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1. Jonathan Ho, Ajay Jain, Pieter Abbeel (2020) Denoising diffusion probabilistic models,
Advances in Neural Information Processing Systems 33

2. Jonathan Ho, Tim Salimans (2022) Classifier-Free Diffusion Guidance, arXiv.2207.12598
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Curriculum Vitae

Speaker Name: Yung-Kyun Noh, Ph.D.

» Personal Info

Name Yung-Kyun Noh
Title Department Chair, Associate Professor
Affiliation 1. Department of Artificial Intelligence, Hanyang University

2. Department of Computer Science, Hanyang University
3. School of Computational Sciences, Korea Institute
for Advanced Study

p» Contact Information

Address 605 ITBT, 222 Wangsimni-ro, Seongdong-gu,
Seoul 04763, Rep. of Korea
Email nohyung@hanyang.ac.kr

Phone Number  02-2220-1409

Research Interest

Machine Learning, Nonparametric methods, Information theory

Educational Experience
1998 B.S. in Physics, POSTECH, Rep. of Korea
2011 Ph.D. in Computer Science (Interdisciplinary Program in Cognitive Science),

Seoul National University, Rep. of Korea

Professional Experience

2007-2012 Visiting Scholar, Department of Electrical and Systems Engineering, University of
Pennsylvania, Philadelphia, PA, US.A.

2019-2021 Assistant Professor, Department of Computer Science, Hanyang University, Seoul,
Korea

2019-2021 Associate Member, School of Computational Sciences, Korea Institute for

Advanced Study, Seoul, Korea

2020-2021 Visiting Scientist, Gastroenterology and Hepatology, Mayo Clinic, Rochester, MN, USA
2018- Visiting Scientist, RIKEN Center for Advanced Intelligence Project (AIP), Tokyo, Japan
2021- Affiliate Professor, School of Computational Sciences, Korea Institute

for Advanced Study, Seoul, Korea

2021- Associate Professor, Department of Computer Science, Hanyang University, Seoul, Korea
2022- Research Collaborator, Gastroenterology and Hepatology, Mayo Clinic, Rochester,
MN, USA

2023- Chair, Dept. of Artificial Intelligence, Hanyang University, Korea
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Data generation

x ~ p(x)

Iﬂlﬁﬂl’bﬁl =

Figure 1: Generated samples on CelebA-HQ 256 x 256 (left) and unconditional CIFAR10 (right)

= RPixel




Data generation 101

Cumulative distribution

Plz) = /93 p(z)dx =u

—_— D

= Pﬁl(u)

du = p(x)dx

w ~ Unif(0,1)

0 —00

Flow-based model (Normalizing flow)
p(x)dx =p(u)du , x=T(u) (full-rank transformation)
du

p(x) = p(u) Base distribution Pu ()

dx
= p(u) det J; 1 (u) /\Q/\

v

consecutive
Flow — Gradually transformed by the sequence o}(ransformations T,....Tk
T=Tyg Ti_1---Th

Normalizing — the inverse flow T,;l, . ,Tl1

4 —4 -2 0 2 4 -4 =2 0 2 4

G. Papamakarios et al. JMLR 2021 4




Flow-based model (Normalizing flow)

Learning

Data D = {x;}V, ~ p(x)

Prevent compression from x to u
Maximum Likelihood det JT(ui) _

Minimize Gaussian / du ‘“
N

N
L=Y —logp(x;) =Y  —logpu(u;) — logdet Jr (u;)
=1

=1

-1
u; =17 (x;)
Likelihood representation with respect to p(u)

The loss is sensitive to the volume change of transformation due to the
determinant of Jacobian.

Deterministic flow:
Reversed flow is “exactly” the backward flow




Variational Autoencoder

L(x) = log p(x|zx) — K'L(4x(2)||p(2))
= —||X I >~((Zx)||2 - KL(N(:LLX7 EX)HN(OvI))
\ NN

Neural Networks (Decoder) — Neural Networks (Encoder)

e ~N(0,1)

Variational Autoencoder

p(x) p(z|x) € Some appropriate Gx(z) : Gaussian

p(x|z)

_ p()p(zx)

p(z)

N e

mapping :N(M 3 )

z € RP» —
Lix c RDZ7EX c RDZXDZ

Reparametrization
from Gx (2) Then

Optimize

Ix — f(=2)|]* |
K L(gx,p(z)) |

https://gotha 9 okI}R 4 ay-
trains-actuaIIy-Iess-crowded-thMey-appear




Diffusion models

- Forward process
Pick up x¢ ~ p(x), then randomly move

- Reverse process
How does backward process make flow?

=D

Diffusion models

Diffusion of Non-uniform density makes a global flow

p(x/\/\ A
SRR 7 A
T N U

AN
2 Noise

= NS %\V\W\X flows

(\fr AT

Reverse process in diffusion model reconstructs the backward
global flow.

Now/\ M
L p(x)

_ _9\& %\0\7(/& '?\OW

10




Forward-Reverse process

Forward process
p(zfer) =1

pzalzs) =1

Reverse process
p(zi]z1) =1

p(raz) =1

Reverse process
Any process that preserves

1 1
marginal will work. Do not p(z1|z1) = 3 p(z2|z1) = 3
consider joint density over x
diiz 3 1
- plaalze) = 7 plaalz) = 5
|
|
' 11
Underlying diffusion procedure
Data
p(xr) = N(x7;0,1) xp ~ q(Xo)

Pe(xa71|xt)

s
i I
Figure 2: The directed graphical model considered in this work.

T

q(x1.7(%0) = H q(x¢|xt-1), q(x¢[xt-1) = N(xe; /1 = Bixt—1, Be])

t=1
By >0

q(x1.7|%0), q(x%¢|%¢_1): Gaussians

If p(xq) is Gaussian,
q(xt_|1|xt) is Gaussian.

Caution) ¢(x;—1|x;) : Not Gaussian

v
q(Xe—1]%¢) = /Q(Xt—1|xtsX0)p(XO)de
' : Gaussian mixture




Model for reverse process

pG(XO T XT ]___[PG(Xt 1|Xt) PB(Xt—1|Xt) = N(Xt—1§ .u‘ﬂ(xtvt)v Zg(xt,t))

Objective function:

E [~ log po(x0)] < E, [_ log M]

q(x1.7[%0)

=E, [ —log p(x1) — Zlog IM] ==

i>1 Q(Xt|xt—1)

Look at the derivations in the next two pages...

13

Objective function - 1

PB Xt—1|X
t>1

=E, |- logp(xr) — Zlo Po (1 [xt) Q(xt_l)
i>1 q(x¢—1]x¢) q(x¢)

=E, _10gfm _ ZIOgM — log q(xo)

axr) 5 7 abxe-fxe)

= Dxv(q(x7) || p(x1)) + Eq | Y Dxr(g(xe—11%:) || po(xe—1|x:)) | + H(x0)

Can we have this density function?

14




Obijective function - 2

L=E,|-log Polxo:r)_ ]

Q(xlzT|X0)
po(Xe—1|X¢t)
=, | —logpn(x log
q g p(x7) ; % 1)]

— Po(Xi— 1|Xt) Po(Xo|x1) .
=E,|—1 | — Jog 2/
q ogp(xr) Z 0og Xt|Xt ) 0og q(xllxo)L/CQ\’uﬁlo't/VW

= t>1 ” >(0 %’\}%
:IE _logp(xT Zlo pﬂ Xi— llxt) Q(xt—llxo) pG(xﬂlxl)
! i =1 g(x¢—1[x1,%0) _ q(x[xo) q(x1(%0)
— XT) pG X¢—1|X¢)
=E,|—log log —lo Xp|x
q XT|XD ; (%1%, %0) g po(Xo| 1)]

- =Eq | Dxu(q(xr(x0o) || p(xr)) + ZDKL(Q(Xt—ﬂxtaXO) || Po(xe—1l%t)) — IOgPB(X0|X1)]
| t>1 _—
Lr Ly Lo @

15

Tractable functions

q(x¢—1|%0)

q(xt_1|xt,x0) — Gaussians

Q(Xt|xo) B

16




Decomposition for Gaussian inference

p(xa: Xb)

1 1 Xa — MHa T Ea
- R T 2ba
D Ea. Ea.b
V2
7 ‘ ( Ypa b )

Halp = Zap Xy " (%6 — o)

\

1 —
= Cexp (_E (xa - Eabﬂgl(xb - P"b))T (Ea - Eabzglzba) ! (xa - Eabzgl(xb - lufb))

Bl=

=)
—% (b — ) 5 (i — P«b)}) ajp = Za — BapZy  Lta

1 _
_ Cexp (—E(xa o) TS a5 (Xa — fapp) — p(xalxs) p(xb)

—%(Xb — pe) " 5y (% — Mb))

17

Decomposition for Gaussian inference

x — (XG) X, € RDa o [la _ Ea,
xXp) x;, € RPv w 2ba
p(x) = —— —exp (—1(x TR (- m)
Norsthib 2

= () exp (_%(Xc& - ﬂalb(xb))TE;i(xﬂ - ‘uﬂ|b(xb))> '

1
Cs exp (—a(xb — ) TSy (x — ub))

P(x) = p(Xa,Xp) = P(Xa|Xs)p(Xs)

18




Gaussian random variable - marginalization

Xb

p(xs) = / P(Xeas X0)dXa
- / P(Xal%5)p(%5) d
— N(:ulh Zb)

Gaussian random variable - marginalization

P00 = —p—exp (—3 6= =)

p(xcn Xb)

m\

o () (&) (62)

20

-10 -




Gaussian random variable - conditioning

1 1 To—tee .
p(x)_\/ﬁDrEI% exp(wa(x—ﬂ) 3 ¢ #))

Halb = MHa + Eabzb_l(xb - Ub)
Eaa|b =Yg — Eabzb_lzba

-11 -



E, | Dxw(q(xr|x0) | p(xr))+ Y Dxr(q(xe-1/x:,%0) || po(xi-1/xt)) —log pa(xolx1)

t>1
LT > Lt—l LO

Given X, everything is Gaussian. (Joint is not.)

— t
Ay = 1 - ;Bt Q¢ = ]._.[Szl Qs

q(x¢|x0) = N (%43 vVouxo, (1 — ay)I)

ng‘1i'(3(t—1 Ixt: XD) = N(Xt—l ; by (xta XU): BtI)
i
1—aq

Voai(l —ap_ ~
=+ t( — t I)Xt and ﬁt _ 6t
1—ay 1—a;

23

Learning

- Model
Po(Xi—1[x¢) = N(xp—1; g (X1, 1), B (x4, 1)) Yo(xs,t) = 071

- K-L divergence:

.
Ly = By | el x0) — o 0P| + €

t —_

fie(x¢,X0)

Heo (Xt7 t)
o1

24
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Conditional mean

Xt (X0, €) = /X + V1 — aye€ e ~N(0,1I)

Lt—l —C , X0
=E RN x¢ (X0, €) ! (x¢(x0,€) — V1 — a€) (x¢(x0,€),1) 2
= Lxg,e 20_? oy t\40,€/, \/a_t t\40, t Mol Xt(X0, €),
1|1 B, 2
- Ex ela 9 3 - T - s at
1207 || Vay (Xt(xo €) me) o (Xe (X0, €), 1) ]
Recall ( )
- _ Va—1Pe Vor(l —a_q > 1=
Ht(xtaxo) =1 o Xg + 1— o x; and = 1— ay Bt
26
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[, must predict \/%_t (xt — L e) given x;

t

- Reparameterization

o 1) = e (3 o0~ VT a0

— \/Z_t (xt — %eg(xht))

€p 1s a function approximator intended to predict € from x;

B

20'5"031;(1 — a&t) |

Exg,e|: e — ep(varxo + vVI— ate,t)“Q]

27

Procedure

2
E, . B € — €o(v/arxo + VI —are,t)|

20'3051;(1 — C_lit)

- From Xy, generate X, then predict €.

- The distribution of €p(x+,%0) is determined by the
distribution of Xo. “Distribution of € is isotropic
Gaussian (non-informative).”

- Given Xo, the distribution of € should be non-

_ informative. After marginalization, the expectation is
" the global flow of data due to diffusion.

28

-14 -



Algorithm 1 Training

I: repeat

2: x0 ~ q(x0)

3: t~ Uniform({1,...,7})
4: €~ N(0,I)

5: Take gradient descent step on

Vo ||e — eg(varxo + 1/1 — €, t)”

6: until converged

Xt

Algorithm 2 Sampling

. X7 NN(O:,I)
cfort=1T,...,1do
z~N(0,I)ift > 1,elsez =0

1
2
3
4: x1-1 = ‘/%_t (xt — \}%ee(xht)) + otz
5
6

: end for
: return xgo

30
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Adding noise

|

lia»--xikxwvvvvwew

Figure 6: Unconditional CIFAR10 progressive generation (Xo over time, from left to right). Extended samples
and sample quality metrics over time in the appendix (Figs. 10 and 14).

31

Results

Share x,,, Share x,,, Share X, Share x,,, Share x,

Figure 7: When conditioned on the same latent, CelebA-HQ 256 x 256 samples share high-level attributes.
Bottom-right quadrants are x;, and other quadrants are samples from pg (xo|x¢).

32
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Denoised
interpolation

Image

NN ARR RN
%erY..VT T T T_,rT Y.

L
,t ' El' &

’

Pixel-space Source X
interpolation

Figure 8: Interpolations of CelebA-HQ 256x256 images with 500 timesteps of diffusion.

Source Rec. A=0.1 A=0.2 A=0.3 A=0.4 A=0.5 A=0.6 A=0.7 A=0.8 A=0.9 Rec. Source

1000 steps

875 steps

750 steps

625 steps

~

500 steps

&8 < s B,
D D DD &

-

375 steps

250 steps

125 steps

-

0 steps

-

,-<i‘.

Figure 9: Coarse-to-fine interpolations that vary the number of diffusion steps prior to latent mixing. o

Classifier-free guidance

Vi, logp(y|x:) = Vy, log p(x¢|y) — Vi, log p(x:)
1

=== (ﬂ?(xta t,y) — €q(xt, t))

éﬂ(xt:tay) - Eﬁ(xta t:y) -

V1—a wVy, logp(y|x:)

= Eg(Xt, t, y) + w(€9(xta t, y)
= (’UJ + l)eﬂ(xta t; y)

— €9(Xt,t))
— weg(x¢, t)

34
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Summary

Diffusion and Construction of Global Flow

Inference with Gaussians

Learning in DDPM

- 18 -



Link

ColLab -> Open notebook -> Github ->

Enter a GitHub URL or search by organization or user
nohyung

Repository
nohyung/2024 BIML
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