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Deep Generative Model

Goal use NN to learn target distribution explicitly/implicitly
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WHAT IS
DIFFUSION MODELS?
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https://jmlr.org/papers/volume6/hyvarinen05a/hyvarinen05a.pdf

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

Phase Il (2011). Denoising Score Matching

[Training]Denoising Score Matching
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https://www.iro.umontreal.ca/~vincentp/Publications/smdae_techreport.pdf

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

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

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

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

Diffusion Model at High Level

Forward ProcesSraining data&d white noise (simple space)
_—_—mm-m-m-m - >
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Diffusion Model at High Level

Backward Procesisearn NN to gradually denois
C——————————————————————————————————————————————
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Di f f usi o nForiMadd d’tocess
Users predefined noise schedulé@om & Q0

Stochastic Process

Getting finevrﬂtuilmesteps $0C 1) leads to
e e ®QO T
With ’II:::- D (T[F]QQ)

2 e =:. ‘
S e ,
3V

Be ) "AOQdG" O e

Drift Term  Diffusion Term )
18 /11111 w{ 2y 3db




Di f f usi o nForiMadd d’tocess
Users predefined noise schedulé@om & Q0

Stochastic Process

For example,

& "qFo) V¢ o

0 T N v
R - &0
ey s -: '*.’ B 3 \‘
SR ' )
3V

Be ) "AOQdG" O e

Drift Term  Diffusion Term )
19 //1111 w{ 2y 3db




Di f f usi o nForiMadd d’tocess
Users predefined noise schedulé@om & Q0

Stochastic Process
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Di f f us i1 o nBadkwadde Detesministic  Process (Generation)

Deterministic Process

Denoised Sample
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DI f f us i1 o nBaddwadde Detesministic Process (Generation
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DI f f us i1 o nBaddwadde Detesministic Process (Generation

In our example,
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DI f f us i1 o nBaddwadde Detesministic Process (Generation

For example,

Denoised Sampl
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DI f f us i1 o nBaddwadde Detesministic Process (Generation

In our example,
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Score-Based Diffusi on Model S
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Score-Based Diffusi on Model S
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What Is Happening in Generation?

High-frequency Reverse Process Low-frequency

Finegrained detalls Global structure
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https://openaccess.thecvf.com/content/CVPR2023/papers/Yang_Diffusion_Probabilistic_Model_Made_Slim_CVPR_2023_paper.pdf

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

What Is Happening in Generation?

High-frequency Reverse Process Low-frequency

Finegrained details Global structure

Gradual denoising process, on the other hand,
offers flexibility and control!
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https://openaccess.thecvf.com/content/CVPR2023/papers/Yang_Diffusion_Probabilistic_Model_Made_Slim_CVPR_2023_paper.pdf

Problems of
Diffusion Models




Problems of Diffusion Models

Inaccuracy of
Training

Slow Generation

Speed

High Cost for
HighDim.
Datasets
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Making Diffusion Models More Powerful
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Making Diffusion Model More Powerful
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Motivation of FP-Diffusion
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Motivation of FP-Diffusion
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P-Diffusion

[ [
Evolution of scores follow
I u SI 0 n Score Fokker-Planck Equation (score FPE)
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New perspective of score evolution: Score FPE

Diffusion Generation
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New perspective of score evolution:

Score FPE

Diffusion
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New perspective of score evolution: Score FPE

Diffusion Generation

_
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New perspective of score evolution: Score FPE

Generation

h

Scores follow
Score FPE
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Score FPE-error v t density estimation quality /7
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N dData density

Noise denS|ty
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Score FPE-error v t+ density estimation quality /7
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Score FPE-error v t+ density estimation quality /7
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Score FPE-error v t+ density estimation quality /7
(—Probabmty Flow ODEE-  dip (D)
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Score FPE-error v t+ density estimation quality /7
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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 BSNMprove density learning
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More Than Thi so

A Relating to conservative field (or enetzgpgsed method)

A Using PINNs for solving scores...?
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Making Diffusion Model More Powerful

Training

Inaccuracy of
Training

Scalabllity

High Cost for
HighDim.
Datasets
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Motivation of CTV
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Motivation of CTV
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Motivation of CTV
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Fast Sampling in Diffusion Model

PFODE (2021)

Sophisticated solvers
(2021:2022+)
A oL/ [ wQHuMB 55La
A obSdzNLt { QuHu®8 5taT 5tabb
A oL/ [wQHOB8 59L{

A X Gradient
9




Fast Sampling in Diffusion Model

PFODE (2021)

Gradient
e

Sophisticated solvers

(2021:2022+)
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Fast Sampling in Diffusion Model

PFODE (2021)

Sophisticated solvers Looking for more optimal T
(2021:2022+) trajectories for sampling (2023 Distillation from DM (202§
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CONSISTENCY
TRAJECTORY

VIODEL

stency Trajectory Models: Learning
ility Flow ODE Trajectory of Diffusior

Dongjun Kim*:#1, Chieh-Hsin Lai*,
si-Hsiang Liao, Naoki Murata', Yuhta Takida', Toshimitsu Uesaka', Yutong He%"3,
Yuki Mitsufuiji2, Stefano Ermon4,

sony Al, 280ny Group Corporation, 3Carnegie Mellon University, 4Stanford University
ICLR 2024

*Equal Contribution (2 Dongjun Kim; £ Chieh-Hsin Lai)

#|nternship at Sony Al

ICLR'24 OpenReview




Diffusion A Distillation

_ Diffusion Model
ATraining:

1,1 17C (o)
ASampling:
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Diffusion A Distillation

_ Diffusion Model
ATraining:

1,1 17C (o)
ASampling:
° ° 0
o 0

PFODE (2021)
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ATraining:
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Q0
A Samplingfew steps!

61 //111]




This direction Is drastically blooming since 202
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Consi stency Trajectory |

Clean Noise
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CTM learns anip-any jJump on the trajectory

Clean ‘ Noise
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CTM learns anip-any jJump on the trajectory

{2t @3S G4SI O
from oto i

Clean Noise
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CTM learns anip-any jJump on the trajectory

{2t @3S G4SI O
from oto i

Clean Student network (CTM):

Noise
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Consi stency Trajectory |
Student network (CTMP® OO A@D»

/] ¢dQa {2FhG al
Teacher diffusion model

g . yyith multi-step ODE solver
O @® hoh y, \\ ,

Clean Noise
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Consi stency Trajectory |
Student network (CTMP® OO A@D»

/] ¢dQa {2FhG al
Teacher diffusion model
"O— @Hh I with multi-step ODE solver
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Consi stency Trajectory |
Student network (CTMO OO0 A®D D

/] ¢dQa {2FhG al

CTM learns anto-any jump on the trajector
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Clean Noise
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Consi stency Trajectory |

Student network (CTMO OO0 A®D D

/] ¢dQa {2FhG al

CTM learns anto-any jump on the trajector
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Clean Noise
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Consi stency Trajectory |

Student network (CTMO OO0 A®D D

/] ¢dQa {2FhG al

CTM learns anto-any jump on the trajector
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CTM s Sampling Flexi bi |
CTMenablesboth 2 v 3 a 2dzy LJa ¢ | f 2y andscdesevaiugtiond

“O O F[‘f[‘) 3\-(‘) PF ODE trajectory

Long jumpd 1)
CTM enables long jump along the trajectory Long Ju
A Allow our new sampling method

30|
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CTM s Sampling Flexi bi |
CTMenablesboth 2 v 3 a 2dzy LJa ¢ | f 2y andscdesevaiugtiond

“O O F[‘f[‘) 3\-(‘) PF ODE trajectory

Long jumpd 1)
GTM enables long jump along the trajectory > Long Ju

Slope/Score

A Allow our new sampling method

Slope (infinitesimal jump 0 1)

CTM enables score evaluations
A Allow scorebased sampling & likelihood computation 30| T

30 TI
— 7
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One-step Generation with CTM

Clean Noise
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SOTA (beats DM) with One -Step

L.—
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Ee

TeacherSampling steps = 79 Student (CTM)Sampling step =1

Takes minutes Within a second
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Multi step Generation with CTM: [ -sampling
" 1T Fully Deterministic Sampli

Clean Noise
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Multi step Generation with CTM: [ -sampling
" 1T Fully Deterministic Sampli

Clean Noise
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Multi step Generation with CTM: [ -sampling
" 1T Fully Deterministic Sampli

Clean Noise
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Multi step Generation with CTM: [ -sampling
" 1T Fully Deterministic Sampli

Clean Noise
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Multi step Generation with CTM: [ -sampling

" 1T Fully Deterministic Sampli

Clean Noise
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Multistep Generation with CTM: [ -sampling
" p: Fully Stochastic Sampli

Clean Noise
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Multistep Generation with CTM: [ -sampling
" p: Fully Stochastic Sampli

Clean Noise
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Multistep Generation with CTM: [ -sampling
" p: Fully Stochastic Sampli
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Clean Noise
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Multistep Generation with CTM: [ -sampling
" p: Fully Stochastic Sampli
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Multistep Generation with CTM: [ -sampling
" p: Fully Stochastic Sampli

Clean Noise
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Multistep Generation with CTM: [ -sampling
" p: Fully Stochastic Sampli

Clean Noise
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Multistep Generation with CTM: [ -sampling
" p: Fully Stochastic Sampli

Clean Noise
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Multistep Generation with CTM: [ -sampling
" p: Fully Stochastic Sampli
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Multi step Generation with CTM: [ -sampling
' N 7ip : Stochastic Samplin

Clean Noise
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Multi step Generation with CTM: [ -sampling

' N 7ip : Stochastic Samplin

Clean Noise
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Multi step Generation with CTM: [ -sampling

' N 7ip : Stochastic Samplin

Clean Noise
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Multi step Generation with CTM: [ -sampling

' N 7ip : Stochastic Samplin

Clean Noise
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Multi step Generation with CTM: [ -sampling

' N 7ip : Stochastic Samplin

Clean Noise
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Multi step Generation with CTM: [ -sampling
' N 7ip : Stochastic Samplin
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CTM is a General Recipe to Many Modalities

SoundCTM: Uniting Score-based and Consistency
Models for Text-to-Sound Generation

Koichi Saito Dongjun Kim Takashi Shibuya  Chieh-Hsin Lai
Sony Al Stanford University Sony Al Sony Al
NY, USA CA, USA Tokyo, Japan Tokyo, Japan

koichi.saito@sony.com

Zhi Zhong Yuhta Takida Yuki Mitsufuji
Sony Group Corporation Sony Al Sony Al, Sony Group Corporation
Tokyo, Japan Tokyo, Japan NY, USA

DITTO-2: Distilled Diffusion Inference-Time T-Optimization
for Music Generation

Zachary Novack' Julian McAuley’ Taylor Berg-Kirkpatrick' Nicholas Bryan®
! University of California — San Diego

2 Adobe Research

znovackf@uesd.edu, nijbfieees.org
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S o und CiGkheration with [ -sampling

SoundCTM: Uniting Score-based and
Consistency Models for Text-to-Sound
Generation

Koichi Saito!, Dongjun Kim?, Takashi Shibuya', Chieh-Hsin Lail,
Zhi Zhong3, Yuhta Takida', Yuki Mitsufuijil-3,
1SDny Al, 2Stanford University, 380ny Group Corporation
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https://koichi-saito-sony.github.io/soundctm/

S o und CiGkheration with [ -sampling

{User specified Text promptThunderclaps, and hard rain falls and splashes on sur}ace

One step |

Semanticallyisimilar

16 steps
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https://koichi-saito-sony.github.io/soundctm/

Making Diffusion Model More Powerful

Training

Sampling

Scalg
SLESEANN %] |High Cost for
PaGGoDA High-Dim.

Of=l0 Datasets
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Motivation of PaGoDA

A DMs need to stay in the same dimension

A2 KSy AYIF3IS NBazftdziazy mX GNIAYAY

A Can we distill lowesolution DM for dighresolution1-stepgeneration?

Training and Sampling Efficiency



Progressive
Growing of
Diffusion
Autoencoder
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Stage 1. Pretrain DM on low -dim data

- Encoder

Down
Sampling & i
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Stage 1. Pretrain DM on low -dim data

- Encoder

Down
Sampling & i

Train DMV o D
on low dim.
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Stage 1. Pretrain DM on low -dim data

Down
Sampling
Al oV o D,
starting frome
Train DMV o D

on low dim.
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