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Deep  Generative Model

Dataset

Random
sampling

Goal: use NN to learn target distribution explicitly/implicitly

Generator/decoder
(deep neural network)

Model distribution

●ḐὴⱣ●

How close?
(distance)

Introduction of DGM's activity

ÍÉÎ꜠ὴ ●ȟὴ ●

Data distribution

●Ḑὴ ●

(Simple) 
Latent space

◑Ḑὴ ◑

● ..Ᵽ◑



WHAT IS 
DIFFUSION MODELS?
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Using ¬Scoreº (Slope) for Generation

ὴ ●
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Using ¬Scoreº (Slope) for Generation

ὴ ●
aƻǾƛƴƎ ǘƻǿŀǊŘ ƳƻǊŜ ƭƛƪŜƭȅ ŘƛǊŜŎǘƛƻƴΧ 

●ɳÌÏÇὴ ●

 Phase I. Score Matching
  Phase II. Denoising Score Matching
  Phase III. Noised Conditioned Denoising Score Matching

  Phase IV. Score-Based Continuous Time Diffusion Model
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Phase I (2005). Score Matching

[Generation] Langevin sampling: 

● ᴺ● –​●ÌÏÇὴ ● ςꜗ , ꜗ Ḑﬞ ȟ╘

●ɳÌÏÇὴ ●

●

ρ

ς
▼Ᵽ● ●ɳÌÏÇὴ ● ●

ρ

ς
▼Ᵽ● ÔÒɳ●▼Ᵽ● ὅ

[HyvὥǊƛƴŜƴ Ωлрϐ

​●ÌÏÇὴ ●

Score function:

▼Ᵽ●[Training] Score Matching:

https://jmlr.org/papers/volume6/hyvarinen05a/hyvarinen05a.pdf
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Phase II (2011). Denoising Score Matching

●

ρ

ς
▼Ᵽ● ●ɳÌÏÇὴ ● ●

ρ

ς
▼Ᵽ● ÔÒɳ●▼Ᵽ● ὅ

●Ḑὴ ● ὴ● ȿ●

Minor Noise
ﬞ πȟ„Ὅ

ÌɳÏÇﬞ● Ƞ●ȟ„) 

● ●

„

ώ±ƛƴŎŜƴǘ Ωммϐ

 ● 

ρ

ς
▼Ᵽ● ●ɳÌÏÇὴ ●

[Training] Denoising Score Matching

 ● ȿ●

ρ

ς
▼Ᵽ●

● ●

„

https://www.iro.umontreal.ca/~vincentp/Publications/smdae_techreport.pdf
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Phase II (2011). Denoising Score Matching

●

ρ

ς
▼Ᵽ● ●ɳÌÏÇὴ ● ●

ρ

ς
▼Ᵽ● ÔÒɳ●▼Ᵽ● ὅ

●Ḑὴ ● ὴ● ȿ●

Minor Noise
ﬞ πȟ„Ὅ

ÌɳÏÇﬞ● Ƞ●ȟ„) 

● ●

„

[Generation] Langevin sampling 

● ᴺ● –ɳ ÌÏÇὴ ● ȿ● ςꜗ , ꜗ Ḑﬞ ȟ╘
▼Ᵽ●

ώ±ƛƴŎŜƴǘ Ωммϐ

 ● 

ρ

ς
▼Ᵽ● ●ɳÌÏÇὴ ●

[Training] Denoising Score Matching

 ● ȿ●

ρ

ς
▼Ᵽ●

● ●

„

https://www.iro.umontreal.ca/~vincentp/Publications/smdae_techreport.pdf


11   / / / / / /   Sony AI

Phase III (2019). Noised Conditioned Denoising Score Matching

Injecting incremental multiple levels of noises to data

ώ{ƻƴƎҌ bŜǳǊLt{Ωмфϐ

Lƴ ƎŜƴŜǊŀǘƛƻƴΧΦ Better initializationBetter initialization

https://arxiv.org/abs/1907.05600
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Phase III (2019). Noised Conditioned Denoising Score Matching

Injecting incremental multiple levels of noises to data

ώ{ƻƴƎҌ bŜǳǊLt{Ωмфϐ

Lƴ ƎŜƴŜǊŀǘƛƻƴΧΦ Better initializationBetter initialization

 ȟȿ

ρ

ς
▼Ᵽ●

ὼ ὼ ȟ

„ȟ ȿ

ρ

ς
▼Ᵽ●ȟ„

ὼ ὼ ȟ

„
‫

The vibe ƻŦ 5ƛŦŦǳǎƛƻƴ aƻŘŜƭ ŀǇǇŜŀǊŜŘΧ 

https://arxiv.org/abs/1907.05600


13   / / / / / /   Sony AI

Phase IV (2020). Score -Based Continuous Time Diffusion Model

Ễ

Data Noise
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ώ{ƻƴƎҌ L/[wΩнмϐ

https://openreview.net/forum?id=PxTIG12RRHS
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Phase IV (2020). Score -Based Continuous Time Diffusion Model

Ễ

Data Noise

D
e

n
si

ty
S

a
m

p
le

ώ{ƻƴƎҌ L/[wΩнмϐ

Forward Process

https://openreview.net/forum?id=PxTIG12RRHS


15   / / / / / /  Sony Research

Diffusion Model at High Level

Forward Process: Training data Ą white noise (simple space) 
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Diffusion Model at High Level

Generatednewimage Gradually transforming noise to a new image

Backward Process: Learn NN to gradually denoise
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Diffusion Model s Forward  Process
D
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u
se
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p
le

ώ{ƻƴƎҌ L/[wΩнмϐ

Users predefined noise schedulers: Ὢὼȟὸ & Ὣὸ 

ﬞ █●ȟὸ ɝὸȟὫ ὸ ɝÔ

●

Drift Term Diffusion Term

ɝύ

● █●ȟὸ Ὠὸ ὫὸὨὸẗꜗ ᴼ●
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Diffusion Model s Forward  Process
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Getting finer timesteps (ɝὸO π) leads to
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 with Ὠ◌ Ḑﬞ πȟὨὸ



19   / / / / / /   Sony AI

Diffusion Model s Forward  Process
D
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Users predefined noise schedulers: Ὢὼȟὸ & Ὣὸ 

ﬞ █●ȟὸ ɝὸȟὫ ὸ ɝÔ

●

Drift Term Diffusion Term

ɝύ

● █●ȟὸ Ὠὸ ὫὸὨὸẗꜗ ᴼ●

Getting finer timesteps (ɝὸO π) leads to

Ὠ● █●ȟὸὨὸὫὸὨ◌ ,
 with Ὠ◌ Ḑﬞ πȟὨὸ

For example,

█●ȟὸ π & Ὣὸ ςὸ
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Diffusion Model s Forward  Process
D

iff
u
se

d
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a
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Users predefined noise schedulers: Ὢὼȟὸ & Ὣὸ 

ﬞ █●ȟὸ ɝὸȟὫ ὸ ɝÔ

●

Drift Term Diffusion Term

ɝύ

● █●ȟὸ Ὠὸ ὫὸὨὸẗꜗ ᴼ●

Getting finer timesteps (ɝὸO π) leads to

Ὠ● █●ȟὸὨὸὫὸὨ◌ ,
 with Ὠ◌ Ḑﬞ πȟὨὸ

For example,

█●ȟὸ π & Ὣὸ ςὸ
 

Getting finer timesteps (ɝὸO π) leads to

Ὠ● ςὸὨ◌ ,
 with Ὠ◌ Ḑﬞ πȟὨὸ
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D
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ώ{ƻƴƎҌ L/[wΩнмϐ

Deterministic Process

Diffusion Model s Backward  Deterministic  Process (Generation)
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Deterministic Process

Diffusion Model s Backward  Deterministic  Process (Generation)

Getting finer timesteps (dὸO π  ÌÅÁÄÓ ÔÏ

●
Ὢὸ Ὣ ὸɳ ÌÏÇ ὴ ● , ● Ḑὴ  
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Deterministic Process

Diffusion Model s Backward  Deterministic  Process (Generation)

Getting finer timesteps (dὸO π  ÌÅÁÄÓ ÔÏ

●
Ὢὸ Ὣ ὸɳ ÌÏÇ ὴ ● , ● Ḑὴ  

For example,

█●ȟὸ π & Ὣὸ ςὸ
In our example,

●
ὸɳÌÏÇ ὴ ● , ● Ḑὴ  
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Deterministic Process

Diffusion Model s Backward  Deterministic  Process (Generation)

Getting finer timesteps (dὸO π  ÌÅÁÄÓ ÔÏ

●
Ὢὸ Ὣ ὸɳ ÌÏÇ ὴ ● , ● Ḑὴ  

For example,

█●ȟὸ π & Ὣὸ ςὸ
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Deterministic Process

Diffusion Model s Backward  Deterministic  Process (Generation)

In our example,

●
ὸɳÌÏÇ ὴ ● , ● Ḑὴ  
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Deterministic Process

Slope

●  ᴺ ● ὸɳÌÏÇὴ ● Ὠὸ

Diffusion Model s Backward  Deterministic  Process (Generation)

Getting finer timesteps (dὸO π  ÌÅÁÄÓ ÔÏ

●
Ὢὸ Ὣ ὸɳ ÌÏÇ ὴ ● , ● Ḑὴ  

For example,

█●ȟὸ π & Ὣὸ ςὸ
In our example,

●
ὸɳÌÏÇ ὴ ● , ● Ḑὴ  
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Score-Based Diffusion Model s Training and Sampling 
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ώ{ƻƴƎҌ L/[wΩнмϐ

Users predefined noise schedulers: ὼ ὥ● ὦ  ꜗwith ὥ ρ & ὦ ὸ 

Deterministic Process

Probability Flow ODE: 
●

ὸɳÌÏÇὴ ●

ρ

ὸ
ꜗ● ὸꜗ 

Denoising Score Matching (DSM):

●ͯ ● ɴל ȟ Ḑꜗﬞ ȟ╘ ‗ ▼Ᵽ●ȟὸ ÌɳÏÇὴ ●●
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Score-Based Diffusion Model s Training and Sampling 
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Users predefined noise schedulers: ὼ ὥ● ὦ  ꜗwith ὥ ρ & ὦ ὸ 

Deterministic Process

Probability Flow ODE: 
●

ὸɳÌÏÇὴ ●

▼Ᵽ ●ȟὸ

ρ

ὸ
ꜗ● ὸꜗ 

Denoising Score Matching (DSM):

●ͯ ● ɴל ȟ Ḑꜗﬞ ȟ╘ ‗ ▼Ᵽ●ȟὸ ÌɳÏÇὴ ●●
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What is Happening in Generation?

[¸ŀƴƎҌ /±twΩно]

Global structureFine-grained details

https://openaccess.thecvf.com/content/CVPR2023/papers/Yang_Diffusion_Probabilistic_Model_Made_Slim_CVPR_2023_paper.pdf
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What is Happening in Generation?

[¸ŀƴƎҌ /±twΩно]

Global structureFine-grained details

https://openaccess.thecvf.com/content/CVPR2023/papers/Yang_Diffusion_Probabilistic_Model_Made_Slim_CVPR_2023_paper.pdf
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What is Happening in Generation?

[¸ŀƴƎҌ /±twΩно]

Global structureFine-grained details

Gradual denoising process, on the other hand, 
offers flexibility and control!

https://openaccess.thecvf.com/content/CVPR2023/papers/Yang_Diffusion_Probabilistic_Model_Made_Slim_CVPR_2023_paper.pdf


Problems of 
Diffusion Models
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Problems of Diffusion Models

Inaccuracy of 
Training

Training

Slow Generation 
Speed

Sampling

High Cost for 
High-Dim. 
Datasets

Scalability
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Making Diffusion Models More Powerful

Inaccuracy of 
Training

Training

Slow Generation 
Speed

SamplingAccurate 
Training 

Fast & 
Controllable 
Generation

High Cost for 
High-Dim. 
Datasets

Scalability

ώL/[wΩнп Kim&Lai+] 
CTM

Cheap Training 
and Sampling 
in High-Dim.

ώL/a[Ωно [ŀƛҌϐ 
FP-Diffusion

ώbŜǳǊLt{Ωнп Kim&Lai+] 
PaGoDA
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Making Diffusion Model More Powerful

Inaccuracy of 
Training

Training

Slow Generation 
Speed

Sampling

High Cost for 
High-Dim. 
Datasets

Scalability

ώL/a[Ωно [ŀƛҌϐ 
FP-Diffusion
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Prior Distribution = Gaussian

Data manifold 

ὸ Ὕ

ὸ π

fl Ᵽ ḧ ȟ ▼Ᵽὼȟὸ ÌɳÏÇὴ ὼ

▼Ᵽ ὼȟὸ

Motivation of FP-Diffusion
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Prior Distribution = Gaussian

Data manifold 

ὸ Ὕ

ὸ π

fl Ᵽ ḧ ȟ ▼Ᵽὼȟὸ ÌɳÏÇὴ ὼ

▼Ᵽ ὼȟὸ

NN is hard to learn functions with large Lipschitzness 

Motivation of FP-Diffusion



FP-Diffusion

FP-Diffusion



39   / / / / / /  Sony Research

New perspective of score evolution: Score FPE

Density Densities follow 
Fokker -Planck Equation 

(FPE)

Data Data follow SDE

Forward SDE: Ὠ● █●ȟὸὨὸὫὸὨ◌

Probability flow ODE: Ὠ● █●ȟὸ Ὣ ὸɳ ÌÏÇὴ ● Ὠὸ

Diffusion Generation
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New perspective of score evolution: Score FPE

Density Densities follow 
Fokker -Planck Equation 

(FPE)

Data Data follow SDE

Forward SDE: Ὠ● █●ȟὸὨὸὫὸὨ◌

Probability flow ODE: Ὠ● █●ȟὸ Ὣ ὸɳ ÌÏÇὴ ● Ὠὸ
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Share the same
density PDE

Diffusion Generation
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New perspective of score evolution: Score FPE

Density Densities follow 
Fokker -Planck Equation 

(FPE)

Data Data follow SDE

Forward SDE: Ὠ● █●ȟὸὨὸὫὸὨ◌

Score Scores follow 
Score FPE

Diffusion Generation

Probability flow ODE: Ὠ● █●ȟὸ Ὣ ὸɳ ÌÏÇὴ ● Ὠὸ

‬ὴ ● ÄÉÖ● █●ȟὸ
ρ

ς
Ὣ ὸɳ ●ÌÏÇὴ ● ὴ ● π

Share the same
density PDE

Score: ▼●ȟὸȡ ●ɳÌÏÇὴ ●

‬▼ ●ɳ

ρ

ς
Ὣ ὸÄÉÖ●▼

ρ

ς
Ὣ ὸ ▼ ἂ█ȟἃ▼ ÄÉÖ█ π
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Score FPE-error  ᵼ density estimation quality 

Noise density
ὴ ȡ Data density

ὴ ὴ ὴὴὴ
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Score FPE-error  ᵼ density estimation quality 

Noise density
ὴ ȡ Data density

ὴ ὴ ὴὴὴ

ꞌ Ᵽ ḧ ‬▼Ᵽ ὸɳ●ÄÉÖ●▼Ᵽ ▼Ᵽ  
Љ
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Score FPE-error  ᵼ density estimation quality 

Noise density
ὴ ȡ Data density

ὴ ὴ ὴὴὴ

ὴȟⱣ ὴȟ Ᵽ ὴ ȟ Ᵽ ὴ ȟⱣ
ὴȟ Ᵽ

Probability Flow ODE: 
●

 ὸίⱣ ὼȟὸ

ꞌ Ᵽ ḧ ‬▼Ᵽ ὸɳ●ÄÉÖ●▼Ᵽ ▼Ᵽ  
Љ
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Score FPE-error  ᵼ density estimation quality 

Noise density
ὴ ȡ Data density

ὴ ὴ ὴὴὴ

ὴȟⱣ ὴȟ Ᵽ ὴ ȟ Ᵽ ὴ ȟⱣ
ὴȟ Ᵽὴȟ Ᵽ

KL divergence

Probability Flow ODE: 
●

 ὸίⱣ ὼȟὸ

ꞌ Ᵽ ḧ ‬▼Ᵽ ὸɳ●ÄÉÖ●▼Ᵽ ▼Ᵽ  
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Score FPE-error  ᵼ density estimation quality 

Noise density
ὴ ȡ Data density

ὴ ὴ ὴὴὴ

ὴȟⱣ ὴȟ Ᵽ ὴ ȟ Ᵽ ὴ ȟⱣ
ὴȟ Ᵽ

Theorems.  

Ὀ ὴ ȿὴȟ Ᵽ

ṎὈ ὴȿὴȟⱣ ꞌ Ᵽ ꞌ Ᵽ ꞌ Ᵽ ꞌ Ᵽ ὅ

Ⱦ

ὴȟ Ᵽ

KL divergence

Probability Flow ODE: 
●

 ὸίⱣ ὼȟὸ

ꞌ Ᵽ ḧ ‬▼Ᵽ ὸɳ●ÄÉÖ●▼Ᵽ ▼Ᵽ  
Љ
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Results on toy datasets
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Results on toy datasets
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Results on toy datasets

Imposing Score FPE + Vanilla DSM Ą Improve density learning

Score FPE bridges PDE to practical Diffusion Model
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More Than Thisṏ

ÅRelating to conservative field (or energy-based method)

ÅUsing PINNs for solving scores...?

ÅΧ

[ŜǘΩǎ ŎŀǘŎƘ ǳǇ ƻŦŦƭƛƴŜ ƛŦ ȅƻǳΩǊŜ ƛƴǘŜǊŜǎǘŜŘ ƛƴ ǘƘƛǎΗ
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Making Diffusion Model More Powerful

Inaccuracy of 
Training

Training

Slow Generation 
Speed

Sampling

High Cost for 
High-Dim. 
Datasets

Scalability

ώL/[wΩнп Kim&Lai+] 
CTM
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Motivation of CTM

PF ODE: 
●

ὸɳÌÏÇὴ ●

Noise

Clean

Generatednewimage Gradually transforming noise to a new image

Discretization 
errors

ώ{ƻƴƎҌ Ψнл {ŎƻǊŜ{59ϐ

ί ●ȟὸ

Noise
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Motivation of CTM

PF ODE: 
●

ὸɳÌÏÇὴ ●

Noise

Clean

Generatednewimage Gradually transforming noise to a new image

ώ{ƻƴƎҌ Ψнл {ŎƻǊŜ{59ϐ

Discretization 
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ί ●ȟὸ
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Motivation of CTM

PF ODE: 
●

ὸɳÌÏÇὴ ●

Noise

Clean

Generatednewimage Gradually transforming noise to a new image

ώ{ƻƴƎҌ Ψнл {ŎƻǊŜ{59ϐ

Discretization 
errors

ί ●ȟὸ

Noise

 Slow for generation

 Extremely high sample quality
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Fast Sampling in Diffusion Model

PF-ODE (2021)

Sophisticated solvers 
(2021-2022+)

ÅώL/[wΩнмϐ 55La

ÅώbŜǳǊLt{Ωннϐ 5taΤ 5taҌҌ

ÅώL/[wΩноϐ 59L{

ÅΧ Gradient

Training-free
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Fast Sampling in Diffusion Model

PF-ODE (2021)

Sophisticated solvers 
(2021-2022+)

ÅώL/[wΩнмϐ 55La

ÅώbŜǳǊLt{Ωннϐ 5taΤ 5taҌҌ

ÅώL/[wΩноϐ 59L{

ÅΧ

1. Higher-order gradients
2. Adaptive step-sizes
3. Extrapolations for better 

approximation
4. Χ

Gradient

Gradient

Training-free
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Fast Sampling in Diffusion Model

PF-ODE (2021)

Looking for more optimal 
trajectories for sampling (2023+)

ÅώL/[wΩноϐ wŜŎǘƛŦƛŜŘ Cƭƻǿ

ÅώL/[wΩноϐ Cƭƻǿ aŀǘŎƘƛƴƎ

Distillation from DM (2023-)

ÅώL/a[Ωно {ƻƴƎҌϐ /ƻƴǎƛǎǘŜƴŎȅ aƻŘŜƭ

ÅώL/[wΩнп Kim&Lai+] 

Consistency Trajectory Model

ÅΧΦ

Sophisticated solvers 
(2021-2022+)

ÅώL/[wΩнмϐ 55La

ÅώbŜǳǊLt{Ωннϐ 5taΤ 5taҌҌ

ÅώL/[wΩноϐ 59L{

ÅΧ Gradient

Training-free Training-based



CONSISTENCY 
TRAJECTORY 
MODEL
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Diffusion Ą Distillation

ÅTraining:

Ὂ ●ȟὸ ● όɳ●ÌÏÇὴ ●  Ὠό

Ὠ● όɳ●ÌÏÇὴ ●

PF-ODE (2021)

ÅTraining:

●ɳÌÏÇὴ ● ▼ꜚ ●ȟό

ÅSampling:

● ● όɳ●ÌÏÇὴ ● Ὠό

● ό▼ꜚ ●ȟόὨό

Diffusion Model Distillation-Based Model
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Diffusion Ą Distillation

ÅTraining:

Ὂ ●ȟὸ ● όɳ●ÌÏÇὴ ●  Ὠό

                     

ÅSampling: few steps!

█Ᵽ●ȟὝ

Ὠ● όɳ●ÌÏÇὴ ●

PF-ODE (2021)

ÅTraining:

●ɳÌÏÇὴ ● ▼ꜚ ●ȟό

ÅSampling:

● ● όɳ●ÌÏÇὴ ● Ὠό

● ό▼ꜚ ●ȟόὨό

▼ꜚ ●ȟό

Diffusion Model Distillation-Based Model

█Ᵽ●ȟὸ
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Diffusion Ą Distillation

ÅTraining:

Ὂ ●ȟὸ ● όɳ●ÌÏÇὴ ●  Ὠό

                     

ÅSampling: few steps!

█Ᵽ●ȟὝ

Ὠ● όɳ●ÌÏÇὴ ●

PF-ODE (2021)

ÅTraining:

●ɳÌÏÇὴ ● ▼ꜚ ●ȟό

ÅSampling:

● ● όɳ●ÌÏÇὴ ● Ὠό

● ό▼ꜚ ●ȟόὨό

▼ꜚ ●ȟό

Diffusion Model Distillation-Based Model

█Ᵽ●ȟὸ

This direction is drastically blooming since 2023 



/¢aΩǎ ¢ǊŀƛƴƛƴƎ ŀƴŘ aŜŎƘŀƴƛǎƳ 
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True Solution Trajectory

Consistency Trajectory Model (CTM) s Training 

π ί
Clean Noise

ὸ

●
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True Solution Trajectory

Consistency Trajectory Model (CTM) s Training 

π ί
Clean Noise

ὸ

●

Ὃ ●ȟὸȟί ● †ɳÌÏÇὴ ● Ὠ†

CTM learns any-to-any jump on the trajectory 
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True Solution Trajectory

Consistency Trajectory Model (CTM) s Training 

π ί
Clean Noise

{ƻƭǾŜ ǘŜŀŎƘŜǊΩǎ ǘǊŀƧŜŎǘƻǊȅ 
from ὸ to ί

Student network (CTM): Ὃ ÓÔÁÒÔ ÐÔȢȟὸ ȟὸ

ὸ

●

Ὃ ●ȟὸȟί ● †ɳÌÏÇὴ ● Ὠ††▼ ●ȟ†Ὠ†

CTM learns any-to-any jump on the trajectory 
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True Solution Trajectory

Consistency Trajectory Model (CTM) s Training 

π ί
Clean Noise

{ƻƭǾŜ ǘŜŀŎƘŜǊΩǎ ǘǊŀƧŜŎǘƻǊȅ 
from ὸ to ί

Student network (CTM): Ὃ ÓÔÁÒÔ ÐÔȢȟὸ ȟὸ

Ὃ  ȟὸȟί

ὸ

●

Ὃ ●ȟὸȟί ● †ɳÌÏÇὴ ● Ὠ††▼ ●ȟ†Ὠ†

CTM learns any-to-any jump on the trajectory 

Student network (CTM): 
Ὃ ÓÔÁÒÔ ÐÔȢȟὸ ȟὸ
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Consistency Trajectory Model (CTM) s Training

π ί ό
Clean Noise

Student network (CTM): Ὃ ÓÔÁÒÔ ÐÔȢȟὸ ȟὸ

Ὃ  ȟόȟί

Ὃ  ȟὸȟί

ὸ

●True Solution Trajectory

/¢aΩǎ {ƻŦǘ aŀǘŎƘƛƴƎ:
Teacher diffusion model

with multi-step ODE solver
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Consistency Trajectory Model (CTM) s Training

π ί ό
Clean Noise

Student network (CTM): Ὃ ÓÔÁÒÔ ÐÔȢȟὸ ȟὸ

●

Ὃ  ȟίȟπ

● Ȣ

Ὃ  ȟίȟπ

Ὃ  ȟόȟί

Ὃ  ȟὸȟί

ὸ

●True Solution Trajectory

/¢aΩǎ {ƻŦǘ aŀǘŎƘƛƴƎ:
Teacher diffusion model

with multi-step ODE solver

Any distances, or 
even GAN



70   / / / / / /  Sony AI

Consistency Trajectory Model (CTM) s Training

π ί ό
Clean Noise
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/¢aΩǎ {ƻŦǘ aŀǘŎƘƛƴƎ:
Teacher diffusion model
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CTM learns any-to-any jump on the trajectory 
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Consistency Trajectory Model (CTM) s Training

π ί ό
Clean Noise

Student network (CTM): Ὃ ÓÔÁÒÔ ÐÔȢȟὸ ȟὸ

●

Ὃ  ȟίȟπ

● Ȣ

Ὃ  ȟίȟπ

Ὃ  ȟόȟί

Ὃ  ȟὸȟί

ὸ

●True Solution Trajectory

/¢aΩǎ {ƻŦǘ aŀǘŎƘƛƴƎ:
Teacher diffusion model

with multi-step ODE solver

Any distances, or 
even GAN

CTM learns any-to-any jump on the trajectory 

fl fl



72   / / / / / /  Sony AI

Consistency Trajectory Model (CTM) s Training

π ί ό
Clean Noise

Student network (CTM): Ὃ ÓÔÁÒÔ ÐÔȢȟὸ ȟὸ

●

Ὃ  ȟίȟπ

● Ȣ

Ὃ  ȟίȟπ

Ὃ  ȟόȟί

Ὃ  ȟὸȟί

ὸ

●True Solution Trajectory

/¢aΩǎ {ƻŦǘ aŀǘŎƘƛƴƎ:
Teacher diffusion model

with multi-step ODE solver

Any distances, or 
even GAN

CTM learns any-to-any jump on the trajectory 

Ὠὼ ȟὼ Ȣ ὨὋ ὼȟὸȟί ὸȟὼ



/¢aΩǎ ŦƭŜȄƛōƛƭƛǘȅ ƛƴ ǎŀƳǇƭƛƴƎ 
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CTM s Sampling Flexibility

CTM enables both ƭƻƴƎ άƧǳƳǇǎέ ŀƭƻƴƎ ǘƘŜ ǎƻƭǳǘƛƻƴ ǘǊŀƧŜŎǘƻǊȅ and score evaluation!

CTM enables long jump along the trajectory 
Ą Allow our new sampling method 

Long jump (ῳὸḻπ)

Long Jump

ɝὸḻπ

Ὃ ●ȟὸȟὸ ɝὸ
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CTM s Sampling Flexibility

CTM enables both ƭƻƴƎ άƧǳƳǇǎέ ŀƭƻƴƎ ǘƘŜ ǎƻƭǳǘƛƻƴ ǘǊŀƧŜŎǘƻǊȅ and score evaluation!

CTM enables score evaluations 
Ą Allow score-based sampling & likelihood computation

Slope (infinitesimal jump ῳὸ π)

CTM enables long jump along the trajectory 
Ą Allow our new sampling method 

Long jump (ῳὸḻπ)

Long Jump

Slope/Score

ɝὸ π
ɝὸḻπ

Ὃ ●ȟὸȟὸ ɝὸ
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One-step  Generation with CTM

π

Clean Noise

Solution Trajectory

Ὕ

Ὃ  ȟ ȟ ὸ Ὕὸ π
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SOTA (beats DM) with One -Step

Student (CTM): Sampling step = 1Teacher: Sampling steps = 79

CTM

Takes minutes Within a second
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Multi step Generation with CTM: ‎-sampling

π

Clean Noise

Solution Trajectory

Ὕὸὸὸ

‎ π: Fully Deterministic Sampling
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Multi step Generation with CTM: ‎-sampling
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Clean Noise

Solution Trajectory

Ὕὸὸὸ

‎ π: Fully Deterministic Sampling
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Multi step Generation with CTM: ‎-sampling
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Ὕὸὸὸ

‎ π: Fully Deterministic Sampling
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Multi step Generation with CTM: ‎-sampling

π

Clean Noise

Solution Trajectory

Ὕὸὸὸ

‎ π: Fully Deterministic Sampling
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Multi step Generation with CTM: ‎-sampling

π

Clean Noise

Solution Trajectory

Ὕὸὸὸ

‎ π: Fully Deterministic Sampling

Ὕײַ
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Solution Trajectory

Multistep Generation with CTM: ‎-sampling

π

Clean Noise

Ὕὸὸ ὸ

‎ ρ: Fully Stochastic Sampling
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Solution Trajectory
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Solution Trajectory
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Solution Trajectory

Multistep Generation with CTM: ‎-sampling
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Clean Noise
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Solution Trajectory

Multistep Generation with CTM: ‎-sampling

π

Clean Noise

Ὕὸὸ ὸ

‎ ρ: Fully Stochastic Sampling
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Solution Trajectory

Multistep Generation with CTM: ‎-sampling

π

Clean Noise
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Solution Trajectory

Multistep Generation with CTM: ‎-sampling
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Clean Noise

Ὕὸὸ ὸ
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Solution Trajectory

Multistep Generation with CTM: ‎-sampling

π

Clean Noise

Ὕὸὸ ὸ

‎ ρ: Fully Stochastic Sampling

Ὕײַ ὸ Ễ ὸ
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Multi step Generation with CTM: ‎-sampling

π

Clean Noise

Solution Trajectory

Ὕὸὸ

‎ɴ πȟρ: Stochastic Sampling

ρ ‎ὸ
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Multi step Generation with CTM: ‎-sampling

π

Clean Noise

Solution Trajectory

Ὕὸὸ

‎ɴ πȟρ: Stochastic Sampling

ρ ‎ὸ
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Multi step Generation with CTM: ‎-sampling

π

Clean Noise

Solution Trajectory

Ὕὸὸ

‎ɴ πȟρ: Stochastic Sampling

ρ ‎ὸ
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Multi step Generation with CTM: ‎-sampling

π

Clean Noise

Solution Trajectory

Ὕὸὸ

‎ɴ πȟρ: Stochastic Sampling

ρ ‎ὸ
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Multi step Generation with CTM: ‎-sampling

π

Clean Noise

Solution Trajectory

Ὕὸὸ

‎ɴ πȟρ: Stochastic Sampling

ρ ‎ὸ
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Multi step Generation with CTM: ‎-sampling

π

Clean Noise

Solution Trajectory

Ὕὸὸ

‎ɴ πȟρ: Stochastic Sampling

ρ ‎ὸ

ײַ ὸ ρ ‎ὸ
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CTM is a General Recipe to Many Modalities
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SoundCTM s Generation with ‎-sampling

ώ{ŀƛǘƻҌ Ψнпϐ SoundCTM

https://koichi-saito-sony.github.io/soundctm/
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SoundCTM s Generation with ‎-sampling

One step

16 steps

‎=1 ‎=0.5 ‎=0.25 ‎=0

Semantically similar

ώ{ŀƛǘƻҌ Ψнпϐ SoundCTM

Semantic meaning varies as ♬ᴻ

User specified Text prompt: Thunderclaps, and hard rain falls and splashes on surfaces.

https://koichi-saito-sony.github.io/soundctm/
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Making Diffusion Model More Powerful

Inaccuracy of 
Training

Training

Slow Generation 
Speed

Sampling

High Cost for 
High-Dim. 
Datasets

Scalability
ώbŜǳǊLt{Ωнп Kim&Lai+] 

PaGoDA
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Motivation of PaGoDA

ÅDMs need to stay in the same dimension

Å²ƘŜƴ ƛƳŀƎŜ ǊŜǎƻƭǳǘƛƻƴ ҧΣ ǘǊŀƛƴƛƴƎ ŀƴŘ ǎŀƳǇƭƛƴƎ ǿƛƭƭ ōŜ ŎƻǎǘƭȅΧ

ÅCan we distill low-resolution DM for a high-resolution 1-step generation?

Training and Sampling Efficiency



Progressive 
Growing of 
Diffusion 
Autoencoder

PaGoDA
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Stage 1. Pretrain  DM on low -dim data

Encoder

Down 

Sampling
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Stage 1. Pretrain  DM on low -dim data

Encoder

Down 

Sampling

Train DM ▼ ●ȟὸ 
on low dim.
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Stage 1. Pretrain  DM on low -dim data

Encoder

PF-ODE 

forward

Down 

Sampling

Train DM ▼ ●ȟὸ 
on low dim.

●
ὸ▼ ●ȟὸ, 

starting from ●


