2020

Denoising diffusion probabilistic models(DDPM)

NeurIPS 2021

Structured Denoising Diffusion Models in Discrete State-Spaces

ICLR 2023

DiffusER: Discrete Diffusion via Edit-Based Reconstruction

NeurIPS 2022

Diffusion-LM Improves Controllable Text Generation
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Sequence to sequence text generation with diffusion models

EMNLP 2022

Learning to Model Editing Processes(no diffusion)

Text Diffusion Progress

(Work in progress)

DiffusionBERT: 

Improving Generative Masked Language 

Models with Diffusion Models

3

Discrete space



Diffusion-LM Improves 

Controllable Text Generation
36th Conference on Neural Information Processing Systems (NeurIPS 2022)



Introduction

Complex Control Tasks

• Continues domain
• Discrete domain의 text를 continues domain로적용.

• Controllable Text generation
• Gradual denoising steps 은 a hierarchy of continuous latent representations 생성.
• 이를통해조금더복잡한 Control(Ex: Parse Tree)을가능하게함.



Diffusion-LM: Continuous Diffusion Language Modeling
- Embedding step 

• 각토큰𝐰𝑖 을백터ℝ𝑑에매핑하는 Embedding function 𝐄MB(𝐰)을정의하여
continuous diffusion model에 discrete text를적용.

• 𝐄MB(𝐰)= [𝐄MB(𝑤1), … ,𝐄MB(𝑤𝑛)] ∈ ℝ𝑛𝑑 𝑤ℎ𝑒𝑟𝑒 𝑤: Word 𝑠𝑒𝑞𝑢𝑒𝑛𝑐𝑒, 𝑛 : Sequence length



Diffusion-LM: Continuous Diffusion Language Modeling
- Forward process 

• 𝐄𝐌𝐁(𝐰)= [𝐄𝐌𝐁 (𝐰1), … , 𝐄𝐌𝐁(𝐰𝑛)] ∈ ℝ𝑛𝑑 𝑤ℎ𝑒𝑟𝑒

• Embedding (the forward process) : 𝑞 𝐱0 𝐰 = 𝛮(𝐄𝐌𝐁 𝐰 , 𝝈𝑰)

• 𝐱𝑡 = ത𝛼EMB 𝑤𝑖 + 1 − ത𝛼𝜀 ~ 𝑁(0, 𝐼)

𝐱𝟎
𝟏 = 𝐄MB(𝐰𝟏)

𝐱𝟎
𝟐 = 𝐄MB(𝐰𝟐)

𝐱𝟎
𝒏 = 𝐄MB(𝐰𝒏)

⋮

𝑛: length

𝑑: embedding size

𝐗𝑻
𝟏

𝐗𝑻
𝟐

𝐗𝑻
𝒏

Gaussian distribution

⋮
𝐗𝑻
𝟑 𝐱𝟎

𝟑 = 𝐄MB(𝐰𝒏)

𝐹𝑜𝑟𝑤𝑎𝑟𝑑

𝐰: 𝑊𝑜𝑟𝑑 𝑠𝑒𝑞𝑢𝑒𝑛𝑐𝑒 𝑛 : Sequence length

𝐰𝟏

𝐰𝟐

𝐰𝒏

⋮

𝐰𝟑



Diffusion-LM: Continuous Diffusion Language Modeling
- Reverse process 

• 𝐗𝑡를입력받아 BERT모델은 𝐗0 를 predict함.

• Rounding step (the reverse process) : 𝑝𝜃 𝐰 𝐱0 = ς𝑖=1
𝑛 𝑝𝜃 𝐰𝒊 𝐱0

𝑖

𝐱𝟎
𝟏 = 𝐄MB(𝐰𝟏)

𝐱𝟎
𝟐 = 𝐄MB(𝐰𝟐)

𝐱𝟎
𝒏 = 𝐄MB(𝐰𝒏)

⋮

𝐗𝑻
𝟏

𝐗𝑻
𝟐

𝐗𝑻
𝒏

Gaussian distribution

⋮
𝐗𝑻
𝟑 𝐱𝟎

𝟑 = 𝐄MB(𝐰𝒏)BERT

Softmax distribution

𝑅𝑒𝑣𝑒𝑟𝑠𝑒

𝐰𝟏

𝐰𝟐

𝐰𝒏

⋮

𝐰𝟑



Diffusion-LM: Continuous Diffusion Language Modeling
- Training

Embedding Rounding

• Training loss function :
Diffusion loss

ℒ𝑣𝑙𝑏
𝑒2𝑒 𝐰 = 𝔼𝑞𝜙 ℒ𝑣𝑙𝑏 𝑥0 + log𝑞𝜙 𝐱0 𝐰 − log𝑝𝜃 𝐰 𝐱0



Controllable Generation 

with Diffusion-LM



Plug and Play Language Models: 

A Simple Approach to Controlled Text Generation - ICLR 2020

• Pretrained LM을고정하고생성과정을컨트롤하는방법.

• Plug and Play Language Model 방식은아직까지단순한 attribute 에서만컨트롤이가능.

𝑃 x a ∝ 𝑃(a|x) ∙ 𝑃(x)

෩H = Ht + ∆Ht



Decoding and Controllable Generation with Diffusion-LM
- Controllable Text Generation

• 각각의 diffusion step에서 a sequence of control problems 로 decomposition:

Control target

• Reverse 과정에서 Latent variable XT~ X0를컨트롤 :

𝑝𝜃 𝐱0:𝑇 𝒄 =ෑ
𝑡=1

𝑇

𝑝 𝐱𝑡−1 𝐱𝑡 , 𝑐

𝑝 𝐱𝑡−1 𝐱𝑡, 𝒄 ∝ 𝑝 𝐱𝑡−1 𝐱𝑡 ⋅ 𝑝(𝒄|𝐱𝑡−1, 𝐱𝑡)



Decoding and Controllable Generation with Diffusion-LM
- Controllable Text Generation

• Sequence of control problems 을위한 Decomposition:

• Conditional independence assumptions에의해 𝑝 𝐜 𝐱𝑡−1, x𝑡 → 𝑝(𝐜|𝐱𝑡−1)간소화

• Gradient update 방법(SDE)을통해 𝐱𝑡−1업데이트:

Diffusion-LM Classifier

𝑝 𝐱𝑡−1 𝑥𝑡 , 𝑐 ∝ 𝑝 𝐱𝑡−1 𝐱𝑡 ∙ 𝑝(𝒄|𝐱𝑡−1, 𝐱𝑡)

𝑝 𝐱𝑡−1 𝐱𝑡 , 𝒄 ∝ 𝑝 𝐱𝑡−1 𝐱𝑡 ∙ 𝑝(𝒄|𝐱𝑡−1)

∇𝐱𝑡−1𝑙𝑜𝑔𝑝 𝐱𝑡−1 𝐱𝑡 , 𝒄 = ∇𝐱𝑡−1𝑙𝑜𝑔𝑝 𝐱𝑡−1 𝐱𝑡 + ∇𝐱𝑡−1𝑝(𝒄|𝐱𝑡−1)



Anderson 
- 1982

𝑞 𝐱𝑡 𝐱𝑡−1 = 𝛮(𝐱𝑡; 1 − 𝛽𝑡𝐱𝑡−1, 𝛽𝑡𝚰)

𝑝(𝐱𝑇) = 𝑁(𝐱𝑇; 𝟎, 𝐈)

𝑝𝜃(𝐱𝑡−1|𝐱𝑡) = 𝑁(𝐱𝑡−1; 𝜇𝜃(𝐱𝑡, 𝑡), Σ𝜽(𝐱𝑡, 𝑡)𝐈)

SDE :

Score-based generative modeling through stochastic 

differential equations – ICLR2021



Score-based generative modeling through stochastic 

differential equations – Yang Song

d𝐱 = 𝐟 𝐱, 𝑡 − 𝑔2 𝑡 ∇𝑥𝑙𝑜𝑔𝑝𝑡 𝐱 d𝑡 + 𝑔 𝑡 d𝐰

d𝐱 = 𝐟 𝐱, 𝑡 − 𝑔2 𝑡 ∇𝑥𝑙𝑜𝑔𝑝𝑡 𝐱|𝐲 d𝑡 + 𝑔 𝑡 d𝐰

d𝐱 = 𝐟 𝑥, 𝑡 − 𝑔2 𝑡 ∇𝑥𝑙𝑜𝑔𝑝𝑡 𝐱 − 𝑔2 𝑡 ∇𝑥𝑙𝑜𝑔𝑝𝑡 𝐲|𝐱 d𝑡 + 𝑔 𝑡 d𝐰

• Reverse SDE(noise → data) :

• Controllable generation :

• Bayes’ rule :

Score function



Decoding and Controllable Generation with Diffusion-LM
- Controllable Text Generation

• Gradient update 방법(SDE)을통해 𝐱𝑡−1업데이트:

Diffusion-LM Classifier

∇𝑥𝑡−1𝑙𝑜𝑔𝑝 𝒙𝑡−1 𝑥𝑡 , 𝑐 = ∇𝑥𝑡−1𝑙𝑜𝑔𝑝 𝑥𝑡−1 𝑥𝑡 + ∇𝑥𝑡−1𝑝(𝑐|𝑥𝑡−1)

𝑑𝑥 = 𝑓 𝑥, 𝑡 − 𝑔2 𝑡 ∇𝑥𝑡−1𝑙𝑜𝑔𝑝𝑡 𝑥𝑡−1|𝑥𝑡 , 𝑐 𝑑𝑡 + 𝑔 𝑡 𝑑𝑤

𝑑𝑥 = 𝑓 𝑥, 𝑡 − (𝑔2 𝑡 ∇𝑥𝑡−1𝑙𝑜𝑔𝑝𝑡 𝑥𝑡−1|𝑥𝑡 + 𝑔2 𝑡 ∇𝑥𝑡−1𝑙𝑜𝑔𝑝𝑡 𝑐|𝑥𝑡−1 ) 𝑑𝑡 + 𝑔 𝑡 𝑑𝑤

Diffusion-LM Classifier

• 𝐱𝑡−1을 sampling 한다음두 gradient를계산한뒤 𝐱𝑡−1를업데이트



Diffusion model이 sampling한 𝐱𝐭−𝟏

Pretrained Control Model
(ex: syntactic parser)

참고자료.6

Diffusion-LM Classifier

∇𝐱𝑡−1𝑙𝑜𝑔𝑝 𝐱𝑡−1 𝐱𝑡 , 𝑐 = ∇𝐱𝑡−1𝑙𝑜𝑔𝑝 𝐱𝑡−1 𝐱𝑡 + ∇𝐱𝑡−1𝑝(𝐜|𝐱𝑡−1)

𝑙𝑜𝑔𝑝 𝐱𝑡−1 𝐱𝑡 = −
1

2
𝐱𝑡−1 − 𝜇 𝑇∑−1 𝐱𝑡−1 − 𝜇 + 𝐶



참고자료.6

Diffusion Models Beat GANs on Image Synthesis – Supplementary Material : 
(https://openreview.net/attachment?id=AAWuCvzaVt&name=supplementary_material)

https://openreview.net/attachment?id=AAWuCvzaVt&name=supplementary_material


Main Results
- Syntax span



DIFFUSEQ : Sequence to sequence

text generation with diffusion models
(Under review as a conference paper at ICLR2023)



DIFFUSEQ

• Text generation의대부분은 sequence-to-sequence (Seq2Seq) 문제임

• Diffusion-LM에서 Seq2Seq의다양한 semantic meaning을모델링하는 Classifier를학습시킬수없음



DIFFUSEQ
- Embedding step 

• Embedding(Forward process) : 

EMB(𝐰𝒙⊕𝒚)= [EMB 𝑤1
𝑥 , … ,EMB 𝑤𝑚

𝑥 ,EMB 𝑤1
𝑦
, …EMB 𝑤𝑚

𝑦
] ∈ ℝ 𝑚+𝑛 ×𝑑.

• Embedding  transformation: 
Frozen



- Forward process 

𝐄MB(𝐰𝟎
x)

𝐄MB(𝐰𝟏
x)

𝐄MB(𝐰𝟏
𝒚
)

⋮

𝑑: embedding size

𝐄MB(𝐰𝟎
x)

𝐄MB(𝐰𝟏
x)

𝒛𝑻
y0

Gaussian distribution

⋮

𝐹𝑜𝑟𝑤𝑎𝑟𝑑

𝐰𝟎
x

⋮

DIFFUSEQ

𝐰𝟏
x

𝐰𝟎
y

𝐰𝟏
y

⋮

𝐄MB(𝐰𝟎
𝐲
)

⋮

𝒛𝑻
y1

⋮

• Forward 를통해 𝐄𝐌𝐁(𝐰𝐲)만노이즈를추가

• 𝑧𝑡
𝑦
= ത𝛼𝑧0

𝑦
+ 1 − ത𝛼𝜀

𝒛𝟎

Fr
o

ze
n

Fr
o

ze
n



- Reverse process 

𝐄MB(𝐰𝟎
x)

𝐄MB(𝐰𝟏
x)

𝐄MB(𝐰𝟏
𝒚
)

⋮

𝐄MB(𝐰𝟎
x)

𝐄MB(𝐰𝟏
x)

𝒛𝑻
y0

⋮

𝐰𝟎
x

⋮

DIFFUSEQ

𝐰𝟏
x

𝐰𝟎
y

𝐰𝟏
y

⋮

𝐄MB(𝐰𝟎
𝐲
)

⋮

𝒛𝑻
y1

⋮

• 입력으로 sequence 전체가입력되며 reverse process를통해𝐰𝑦 만복원

• Diffusion-LM과 loss가같으며, 𝐰𝑦 만 loss에사용

𝒛𝟎

BERT

𝑅𝑒𝑣𝑒𝑟𝑠𝑒



DIFFUSEQ
- Generation Results

(Quora Question Pairs)

high diversity



DIFFUSEQ
- Dialogue test set

Non-autoregressive
반복 문제



DIFFUSEQ
- Question Generation



DIFFUSEQ
- Text Simplification test set

Complex sentence : 사람들은 여러 가지 이유로 외로움을 경험할 수 있으며 어린 시절과 청소년기의 우
정 관계 부족 또는 주변에 의미 있는 사람이 물리적으로 없는 것과 같은 많은 삶의 사건이 외로움을 유
발할 수 있습니다.
Simplified : 외로움의 원인 중 하나는 어린 시절과 십대 시절에 친구가 없었기 때문입니다.



NeurIPS 2020

Denoising diffusion probabilistic models(DDPM)

NeurIPS 2021

Structured Denoising Diffusion Models in Discrete State-Spaces

ICLR 2023

DiffusER: Discrete Diffusion via Edit-Based Reconstruction

NeurIPS 2022

Diffusion-LM Improves Controllable Text Generation

ICLR 2023

Sequence to sequence text generation with diffusion models

EMNLP 2022

Learning to Model Editing Processes(no diffusion)

Text Diffusion Progress

(Work in progress)

DiffusionBERT: 

Improving Generative Masked Language 

Models with Diffusion Models

3

Discrete space



Structured Denoising Diffusion Models in 

Discrete State-Spaces
NeurIPS 2021



Diffusion models for discrete state spaces

• 기존 forward 의가우시안노이즈추가를 transition probabilities matrices 로변경

• 𝐸𝑋) 𝑋𝑡, 𝑋𝑡−1이 K 개의 categories에포함, K=3이라가정

• 𝑞 𝑥𝑡 𝑥𝑡−1) = 𝐶𝑎𝑡(𝑥𝑡; 𝑝 = 𝑥𝑡−1𝑄𝑡

xt−1 = 0 1 0 , Qt =
0.6 0.2 0.2
0.2 0.6 0.2
0.2 0.2 0.6

𝑝 = 𝐱𝑡−1𝑄𝑡 = 0 1 0
0.6 0.2 0.2
0.2 0.6 0.2
0.2 0.2 0.6

= [0.2  0.6  0.2]

[𝑄𝑡]𝑖𝑗= 𝑞 𝑥𝑡 = 𝑗 𝑥𝑡−1 = 𝑖



Uniform(Random token)

sampling

Random token



Diffusion models for discrete state spaces

• Forward process와 Transition matrix을정의

𝑞 𝑥𝑡 𝑥𝑡−1) = 𝐶𝑎𝑡(𝑥𝑡; 𝑝 = 𝑥𝑡−1𝑄𝑡 , [𝑄𝑡]𝑖𝑗= 𝑞 𝑥𝑡 = 𝑗 𝑥𝑡−1 = 𝑖

• 𝑥𝑡는 𝑥0에 Q를여러번곱한것과같음

𝑞 𝑥𝑡 𝑥0 = 𝑐𝑎𝑡 𝑥𝑡; 𝑝 = 𝑥0𝑄𝑡 , 𝑤𝑖𝑡ℎ 𝑄𝑡 = 𝑄1𝑄2…𝑄𝑡

• Posterior를정의

𝑞 𝑥𝑡−1 𝑥𝑡 , 𝑥0 =
𝑞 𝑥𝑡 𝑥𝑡−1, 𝑥0 𝑞 𝑥𝑡−1 𝑥0

𝑞 𝑥𝑡 𝑥0
= 𝑐𝑎𝑡 𝑥𝑡−1; 𝑝 =

𝑥𝑡𝑄𝑡
⊺ ⊙𝑥0𝑄𝑡−1

𝑥0𝑄𝑡𝑥𝑡
⊺

• Training loss  : KL(𝑞 𝑥𝑡−1 𝑥𝑡 , 𝑥0 | 𝑝𝜃 𝑥𝑡−1 𝑥𝑡 = ∑𝑖 𝑝𝑖 log
𝑝𝑖

𝑞𝑖

- Training loss



DiffusER: Discrete Diffusion 

via Edit-based Reconstruction 
ICLR 2023



Discrete Diffusion Model using Editing Processes

• Levenshtein(1966)이제안한 edit operations을 edit process에적용

• 단순히이전문장을보고다음문장을예측하는게아니라이전 edit process의 context를바탕으

로다음문장을예측

edit operations



DIFFUSER
▪ EDIT-BASED CORRUPTION

• 4가지 Levenshtein 편집작업을통해임의의토큰시퀀스를다른토큰시퀀스로으로변환

• 𝑡번째, forward process : 𝑞(𝐱𝑡|𝐱𝑡−1; 𝜺𝒕, 𝜺𝒍)

• 𝜺𝒕 : 편집유형에대한분포 (e.g. 60% keep, 20% replace, 10% delete, 10% insert) 

• 𝜺𝒍 : 편집길이에대한분포

• 손상된시퀀스 𝑿𝑻가주어졌을때, 모델은손상을되돌릴수있는프로세스를학습하는것이목표



DIFFUSER
▪ EDIT-BASED RECONSTRUCTION

• 모델은편집프로세스를포함하기위해두단계를포함

• Encoder : 편집판별프로세스

• Decoder : 수정또는삽입의경우 token을생성







DiffusionBERT: Improving Generative Masked 

Language Models with Diffusion Models
(Work in progress)



DiffusionBERT

• Pre-trained LM 을사용

• Absorbing state를적용하는것이 pre-trained LM을사용하는데효과적

• Spindle Noise Schedule

• 새로운 noise schedule 방식을제안하여 Non-Markovian forward process를정의



Diffusion models with a Discrete Absorbing state

• Markov 프로세서에서 absorbing state

• 각토큰은동일하게유지되거나약간의확률로 [MASK]토큰으로전환(transition)

• 𝒕 step에서 Transition matrix:

𝑄𝑡 𝑖𝑗 = ൞

1 𝑖𝑓 𝑖 = 𝑗 = [𝑀]
1 − 𝛽𝑡 𝑖𝑓 𝑖 = 𝑗 ≠ [𝑀]

𝛽𝑡 𝑖𝑓 𝑗 = 𝑀 , 𝑖 ≠ [𝑀]

• 𝒕 step에서 Marginal 𝒒(𝑥𝑖
𝑖|𝑥0

𝑖 ):

𝒒 𝑥𝑖
𝑖 𝑥0

𝑖 = ൝
𝜶𝒕 𝒊𝒇 𝒙𝒕

𝒊 = 𝒙𝟎
𝒊

𝟏 − 𝜶𝒕 𝒊𝒇 𝒙𝒕
𝒊 = [𝑴]



Absorbing state

[𝑄𝑡]𝑖𝑗= ൞

1, 𝑖𝑓 𝑖 = 𝑗 = [𝑀]
1 − 𝛽𝑡, 𝑖𝑓 𝑖 = 𝑗 ≠ [𝑀]

𝛽𝑡, 𝑖𝑓 𝑗 = [𝑀], 𝑖 ≠ [𝑀]

sampling



Spindle Noise Schedule

• 𝜷𝒕 ∶ Noise schedule에관한고찰

• Sequence에서 token간언어적차이를고려하지않음

• LM모델은더높은 likelihood를달성하기위해자주등장하는토큰을생성하는경향이있음

• Easy-first generative behavior : 가장정보가많은토큰부터 MASK

[Bella]   
[is]

[sitting] 
[over] 
[there]

[MASK]   
[is]

[sitting] 
[over] 
[there]

[MASK]   
[is]

[MASK] 
[over] 
[there]

[MASK]   
[MASK]
[MASK] 
[MASK] 
[MASK]

⋯

Forward process



Spindle Noise Schedule

• 𝜆값이 1.0일때 “Bella”의 unmasked 확률이빠르게떨어지며 “is” 의확률은천천히떨어짐

• 𝐻(𝐱0
𝑖 )의값이커질수록 𝛼𝑡

𝑖
값이작아지며MASK 확률이올라감.

𝛼𝑡
𝑖
= 1 −

𝑡

𝑇
− 𝑆 𝑡 ∙ ෩𝐻 𝐱𝟎

𝐢 ,

𝑆 𝑡 = 𝜆 sin
𝑡𝜋

𝑇
,

෩𝐻(𝐱0
𝑖 ) = 1 −

∑𝑗=1
𝑛 𝐻 𝐱0

𝑗

𝑛𝐻(𝐱0
𝑖 )

Entropy : 학습데이터에서 𝐱0
𝑖가 나타난 frequency로 계산

• 𝒕 step에서 Marginal 𝒒(𝑥𝑖
𝑖|𝑥0

𝑖 ):

𝑞 𝑥𝑖
𝑖 𝑥0

𝑖 = ൝
𝛼𝑡 𝑖𝑓 𝑥𝑡

𝑖 = 𝑥0
𝑖

1 − 𝛼𝑡 𝑖𝑓 𝑥𝑡
𝑖 = [𝑀]



• D3PM과비교 : Pretrained LM을사용했을때전반적으로좋은성능을보임

• Continues domain에서가우시안노이즈를사용하는 Diffusion-LM의경우 pretrained LM을사용

했을때성능이낮아짐(이유: Continues domain에서는 PLM을적용하기가쉽지않음)

Main results
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