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Why for Widely used and impressively useful

Super-Resolution \ Image generation Molecule generation \ Drug design (Graph)
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What is

simulate

from noise

sample n  train
Pdata {xi} Pmodel
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Training examples Model samples

lan Goodfellow: “NIPS 2016 Tutorial: Generative Adversarial Networks” , 2016;
[http://arxiv.org/abs/1701.00160 arXiv:1701.00160].



What is

simulate
from noise
sample n  train
Pdata {xi} Pmodel
® o0 [ ) [ 1 ] o9 [ N I ]
® 00 [ ) 00 o ® 0 o

0" = argmaxE,,, .. logpmodel(T | 0)

®  MLE, KL divergence



How to

Energy-Based Models
Variational Autoencoder
Generative Adversarial Network
Autoregressive Models

Normalizing Flows
Diffusion Models




VAE
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VAE

To generate

training
process

generation
process

input

encoder

e

encoded vector

(in latent space)

sampler

sampled vector
(from latent space)

Z ~ Pmodel(z)

https://towardsdatascience.com/understanding-
variational-autoencoders-vaes-f70510919f73

decoder

d

decoded content

(reconstructed input /
generated content)



VAE

Pmodel (Z]X)
BUt The latent space should be regulated

l “A

; encoded data can be decoded
O without loss if the autoencoder

has enough degrees of freedom
A encoder decoder

WEA “ o .H‘-E. @
“training” data for fp.- Lo W without explicit regularisation,

some points of the latent space
the autoencoder i : =
are “meaningless” once decoded

https://towardsdatascience.com/understanding-
variational-autoencoders-vaes-f70510919f73



VAE
We expect

L |
A ,#
kN @
what can happen without regularisation x « what we want to obtain with regularisation

https://towardsdatascience.com/understanding-
variational-autoencoders-vaes-f70510919f73



VAE

We expect

L
ose poids in-tre /
Lakenk space Hhat

W"“““‘”‘"\@ @

O

irregular latent space x

https://towardsdatascience.com/understanding-
variational-autoencoders-vaes-f70510919f73

v

poinds Hat are close

regular latent space
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VAE

To generate

encoder

e

training
process

HEEEER

encoded vector
{in latent space)

input

generation
process sampler

sampled vector
(from latent space)

Z ~ Pmodel(z)

But

Pmodet (X) = jpmodel(z)pmodel(xlz)dz

Pmodel X|Z)Dmoger(2)

pmodel(zlx) = f dz

decoder

decoded cantent T

(reconstructed input /
generated content)

o

Pmodel (x)

Very hard to calculate

Thus
Pmodel (Z]X) q(z|x)

urn into an approximation
ptimization
Tractable bound on p,,,,4.:(x)
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VAE

Goal:
Pmodet (Z|X) q(z|x) variational inference
Su ppose: The family of Gaussians,
whose parameters are
p(z) = N(O, I) the mean and the

covariance

p(z|z) = N(f(2),cl) feF c>0
Find the best g
¢:(2) = N(g(z), h(z)) ge G he H

One trick: reparameterization
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VAE Fixed Px|z)

Goal: optimize py(x) KL =
qs(z|z) = argming Dk (qs(z|7)||pe(2]z)) logPGx) | 1 ) 0P() L
Dislas(212) ) = B | o 2] _ St "

) Eﬁf?:()ﬁ)n 16(Z1)] = Bay ele 2ot 2, @) a(z]x) will be an approximation of p(z|x) in the end
Rearrange Inpy(x) = D r(qs(z|2)||po(2])) — By, (2)2)[In g6 (2]@)]

+Ey, (22 Inpo(2, )]

—Eg, (2l [0 g (2]2)] + By (2]a) [0 po (2. )]
_E%(Z\m) Ingy(z[z)] + E%(ZI:G) Inpe(z)]
Optimize variational By (z12) [0 po (]2)]

lower bound —Drr(qe(2z|x)||po(2)) + Eq, (2)2) [In po(x|2)]

v
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VAE

Impg(x) = Drr(qs(2z|x)||pe(z|T))

+Eqg, (z]a)[Inpo(z, )]
> —Eg, (z]x) M qo (2 |€E)} +Eq, (z|2)Inpo(z, )]

—Eq, (z|x) N gy (z|x)

+Eq, (2]) 10 po(z|2)]

d
Lip,0%) =1/23750, (u) + op;,

L=Lp+ L#jgz

(

_ 2 _
Jagcrm 1)

— By, (z]a) [In g4 (2]2)]

_l_Eqa I:B)Unpé?( )]

_DKL(Q@(Z|m)||p9( )) + Eq¢(z|:13) [111p9(:13|z)]

Lp = D(Xg, X3)
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VAE

N(o, I) i

\\\\\\//:/
< — f

X o =h(x) X =f(z)

loss

C||x-xX]|? + KLI N( ,0), N0, 1)1 = C||x-f(2) [|> + KLI N(g(x) , h(x)), N(O, 1) ]
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GAN Goal ¢ = argnélin max V(6p,0¢)
(& D

Zero-sum game

, LD (9}33 QG)
X = —FE.p,.logDg, (x) — E,.p log (1 — Dﬂf;(z)))
Classify correctly
. V(aﬂa 86‘)
Pure noise

— Ea&:mp{mta(log Dgu(ﬂ:) + Ezwp:log(l - DQ;_;-(GQG(Z)))

Generator

G(2)

Generate nonrecognizable
sample
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GAN Goal ¢ = a.rgn;inn:éax V(6p,0¢)
o Fi)

Zero-sum game
See in distribution way
When Fix G

V(0p,0¢)
— Earmpdam (lﬂg Dﬂp(m) + Ezmpzlog(l o DHD(G‘?G(Z)))

Pdata () ] [ p:(z)
b [ pdata($) + pz(x) b pdata(x) + Pz(ilf)

Generator

G(z)

= D1 (paatall§ (Pdata + P2)) + Dir(P:|| 5 (Pdata + p2)) + C

Symmetric
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GAN

Tralning process

1 2
max[B. 4,109 Doy (&) + Bovp,10g(1 ~ Doy (G (2))) max B, 0g(Ds, (G, (2)))
3l - log(l — D(G(2))) |
— log D(G(2))
x/ | /

/
High gradigm

“ " [Lowgradient signal

Util Nash equilibrium



GAN

Variants on loss

Name Discriminator Loss Generator Loss —= SNS??\TN
NSGAN [59] —E[ln(a(D(x)))] — E[In(1 —o(D(G(2))))] —E[n(c(D(G(=))))] —a— WGAN
WGANIEL - EID(@)) ~EIDC() E[D(G/(=)) S —— L5.GAN
LSGAN [151]  E[(D(z) — 1)°] + E[D(G(2))?] E[(D(G(z)) —1)7] . —+— Hinge
Hinge [136] E[min (0, D( )—1)]—E[max(0, 1+D(G(=)))] E[D(G(=))
EBGAN [258] D(x)+ max(0,m — D(G(z))) D(G( )
RSGAN [107] _E[ln(o(D(@) — D(G(2)))) Elluo(~D(G(2))~D())) S

(a) GAN losses. (b ) Generator loss functions.

Vertically +45 Rot -45 Rot

Data augmentation
Lp= Eipu(e) DT (x))] = E.op)[D(T(G(2)))]
Lo = Ezwp(z} [D(T(G(Z)))]




GAN

Generate

Generator

G(z)

1024
—_—

X
100z —

Code Project and
reshape

Deconv 1

Deconv 3

Deconv 4 L
Image

lan Goodfellow: “NIPS 2016 Tutorial:
Generative Adversarial Networks” , 2016;
[http://arxiv.org/abs/1701.00160
arXiv:1701.00160].
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Diffusion

z=pg+09Oe€e~N(0,I)

Diffusion models:
Gradually add Gaussian
noise and then reverse

T

Q(ﬂ?t\ﬂ?t—l) = N(ﬂ?t; v1- ﬁtmt—laﬁtl) «"31 T|$0 Hq ﬂ?t|$t— B1 < B2 <. -+ < Br

t=1
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Diffusion T
VI—arz ~ N(0,(1— a)T)

Each X; follow N(y, §) Var(l—a)z + yT=am ~ N (O, far(l = air) + (1= a)]D

| — — N(0, (1 — apay 1))
= T
at:H,;:1ai at:]-_/Bt
T = /@xi 1 + /1 —azz1 where z1,2,...~ N(0,I);
= (/@122 + /1 —ap129) + /1 —auz

= V@@ + (a1 - a1)z + /T agz)
= /@G 1%t 9 + /1 — w129 where 2z, ~ N(0,1);

— Varo + /1 — ayz. Reparameterization: z = py + 09 ® €,e ~ N(0,1I)

q(z¢|z0) = N (25 v/ arzo, (1 — ag)I)
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Diffusion

Goal: get the reverse distribution

pe(fﬂt—l \ﬂ"t)

-

Reverse: py(Xor) = p(zr)
t=1

We find: po(xi—1|zs) = N(mt—l;ﬂﬂ(mtat)sEﬂ(mt:t)) When ..

With Bayesian

3 N 1 - 1 Oy 1 ) = 1— a4
q(xi-1|ze, o) = N (215 fixe, 20), BiT) e T N b= P
2 2(,(x¢, xp) 2,/ 2¢/a
> = - — ( Ty + — En),
o B, By 1 — o g
i Va, (1 — oy 1) Va1 P
iy (a,a0) = YoM g | VOO
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Diffusion

Goal: get the reverse distribution

fiy = : (z¢ — b 2t)
/At \/1 — ay
1 B :
po(x,t) = ﬁ(«’rt — i iﬁt z9(xt,t)) Model predict zy(x,, t)

24



Diffusion VLE

—logpy(za) < —logpy(zo) + Drr(g(zrr|zo)||pe(z1r|T0))

] (xl:T|mU) pﬂ{xﬂ:T)
= —10gy(20) + By /) |08 — ]; where  py(z1r|®0) = ——
° i P&(E?B:T)fiﬂe(mu] P&(‘I’ﬂ)
Loss function e
T1T|Z
=q7C=

L =E;;, [— log pg(zp)]

Q‘(ml:ﬂﬂ’ﬂ]]_

polzor) |

- EQ'{IJ.JI'P-HJ |:10g

. Lyvip =Ly + Ly 1+...4+Lg
Y
See KL divergence and cross "7 [, * "t

entropy in VLB Lo = Dy (a(eelee,20)llpo(milzen);  1<t<T -1
Lo = —log pg(zo|z1).

Ltsimplﬂ — mg,zf [HZt — Zg \f t Lo + \/1 — atzt, 2]

Predict the correct gaussian noise
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KT
D iffu Sio n Attention(Q, K, V) = softmax( Q ) -V
Vd
Whereszg)-go( i), K= W() 19(y), V = W“ To(y)
and Wg) c Rdxﬁ, W?{),Wg) RdXdT’ 0i(2;) € RNxdé1 To(y) € RMxdr

x € RHXWx3 7 — 5(}() c Rhxwxe
4 \T - Latent Space "\ (Conditioning
E Diffusion Process emanth
J Ma
> @ Denoising U-Net €g Nz Text
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£}
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\Pixel Spacg

e aE

denoising step crossattention  switch  skip connection concat \\ /




Graph

Graph ~ Strong representativeness

memss) We want to generate meaningful Graph too!

which is e
Graph similarto Zhavag '
. pr o R ;
Generative ~ Uisbaay
Model e
e
Synthetic graph Real graph

Drug discovery, material design
Social network modeling
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Graph
Node-level sequence

Traditional idea =

- l Edge-level
GraphRNN :'; T (11} § sequence = 0.9 = 0.9‘@
Node level&Edge level O—4) 0O0O—

Adjacency matrix

hy he ha ha hs he

———————————————————————————————————————————————————————

v 00 OO _
YT e i e.o“’

o
~|l=]olo

| l l
SOS— 1 1 0 0
ngr 0 51— 10 — .
5% "1 1 Sample + Edge-level Update
SZIT |1 NademUpdate
S5

GraphRNN: Generating Realistic Graphs with Deep Auto-regressive Models. J. You, R. Ying, X. Ren, W. L. Hamilton, J. Leskovec.
International Conference on Machine Learning (ICML), 2018.



Graph

Traditional idea

Recall the link
prediction head:

Head,qge (h$”, h"):=

u v

Linear(Concat(hELL), hS,L)))

GraphRL

Embedding+RL

Predict potential links
embeddings using node embeddings

) NodelD w2 &)
Node [0 |NodelD
© @5 Observe Sample NodeID Act Env render 0.1 | Step reward
— Edge " —> EdgeType update = 0 | Final reward
n
Message @ 0 |Stop
-, passing
Node (d) Dynamics
embedding  (a) State — G, Scaffold — C (b) GCPN — mg(a|G; U C) (c) Action —a; ~my  p(Gryq|Ge ar) (e) State — G, 44 (f) Reward — ¢
GraphRNN: Generating Realistic Graphs with Deep Auto-regressive Models. J. You, R. Ying, X. Ren, W. L. Hamilton, J. Leskovec. 30

International Conference on Machine Learning (ICML), 2018.



Graph

Traditional idea
GraphRL

GCPN(Policy Network)

Gradient

Query
dataset

Real
graph Gt+1

™~

| | Cross entropy loss

Generated
grph +1
/

Generated
graph Gr

(O—W\)
\
S,
(O==©)

BN [ Vironment

0.1

Policy gradient

Step reward
Final reward

| Supervised

—

Training

RL
Training
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Point cloud

G = (x,h), where x = (x1,...,XyN) € RN X3

h (hl,...,hN) c RN xd

Atomic Space Latent Space

" xh )

Daffusion Process T

Learned Denoising Process £g

Winter, R, Bertolini, M., Le, T,, Noe, F,, and Clevert, D.-A. Unsupervised learning of group invariant and equivariant representations. In Oh,¥p
H., Agarwal, A.,Belgrave, D., and Cho, K. (eds.), Advances in Neural Information Processing Systems, 2022.



Point cloud
Point cloud~ Equivariant

R+
0 1

After SE(3), It" s the same meaning

Learning autoencoding
functions E and D to represent geometries G in scalar

Need additional e_quivariant )

D(1(G),E(G)) = Ty(g) o D(E(G)) = G

Winter, R., Bertolini, M., Le, T, Noe, F,, and Clevert, D.-A. Unsupervised learning of group invariant and equivariant representations. In Oh, g
H., Agarwal, A.,Belgrave, D., and Cho, K. (eds.), Advances in Neural Information Processing Systems, 2022.



Point cloud

Use equivariant graph neural Networks in D and E

Rzi+t,zy, = £4(Rx+t, h); Rx+t, h = D (Rzx+t, zp)

JCAE — ﬁrecon =+ ‘Crega

ﬁrecon — 4:qu(zx,zh|x,h)p$ (Xa h‘Z)U Zh)

34



Point cloud

Challenge: latent space include both scaler and tensor

Require:

Po (Zxa Zh) — Do (RZX, Zh), VR

p@(zx,t—la Zh t—1 |Zx,ta Zh,t) —
pg (sz,t—lj Zhjt_]_ |RZX’tj Zh,t)) V R B
Loy = Ee(g).emn0.0),t [ W(t)||€ — €9(2y1.2ne,1)]]7].

Rzy 1+t 2011 = €9(Rzy s +t,2n,1), VR and t.

With ENN

Winter, R., Bertolini, M., Le, T, Noe, F,, and Clevert, D.-A. Unsupervised learning of group invariant and equivariant representations. In Oh, 35
H., Agarwal, A.,Belgrave, D., and Cho, K. (eds.), Advances in Neural Information Processing Systems, 2022.



Recap

Goal:

Pdata

Solution:

sample

. %

w 2] e —1¥| Variational inference

simulate
from noise

train
{xi}n Pmodel

/il

o x| Adversarial util equilibrium

Reverse noise

X2
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Recap

Graph: representativeness & equivariant issue

hs

Solution:

.@ n
LB n@
O=0O ©

(b) GCPN — mg(a,|G, U C)

he

Sample + Edge-level Update

Node-level Update

EdgeType

[0 |NodelD
Saggle 5 |NodelD
0 [Stop

Graph RNN

Act

—> Graph RL

(c) Action — a; ~ mg

Invariant tensor

Atomic Space

( X,h \ \
N £¢

» fg ‘—fr,'
\___ JNd




Thank you &

More discussion
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