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1. Introduction
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Generative Model Approximate p_data using the model!




1. Introduction

Key challenge: HIGH-dimensional data
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Normalizing constant

Intractable!
(1) Approximate normalizing constant

(2) Restricted NN

(3) Model only the generation process



1. Introduction

(1)

Approximate normalizing constant

ex) EBMs (Energy-Based Models)
limitation: inaccurate probability evaluation
Restricted NN

ex) AR models, Flow-based models, VAE
limitation: restricted model family

Model only the generation process

ex) GAN

limitation: can not evaluate probabilities



1. Introduction

Desiderata of generative model

+ Take full
advantage of
deep neural

networks
» Better samples

* Controllable

* Qutlier detection, model
comparison, compression...




*  Take full
advantage of
deep neural
networks

1 . IntrOdUCtion + Better samples

+ Controllable

p(x) : pdf

Vx log p(x) : (Stein) score function

* Outlier detection, model
comparison, compression...

B T T I A
\ AT . e e e A A s

Py et . - Score-based model satisfies the below!

- -

RS 1. Flexible Model

D =
R e

1

\

A Y

.

N

-

-

-

-

-

v

- —————

2. Improved Generation

v s o»

W ot - - -

3. Probability Evaluation

A -

e . . e e ———

A o ooy
P e g JF

R T B N e B e
PN W OW W W R R w_w

!

Score vs. density function



1. Introduction

Score-based model satisfies the below!
1. Flexible Model

- Bypass the normalizing constant

- Principled statistical methods ’

2. Improved Generation
- Higher sample quality (vs. GANSs)

- Controllable generation

3. Probability Evaluation
- Accurate probability evaluation

- Estimate data probability well

Better samples
Controllable

» Take full
advantage of
deep neural
networks

* Qutlier detection, model




2. Score-based Models



2-(a). Flexible Model



2-(a). Flexible Model

- Bypass the normalizing constant

- Principled statistical methods

p(x) Vx I?g p(x)

area = /1

10
T

T

Probability density function

Score function

----------

Vx IOgPa(x) = vxfo(x) _:_v_)glog_?_o'l
= vxfﬂ(x)




2-(a). Flexible Model

- Bypass the normalizing constant

- Principled statistical methods
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Score function
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2-(a). Flexible Model

- Input: {x1,%2, -, %8} K paata (%)
- Output: |Vx log paata (X)l

-  Model: SH(X) : R* — R? ~ Vx log paata (X)
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Loss Function



2-(a). Flexible Model

Loss Function

1
—Epi (%) [HVX log paata (X) — se(x) Hg] Fisher Divergence

2 ¢

But we don’t know the target! How to solve?

1. Score Matching
2. Sliced Score Matching

3. Denoising Score Matching



2-(a). Flexible Model

Loss Function

(1) Score Matching

1

E]Epdata (%) [HVX log paata (X) — se(x) Hg] Fisher Divergence

E l||s (x)]l5 + trace( Viso(x) )|~ L EN: lus (%)||2 + trace(Vysg(x:))
Ddata (X) 2 0 2 x°0 ~ N — 2 6 {2 2 X 0 1

Jacobian of sy(x)

Score Matching!

- Do not need the ground truth!

- Limitation: “not scalable”




2-(a). Flexible Model

Loss Function

(1) Score Matching

1
E Epdata (X) |:| ‘ VX ]'Og pdata

Deep score models

Compute ||sg(x) ||§ and trace(Vyxsg(x))
889’1()()
8z1

— S (X)

O(#dimensions of x)
Backprops!

0sg,1(x)  Ose
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Score Matching!

- Do not need the ground truth!

- Limitation: “not scalable”




2-(a). Flexible Model

Loss Function
(2) Sliced Score Matching

1 2

E]Epdata (%) [HVX log paata (X) — se(x) Hz] Fisher Divergence

1 T T 2

EEvapdata (x) [(V_Vx log pdata (X) _V_SH(X)) } Sliced Fisher Divergence

Ep,Ep... (x) [v Vi Se(x (_Sg ) ] (Integration by parts)

V' Visg(x)v =v' Vi (VTSQ(X)) Project onto random directions for scalability!
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vIVx(vTsg(x))

Computing Jacobian-vector products is scalable
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One Backprop!

Sliced Score Matching
is scalable

‘Epv Epdata (x :

iVXSQ (x)v
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+ 5 (ise(x)f] (Integration by parts)

v Vise(x)v = v' Vy(

T

\' sg(x)) Project onto random directions for scalability!




2-(a). Flexible Modé

Denoising Score Matching!

- Match the score of a noise-perturbed distribution

Loss Function

(3) Denoisi

Score Matching
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2-(b). Improved Generation
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2-(b). Improved Generation

P r s sk aa

How to sample from score function? <4 -

Data examples Score functions New data

- Langevin Dynamics

S ek h T N L N B B A e R e R WTRAMRRARA A4 4 S e 2 b
AATETATATA TR R R R A A A s s AR A A A A s e e ‘};)\(:" .
\ [ - | R RR AL L L . ok \x\—.—.-.-.‘-... s p
et P TSP e
R pessdds: r JiNNETToers e i MM e -
B 11 T R pethaad SAA Wiy eoeerrrr. . B .. BRI E TSt aaia s ok
NI P P I RS R BT R Rt RS iy Bl T o B
\‘."".11114. R \‘...",”rcco-...;» T EREE RN e . Y o

\“""’v’ltllllhli‘ \‘.'.""""“‘ll“ ~‘."""I'llllllkbb
R EERS I EALLE B Rk NN RN N RS e T gy AN
“""””411“llll\ RELT Y B PP e 744 400800\ ““""”4lllllltl\
Arvvrrrrrrrn ! FA 4y QS ITIPPPILS 444430 % R R Y Y VEEEEEE N
ccsvrrssssax $ 1A EERRN i ane rbinam vl dAEEENN ar s @rosssmras dtiitrrny
B sosxa bPEEYNN Ao e 8 saawa~dtdPENN & o tidia%e, s wammar ¥t 14 ERN
. i 3 L & 3 . i aaameiv bt P RN ot S s PR R N
: 2222222 v n A+ - s marn LAY §. herpeeeag R iEE
- e R b : s’ ¥ 34 3 B0 - i RSP PRSSStp R R
. 3 ¥ i st ¥ o 4 : aubapspet i f 4. Y 1\, At | §
- . YW R R - \ \ ,,,,,, R W N \ \ ¢ e T Y Y Y e e ——— \\
v« . -»»w\\\\\\\\\\\ o d 8 .,‘,“‘\\\\\\\\ ¢ ¢« Cuw .:-\~\\\\\\\\\\

Score function Follow the scores Follow the noisy scores
2, ~ N(0,1) A\dd randomness

- - € b
Sg(x) Xt+1 ¢ Xt + £so(x¢)
2

- -~ € _ a0y
Xi+1 — Xt + 55()(X/)+\/(_5 Z




2-(b). Improved Generation

How to sample from score function?

- Langevin Dynamics

Sample from p(x) using only the score Vy log p(x)

Step 1) Initialize 2° ~ ()

Step 2) Repeat ¢+ 1,2,---,T
z' ~ N(0,1)
x! x4 %Vx logp(xt_l) + ez




2-(b). Improved Generation

How to sample from score function?

- Langevin Dynamics

Limitations: Bad quality in LOW score region!

Data scores Estimated scores

Data density

CIFAR-10 data Model samples
mgﬂp . \',:"!:‘;Z
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Perturbed scores

Perturbed density

Langevin Dynamics

Solution: ADD noise to improve score estimation!

2-(b). Improved Generation
How to sample from score function?



2-(b). Improved Generation

How to sample from score function?

- Annealed Langevin Dynamics

T SIS TN\

1
N <

N

positive weighting function

A(o:)

1

Noise Conditional -
Score Model

)
=1

Ex) [||VX log psy(x) — s6(x,

i)l

Score matching loss

Generalization of DDPM loss



2-(b). Improved Generation

Controlling the generation process

"
e

Inverse distribution

Class-conditional generation

Vxlogp(x | y) = Vxlogp(x) + Vi logp(y | x) — Vxlogp(y)
= Vxlogp(x) + Vxlogp(y | x) — 0

(Unconditional) Score

~ S¢ (X)

Applications

Image inpainting

Image colorization

Stroke painting to image

Forward Model (=classifier)

Language guided image generation



2-(c). Probability Evaluation



2-(c). Probability Evaluation

Perturbing Data ( Forward )

-

(1) Stochastic Process Perturbed distributions
x
{ t}te[O,T] —_— — —

wf‘%

vV

(2) Probability Densities

{p: (X)}te[o,T]

(3) Stochastic Differential Equation (SDE)
dx; = f(x¢,t)dt + g(t)dw,

Deterministic Stochastic (small noise)

Po(x)




2-(c). Probability Evaluation

Perturbii

(1) Stoch

tic process

| 1
(2) Proba Generate via REVERSE process !

{p

(3) Stoch

dxg = J(x¢; vjur =+ grjuwy
Deterministic Stochastic (small noise)




2-(c). Probability Evaluation

Generating Data ( Reverse )

Perturbed distributions

(1) Forward SDE (0->T) R tochastic p

dXt = O'(t)th

(2) Backward SDE (0->T) "™

dx; = —o(t)*Vy log pi(x;)dt + o(t)dw;
small noise during backward




2-(c). Probability Evaluation

Score-based Generative Modeling via SDEs

Forward SDE (data — noise)

@ dxt = a(t)dwt )@
score function g —
(@ ol <@

Reverse SDE (noise — data)

Sg (X, t) -’ Confinuous fime.

il Positive weighting Score matching loss

Vi« log pi(x) function



2-(c). Probability Evaluation

Score-based Generative Modeling via SDEs

(1) Model ( = Time-dependent score model )
sg(x,/t) ~ Vy log f(x)

(2) Training: Loss Function

Hycao) POy, o || Vx log fx) — so(x B3]

(3) Sampling: Reverse-time SDE
dx = —c?(t)se(x, t)dt + o(t)dw

(3) Sampling: Euler-Maruyama
x X —o(t)? se(x,t) At + o(t)z  (z ~ N(0,|At|T))
t<—t+ At




Perturbed distributions

2-(c). Probability Evaluation | [Sessssses

x

SDE -> ODE — e

- To evaluate the probability! Pl P

(1) SDE (2) ODE
dx; — o(t)dw, % _ —%a(t)z Y, log py(x:)

Compute the exact likelihood with ODEs

1 [T
log pg(xg) = log w(x1) — 5 / o(t)? trace(Vyse(x,t))dt
0
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