Adv ML for Gen-Al

Discrete Generative Model

https://ml-graph.github.io/spring-2026/

Yu Wang, Ph.D.

Assistant Professor
Department of Computer Science
University of Oregon
Personal: https://yuwang0103.g1thub.10/
Lab: https://kindlab-fly.github.10/

Knowledge Intelligence for Discovery and Decision-making (KIND) Lab


https://ml-graph.github.io/spring-2026/
https://ml-graph.github.io/spring-2026/
https://ml-graph.github.io/spring-2026/
https://ml-graph.github.io/spring-2026/
https://ml-graph.github.io/spring-2026/
https://ml-graph.github.io/spring-2026/
https://yuwang0103.github.io/
https://kindlab-fly.github.io/
https://kindlab-fly.github.io/
https://kindlab-fly.github.io/
https://kindlab-fly.github.io/
https://kindlab-fly.github.io/

Summary — Distribution
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Summary — Existing Generative Methods

Probability distribution of the objective based on the observed data

{xi}N > P(x) > X

=1  Good Model Good Data

* Machine Learning Methods

—

o Gaussian Kernel Density Estimation

Using existing function to estimate what you do

o Gaussian Mixture Models not know that can best fit your observation

* Deep Learning Methods
o Auto-Encoder (AE)
o Variational AE (VAE)
Using learnable function to estimate what you do

o Generative Adversarial Network (GAN) not know that can best fit your observation

o Diffusion Model
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Summary — Continuous Generation
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(a) MNIST (¢t = 1.0) (b) CIFAR-10 (t = 0.7) (c) CelebA 64 (t = 0.6)

They are all continuous
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Problem — Real-world Generation is sometimes discrete

Language Generation
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Discrete Generative Model — Ball Example

5 Basketball

lmes o000

If you Randomly draw 100 t

2 Volleyball

3 Football
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Discrete Generative Model — Ball Example

But how can you simulate this process on computer?

5 Basketball
2 Volleyball If you Randomly draw 100 times ......

3 Football

~50

KIND
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Discrete Generative Model — Ball Example

a~U(0,1)
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Discrete Generative Model — Language Example

Deep Learning is very

prompt + prior tokens

([ e

>t dream

I have o ][m—i 2 um
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The next token’s probability distribution
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Discrete Generative Model — Language Example

Softmax probabilities Empirical frequencies after sampling

probability
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Discrete Generative Model — Graph Example

pa(Ai; =1 2), pg(node; = carbon | z), ps(bond;; = double | z).

/

F—_—H EkK—C—FK" EkK—0C H K—C—CFR"

| | | |
. . . .

aldehyde ketone carboxyhc carboxyhc
acd ester

E lﬁ MH, K lﬁ ]l K lﬁ ) lﬁ E
) ) ) )
arude aryl chlonde anhdnde

KIND

kindlab-fly.github.io



Discrete vs Continuous Generative Model

Prob(x) Prob(z)

e X - - - : - Z
012345678910 3 -2 -1 0 1 2 3
Binomial Distribution Standard Normal Distribution
Discrete Data & Discrete Continuous Data and Continuous
Probability Curve Probability Curve
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Overview

* Statistical Methods
o Gaussian Estimation (1D or 2D or higher)
o Gaussian Kernel Density Estimation

o Gaussian Mixture Models

* Machine/Deep Learning Methods Continuous version:
o Variational AE (VAE) Point Cloud/Image/Video

o Generative Adversarial Network (GAN)

- Discrete version:
o Diffusion Graph/Language

KIND
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Three key questions

(1) How to model the distribution?
(2) How to train the model to learn the distribution?

(3) How to use the learned distribution to generate data?

KIND
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Three key questions

Prob(z)

Neural Decoder Mapping

3 -2 -1 0 1 2 3
Standard Normal Distribution

Continuous Data and Continuous
Probability Curve

Mean-squared error loss

Sampling Gaussian and transform

(1) How to model the distribution?
(2) How to train the model to learn the distribution?

(3) How to use the learned distribution to generate data?

KIND
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Three key questions

GAN
Prob(z) o
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Neural Decoder Mapping

3 -2 -1 0 1 2 3
Standard Normal Distribution

Continuous Data and Continuous
Probability Curve

Discriminator — Distribution Difference

Sampling from Gaussian and transform

(1) How to model the distribution?
(2) How to train the model to learn the distribution?

(3) How to use the learned distribution to generate data?

KIND
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Three key questions

Prob(z)

Noise Decoding + Denoise

3 -2 -1 0 1 2 3
Standard Normal Distribution

Continuous Data and Continuous
Probability Curve

Mean-squared error loss

Autoregressively sampling and decoding

(1) How to model the distribution?
(2) How to train the model to learn the distribution?

(3) How to use the learned distribution to generate data?

KIND
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Overview

e Statistical Methods

o Gaussian Estimation (1D or 2D or higher)
o Gaussian Kernel Density Estimation

o Gaussian Mixture Models

* Machine/Deep Learning Methods Continuous version:
o Graph Auto-Encoder (VAE) Point Cloud/Image/Video

o Graph Generative Adversarial Network (GAN)

Discrete version:

o Graph Diffusion (Diffusion) Graph/Language

KIND
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Graph Definition
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Graph Definition
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Microscopic Graph
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Microscopic Graph Generation
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Graph Definition

Macroscopic Graph
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Macroscopic Graph Generation
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Overview

o Graph Definition

o Graph Auto-Encoder
o Graph Generative Adversarial Network

o Graph Diffusion
o Feature and Topology

o Permutation Invariant
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Graph Definition

author

Title: Distribution of non-Markovian
writes paper

intervals for open qubit systems
Abstract: We study non-
Markovianity of open qubit systems
Publication Date: 2011-11-01
Venue: Chinese Physics B

paper has
field of study

author belongs
to institute

paper has
field of study

MAG Semi-structured Knowledge Base

KIND

Node Attributes

Edge Attributes (Existence)

Graph Attributes

Academic Graph
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Graph Definition

Node Attributes

Edge Attributes (Existence)

Graph Attributes

indication/contraindication

Disease

Name: GPANK1 present/absent

Alias: DYRK1AP3,
PAHX-AP, PAHXAP1
Description:

This gene encodes

a protein which is
thought to play a

role in immunity. |
Multiple alternatively

spliced variants, .
encoding the same -é
protein, have been = a_.

identified.

carrier

Biomedical Graph

interact with

Pathway Molecular funct

Prime Semi-structured Knowledge Base
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Graph Definition

Node Attributes

Edge Attributes (Existence)

Graph Attributes

Amazon

Title: Ultimate Stroll 'N Tricycle
Feature: - AGES 1 TO 5 YEARS ...
Dimensions: 37.2"x34.3"x22"
Description: The ultimate grow-with-me
trike. There are 4 ways to ride ...
Review: #1 :Very sturdy and good ...
Customer Q&A:

Q: Is it easy to assemble?

A: Semi - easy to assemble :-) ...

Amazon Semi-structured Knowledge Base
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Graph Definition

Node Attributes

Edge Attributes (Existence)

Graph Attributes
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Graph Definition

Node Attributes X € R6*K"°%

Edge Attributes (Existence) E € R8xKEdee

Graph Attributes ¥ € R1*K°P"

WIX|Y|Z
Wi1T1|111]1
X|0[(0]|0]0
Y|0[0]|0]O0
Z{11110(0

Directed graph with loop
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Overview

o Graph Definition

o Graph Auto-Encoder
o Graph Generative Adversarial Network

o Graph Diffusion
o Feature and Topology

o Permutation Invariant
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Microscopic Graph Generation - GraphVAE

Toy graph families

star two_triangles
0 ©
@ (5)
2 &)
©) 9

encoder sample decoder
T —— gz | x) y 2 s polz | 2).
Encoder Sample Decoder
_— > —>
G qy(z|G) z pe(G|2)
Probabilistic Encoder
q4(2[x)
Mean M Sampled
latent vector
Probabilistic
X = = Decoder > xl
pe(x|2)
o
Std. dev
An compressed low dimensional
z=pto0Oe representation of the input.
e ~N(0,I)
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Microscopic Graph Generation - GraphVAE

Toy graph families

Li_vag T

La_vag =

—p(G*|2)

star
0
©)
- ~112
Lyag = |z — 2| + Dxw(gs(2]2) || N(0, 1))
\-_\J,._-"' oy p &
Gaussian decoder=MSE KL regulariser
Probabilistic Encoder
q4(2[x)
Mean M Sampled
latent vector
Probabilistic
X > — > Decoder
po(x|2)
o
Std. dev
An compressed low dimensional
z=pto0Oe representation of the input.
e ~N(0,I)

KIND
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Microscopic Graph Generation - GraphVAE

Toy graph families

star two_triangles
0 (0)
60 (5)
) Q
® ©
Le_vag q —po(A"|2) |+ Dxi(qy (z|AM)]|NV (0, 1)) po(d]2) = H Bernoulli(4;mij(2))-
<}
Maximum Likelihood Bernoulli Distribution
Probabilistic Encoder
g4 (2[x)
Sampled
Mean 2 latent veitor /
Probabilistic Ai . 1_Aij
X = > »| Decoder > x/ Alz) = Tl,'..] 1—m;;
B Pe(A]z) I I y (1= my)
o i<j
Std. dev
An compressed low dimensional
z=pto0Oe representation of the input.
e ~N(0,I)
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Microscopic Graph Generation - GraphVAE

Toy graph families
star

1)

©)

Le_vag F —pe(47|2)

+ Dx(qq (2|AD[INV (0, 1))

Maximum Likelihood

(1- ”ij)l_Aij

Aji
pe(A|z) = l_[ﬂij]

i<j

“-

DO =

Lk, = —

b
Il
—

Ledge = — Z [Aijlog mij + (1 — Ajj) log(1 — ;)] -
i<y

Binary Cross Entropy Loss

KIND
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Microscopic Graph Generation - GraphVAE

253 GraohVAE (nn.Mod :
Je nit__(self, n_edgessN_EDGES, latent_dims8,
peri).__init
self.encoder = [
e nearin_edges, hidde ° H o
N ear({hidden, hidden), - =
)
self.oy =
self.logvar = r _din)
self.decoder = . 5
N car(latent_dim, hidden), R -
N ear(hidden, hidden), nn.RelU(),
. carihidden, n_eoges),
)
self.class_centers = nn,Poraseter(0.] =

vat (logits, x, mu, logvar, class_logits=sNone, pbels=None, Deta=D.05, gamma=]1.9)
recon = y_Cross entropy with_logits{logits, x, reduction="sum") x.51ze(0)
kl = -3.5 » .Sum(l + logvar = mu.pow(2) - logvar.expl x.51ze(@)
supervised = torch.zeros((), device=x.device)
if class_logits is not None and labels 1is not None:
supervised = F.cross_¢ pyl(class_logits, labels)
total = recon + beta = k1l +« gamma » supervised
return total. recon.detach(). kl.detach(). suoervised.detachill

jo ! code(self, x):

h » self.encoderix)

self.mulh), self,logvar(h)
jof reparameterizelself, mu, logve

std = v 0.5 » gvar)

eps = . | kelstd)

307 J eps » std
ot o (selrf, )

ret self . decoderiz)
jot ) (self, my):

“ '

et f | mu, self.class_centers),pow
jo ! ward(self, x):

m, logvar = self. jeix

2 = self.repa su, logvar

logits = self. o Je gitsiz)

ret logits, su, logvar

12 4

10 1

loss

=

Supervised GraphVAE training curves

= total =—— edge BCE EL = supervised CE

KIND
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Microscopic Graph Generation - GraphVAE

GraphVAE hard samples

VAE sample 1 VAE sample 2 VAE sample 3 VAE sample 4
6 edges 6 edges 4 edges 5 edges
(0) (0) 0
@ © e( ©)
0 (3) 0
© © ®
VAE sample 5 VAE sample 6 VAE sample 7 VAE sample 8
5 edges 5 edges 5 edges 5 edges
(0) (0
(\a ©
@ 2
®
VAE sample 9 VAE sample 10 VAE sample 11 VAE sample 12
5 edges 6 edges 5 edges 6 edges
@/@
&)
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Microscopic Graph Generation - GraphVAE

cycle cycle cycle
(original) {soft probs) {hard thresh)
@ Encoder Decoder
star star
(original) (soft probs) [hnrd th resh)
m Encoder Decoder m
path path
(original) (soft probs) [hnrd th resh)
Q Encoder Decoder m
two_triangles two_triangles two_triangles
(original) {soft probs) (hard thresh)
Encoder ; Decoder

\ 4
\ 4
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Microscopic Graph Generation - GraphVAE

KIND

kindlab-fly.github.io

PC2 (20.2%)

Supervised GraphVAE latent space (PCA projection)
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Microscopic Graph Generation - GraphVAE

Supervised GraphVAE latent space (PCA projection)
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Generated graphs over a grid in (PC1, PC2) latent space

{-1.41, 2.27) {-0.39, 2.27) (0.64, 2.27) (1.66, 2.27)

{-2.43, 2.27)




&

Microscopic Graph Generation — Conditional GraphVAE

chﬁ(z | A:y): pH(A | z,y).

cVAE cycle cVAE cycle cVAE cycle cVAE cycle
6 edges, d=0 6 edges, d=0 6 edges, d=0 6 edges, d=0

cVAE star cVAE star cVAE star cVAE star
5 edges, d=0 5 edges, d=0 5 edges, d=0 5 edges, d=0

cVAE path cVAE path cVAE path cVAE path
5 edges, d=0 5 edges, d=0 6 edges, d=1 4 edges, d=1

SReRS
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Microscopic Graph Generation — Conditional GraphVAE

Q-;!ﬁ(z | A:y): pﬂ(A | z,y).

class ConditionalGraphVAE(nn.Module):
def __init__(self, n_edges=N_EDGES, latent_dim=8, hidden=64, n_classes=4):

super().__init__ ()

self.n_classes = n_classes

self.encoder = nn.Sequential(
nn.Linear(n_edges + n_classes, hidden), nn.RelU(),
nn.Linear(hidden, hidden), nn.RelLU(),

)

self.mu = nn.Linear(hidden, latent_dim)

self.logvar = nn.Linear(hidden, latent_dim)

self.decoder = nn.Sequential(
nn.Linear(latent_dim + n_classes, hidden), nn.ReLU(),
nn.Linear(hidden, hidden), nn.RelLU(),
nn.Linear(hidden, n_edges),

def encode(self, x, labels):
y = one_hot(labels, self.n_classes).to(x.device)
h = self.encoder(torch.cat([x, yl, dim=1))
return self.mu(h), self.logvar(h)

KIND
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Overview

o Graph Definition

o Graph Auto-Encoder
o Graph Generative Adversarial Network

o Graph Diffusion
o Feature and Topology

o Permutation Invariant
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Graph GAN

T Generator  t+X | e, X s
iz : F o k- Radities ™
e A
v A " Y &
. N 4
) b A
"‘J 2 } o
' d g
o /
” < ” o
/ g '
distance
i — i~Px Image Neural Encoder
Discriminator / — 1 Real
zi~q; Generator 8 n(x;6,):R% - [0,1] —> 0 Fake
J
*

Gy(z) — %, Dy(x) — real/fake score.
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Graph GAN

e %
Real data

&°
x X

*

Decoder
Y. 0y): R* » R4
e.g. NN

z € {0, 1}V,

Zy ~ Bernoulli(mg(2))

KIND

kindlab-fly.github.io

e —— Xi~Px

Generator _

Graph Neural Encoder

Discriminator

n(x; 8,,): R? - [0,1]

— 1 Real

—— 0 Fake

GE(Z) — ‘i!,

Dy(z) — real/fake score.

z = A;; for one upper-triangular pair (i, 7).

or I = 1[me(z) = 0.5].

a2 ()



Graph GAN %

,@ Xi~Dx Graph Neural Encoder

\%__/ Discriminator — 1 Real

- Generator _ n(x;6,):R% - [0,1] — 0 Fake
4] qz X
]
*
Gy(z) — &, Dy(z) — real/fake score.
D LR : . | class GraphDiscriminator(nn.Module):
def init__ (self, latent_dim=16, n_edges=N_EDGES, hidden=128): ‘ z 2
supert). Anit. ) def __init__(self, n_edges=N_EDGES, hidden=64):
self.net = nn.Sequentiall super().__init_ ()
nn.Linear({latent_dim, hidden), nn.lLeakyRelU(®.2), self.net = nn.Sequential(
car(hidden, hidden), nn.LeakyRelU(8.2), nn.Linear(n_edges, hidden), nn.LeakyRelU(0.2),
L r(hidden, hidden // 2), nn.LeakyRelU(0.2), nn.Dropout(@.25),
nn.Linear(hidden // 2, n_edges), A 2 . .
| -¢09 nn.Linear(hidden, hidden), nn.LeakyRelU(9.2),
nn.Dropout(0.25),
def forward(self, z): nn.Linear(hidden, 1),
return self.net(z) )
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Graph GAN
‘@ X;~Dy Graph Neural Encoder
TR X
3 \
N A Discriminator — 1 Real
Z~qy Generator 2, n(x;6,):R? > [0,1] / — 0 Fake
'N'-”:‘);.";N-'" Gy(z) — &, Dy(z) — real/fake score.
Lp =1 [BCE(D(mml), 1) + BCE(D(zdsb), 0)]
‘CG,Ed? — BCE(D(mfﬂkﬁ}: 1:}* Lpym = HE[-Tfake] - E[mreal] H%

Edge Frequency Matching
L = Lgadv + Arm Lrm.

KIND
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Graph GAN

GAN sample 1
5 edges, near path

&

GAN sample 5
4 edges, near star

2,

S
-3

GAN sample 9
6 edges, near cycle

@,
&
W

GAN sample 13

i edges, near two_triangles

KIND

T AR AR W N R [

GAN sample 2 GAN sample 3
6 edges, near two_triangles 5 edges, near star

GAN sample 4
6 edges, near path

7

GAMN sample &
6 edges, near path

GAMN sample 7
5 edges, near star

GAN sample 8
6 edges, near path

GAN sample 10
5 edges, near path

GAN sample 11
7 edges, near two_triangles

GAN sample 12
5 edges, near path

GAN sample 14
6 edges, near cycle

GAN sample 15
5 edges, near star

GAN sample 16
6 edges, near cycle

@,
22
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Conditional Graph GAN

t = Gy([z, onehot(y)]), Tiake = 0(£).

class nditionalGraphGenerator(nn.Module):
def init_ (self, latent _dis=16, n_edges=N_EDGES, hidden=128, n_classes=4)
super().__init_ ()

self.n_classes = n_classes
self.net = nn.Sequentiall

a
n.Linear(latent_dim + n_classes, hidden), nn.lLeakyRelU(0.2),
n.Linear{hidden, hidden), nn.LeakyRelU(0.2),
nn.Linear{hidden, hidden // 2), nn.lLeakyRelU(®.2),

n.Linear(hidden // 2, n_edges),

def forward(self, z, labels):
y = one_hot(labels, self.n_classes).tol(z.device)
return self.net(torch.cat([z, y], di=m=1))

s = Dy([z, onehot(y)]).

ass \ J1T 1L Iluraj B15CT ina rinn.oguLe):
def init__(self, n_edges=N_EDGES, hidden=64, n_classes=4):

super{).__init__()

self.n_classes = n_classes
self.net = nn.Sequential(
Linear({n_edges + n_classes, hidden), nn.LeakyRelLU{®.2),
nn.Dropout (9.25),
nn.Linear{hidden, hidden), nn.LeakyRelU(8.2), |
nn.Dropout(@.25),
«Linear{hidden, 1),

def forward(self, x, labels):
y = one_hot(labels, self.n_classes),to(x.device)
tiirn calf_netitarch_ catl lx wl Aim=131

KIND
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Conditional Graph GAN

KIND
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cGAN star
5 edges, d=0

cGAN two_triangles
6 edges, d=0

Conditional GraphGAN thresholded samples

cGAN cycle
6 edges, d=0

cGAN star
5 edges, d=0

cGAN path
5 edges, d=0

cGAMN two_triangles
6 edges, d=0

cGAN cycle
6 edges, d=0

cGAN star
5 edges, d=0

cGAN path
5 edges, d

¢

cGAMN two_triangles
6 edges, d=0

cGAN cycle
6 edges, d=0

cGAN star
5 edges, d=0

cGAN path
5 edges, d

@

cGAN two_triangles
6 edges, d=0

'p Vp 7/



Overview

o Graph Definition

o Graph Auto-Encoder
o Graph Generative Adversarial Network

o Graph Diffusion
o Feature and Topology

o Permutation Invariant
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Graph Diffusion

Generation by denoising step by step

Destructing data by adding noise

Forward diffusion: t=0

z{zl/1o
<|7|0]6
g{0l}]>

q(xelxe-1) xe ~ N(apxe—q, (1 — ap)l)

xe ~ N (Jaxo, (1 — @)

KIND
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Graph Diffusion

— ; 2
0" = argmlnIExo~pdata(x),t~U(1,T),e~]\f(0,1)”69 (xt: t) - E”2

Ty-1 = P"H(Iht) + \“B! <y z N(U* I)

KIND

kindlab-fly.github.io



Graph Diffusion

Continuous Pixel Discrete Label

_LD{:J_\.E

s~ |Oo|lCo|=|X
olo|lo|~|=<
olo|lo|l-a|N

N[<|X|S

Prohama.com
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Graph Diffusion
Discrete Label
WIXI|Y|Z W X Y V4
WI111]11]1 Random W 0 1 0 0
x[ololo]o M . x 1 1 o 1
Y|(O0|O0|O0]|O Y 1 1 0 0

Directed graph with loop

gz | 241): =241 DMy, n; ~ Bernoulli(5,).

KIND

kindlab-fly.github.io



Graph Diffusion

gz | 241): =241 DMy, n; ~ Bernoulli(5,).

State 1 State 2 State Transition

]. — IBE- IBE- State 1

Qt ~ ,BE 1 — ,BE State 2

Forward diffusion trajectory (one example graph)
forward t=0 forward t=1 forward t=2 forward t=4 forward t=8 forward t=12 forward t=18 forward t=24

PSS NS 2

KIND
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Graph Diffusion &

gz | 241): =241 DMy, n; ~ Bernoulli(5,).

State 1 State 2 State Transition

Q o ]. — IBE- IBE- State 1
L ,BE 1 — ,BE State 2

def corrupt_edges(x@, t):
"""Sample x_t ~ q(x_t | x@) for the flip Markov chain.

x0: (B, E) binary. t: (B,) integer timesteps in [1, T_disc].
Implemented by sampling an effective flip mask with probability flip_marginal(t].

p = flip_marginal[t].unsqueeze(1)

flips = torch.bernoulli(torch.ones_like(x@) x p)
return torch.abs(x® - flips)

KIND
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Graph Diffusion

Forward diffusion trajectory (one example graph)
forward t=0 forward t=1 forward t=2 forward t=4 forward t=8 forward t=12 forward t=18 forward t=24

p(GolGye)
pﬁ'(:tﬂ | -Ttat)*

lo(zi,t) € RVt 30 =0(ly), L = BCEWithLogits(fs, o).

1. Initialize 7 ~ Bernoulli{0.5) (random edges).
2.Fort=T,T-1,...,1:
= Rredict clean probabilities: £5 +— o(model(xz;,1)).

1. Sample a clean graph vector x, from the dataset.
2. Sample a timestep t ~ Uniform{1,...,T'}.

o Make a hard estimate T by thresholding (or Bernoulli sampling).
3. Corrupt: Ty Corrupt_edges(wn, t) = To get the next state, we re-noise that estimate at the lower noise level
4. Predict; £ + denoiser(:c,, t) Iy ) + corrupt_edges(Zg,t — 1).
5. Optimize: BCEWithLogitsLoss(¢, x@).

3. Return the final hard sample z;.

KIND
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Graph Diffusion

— ; 2
0" = argmln[EXoNPdata(x),t’vU(l,T),xtNCI(xt|x0)”TQ (xe, ) = Xoll2

Xt ~ N(O, I) Tg*(xT, t) = .7?0

pred x0 pred x0 pred x0
clean x0 from t=10 from t=100 from t=150

- WA W

Xo ~ For(xg|xe, t)

v

Vl— 7 -

Xt ~ q(x¢]xp)

Predict from later time step gives more noisy images
KIND
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Graph Diffusion




Graph Diffusion

Discrete diffusion generated graphs

Diff sample 1 Diff sample 2 Diff sample 3 Diff sample 4

6 edges, near path 5 edges, near star 5 edges, near star 5 edges, near star
Diff sample 5 Diff sample 6 Diff sample 7 Diff sample 8

6 edges, near two_triangles 5 edges, near path 6 edges, near cycle 5 edges, near path

Diff sample 9 Diff sample 10 Diff sample 11 Diff sample 12
6 edges, near cycle 6 edges, near cycle 6 edges, near two_triangles 5 edges, near path

J (]

Diff sample 13 Diff sample 14 Diff sample 15 Diff sample 16
6 edges, near two_triangles 5 edges, near star 6 edges, near cycle 6 edges, near star

ZRN /X

KIND
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Graph Diffusion — Conditional Denoiser
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Conditional discrete diffusion generated graphs

cDiff cycle <Diff cycle cDiff cycle cDiff cycle
6 edges, d=0 6 edges, d=0 7 edges, d=1 6 edges, d=0
(0)
@ O
@ ()
6
cDiff star cDiff star cDiff star <Diff star
5 edges, d=0 5 edges, d=0 5 edges, d=0 5 edges, d=0

cDiff path cDiff path chiff path cDiff path
5 edges, d=0 5 edges, d=0 5 edges, d=0 5 edges, d=0
eDiff two_triangles cDiff two_triangles €Diff two_triangles cDiff two trllngles
6 edges, d=0 5 edges, d=1 6 edges d=0 7 edges, d=

@
Conditional reverse diffusion trajectory

cycle cycle cycle
t=18 t=12 t=6




Overview

o Graph Definition

o Graph Auto-Encoder
o Graph Generative Adversarial Network

o Graph Diffusion

o Challenges
o Size of the graph
o Feature and Topology
o Permutation Invariant

KIND
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Overview

original adjacency permuted adjace@

KIND
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Overview

Supervised fixed-order GraphVAE: relabeled cycles move to different latent regions

5. cycle
star
path 9
two_triangles
21 @ same cycle dnfferent node labels © %

1 \0_’_._”4_,,4_,———9—"-0 x

PC2 (20.2%)
o
X
»
°
°
°
>
@

PC1 (25.5%)

perm 4: pred path (0.62)

perm 3: pred star (0.98)
fixed err=4, match err=4

perm 2: pred star (0.81)
fixed err=8, match err=4

perm 1: pred cycle (0.66)
fixed err=3, match err=1

perm 0: pred cycle (0.98)
fixed err=3, match err=3

fixed err=0, match err=0

N X A I

KIND

perm 5: pred two_triangles (0.97)
fixed err=2, match err=2

7
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