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Graphs

Graphs are a general language for describing and analyzing
entities with relations/interactions




5 /I\/Iany types of data are graphs
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6 /Many types of data are graphs
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Artificial Intelligence -Generated Content (AIGC)

AIGC refers to content that is generated usaisiyanced Generative Al (GABchniques, as
opposed to being created by human authors, which can automate the creation of large
amounts of content in a short amount of time.

Figure 1
Instruction 1: Instruction 2:
An astronaut riding a Teddy bears working on
horse in a photorealistic new Al research on the
style. moon in the 1980s.

| |

[ @OpenAI DALL-E 2
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8 Introduction about Generative Al Models

s

Unimodal
[ Data J
i Pre-train .
4 Once upon a time,
Please write a \ Prompt ( _ \ Decode ¢ there was a cat
Jessy....
Multimodal
;ﬁjﬁgbe this ( Instruction I, [ Data } Result R, ] This is a cat.
’ #) T
Qﬂf ‘Ir Pre-train
Draw a picture : | Prompt ) &
of a cat. (Unstruction 1; ] - Generative AI Models (EResult R,
o5
Write a song [ Instruction Result R,

about a cat.
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History of Generative Al Models

Unimodal- CV & NLP

CcV

GAN

VAE

Flow
I
NLP NLP |
N—Gram) LSTMIGRU) l

|
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2014 :

Show-Tell ]
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Multimodal — Vision Language
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v Ccv DDPM
- StyleGAN ViT
gfr‘:ﬁ ) BigBiGAN NLP MoCo
v NLP NLP
; GPT-3 I
i ELMO | OPT I
NLP BERT | BART | S}IP:EQP‘;
Transformer ) : GPT-2 I L I ¢
! | | |
o " | | bt L
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2016 2018 : : 2020 I
I
StyleNet CAVP DALL-E
StackGAN DMGAN VIiLBERT BLIP2
VQ-VAE UNITER DALL-E 2
VL
VL VL VL

Cao, Yihan, et al. "A comprehensive survey of ai-generated content (aigc): A history of generative ai from gan to

chatgpt." arXiv preprint arXiv:2303.04226 (2023).



Graph Generation

Definition of Graph Generation

Given a sedf observed graphs {Graph generatioraims to construct a generative mode|
to capture the distributiorof these graphs, from which new graphs can be sampl&db

The generation process can be conditiomedadditional informationQ i.e., conditional graph
generation' DD ' P to apply specific constraints on tlygaphgeneration results.
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11 Traditional Graph Generators

7
(Rule -based) Graph Generator A Scale-free network
ber of nod g A
Number of nodes\
’ B-A Graph
edge probabilityP » P »
Model
Number of nodes\, ER Graph
edges per noden » Model »
NS J

Graph Generator

ER SBM W-S B-A R-MAT MMSB RTG DCSBM BTER

1959 1983 1998 2002 2004 2008 2009 2011 2014
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12 Learning -based Graph Generators

A
(Learning -based) Graph Generator

original E
\_  gaph ) \ / K Generated Graph
Deep Graph Generator
Kronecker VGAE ARVGAGraphRNNNetGAN Graphite  SBMGNN GRAN CondGEN BiGG

oo b L L L bbb

2010 2016 2018 2018 2018 2019 2019 2019 2019 2020
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13 Graph Similarity

© @ @
Graph G, Graph G,

1. Graph Edit Distance(GED)

2. Graph Statistics
(e.qg., triangle counts)

- A

3. Node Distribution
(e.g., Wasserstein Distance)
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14 Similarity -based Graph Generation

s

Generated Graph Data X According to the data format, generated data can be divided into: text data,
image data, table data, and graph structure data. Simulated graph structure data has the good
properties of the original data and does not contain detailed information of the original data.

-

N

~

original

graph j

Similarity -based deep graph generators

=)

- D
-

'.' By 00
t

\ VAE GAN RNN /

=

-

-

Generated Graph

~

/

generation performance is significantly improved; (2) input data in different formats can be

simulated end -to-end; (3) the implicit data distribution on the graph can be effectively captured.

Challenge x

rd

0
0

can hardly simulate large -scale graph data

real-world graph data have community structure

X these algorithms have the following advantages: (1) the

[1] Xiang, S., Wen, D., Cheng, D., Zhang, Y., Qin, L., Qian, Z. and Lin, X., 2022. General graph generators: experiments, analyse s, and improvements. The VLDB Journal, pp.1-29.



Application: Generated Molecule Graph

Drug Discovery: finding molecules with desired chemical properties.

A good drug needs to satisfy multiple objectives:

NE i Cures A The scale of potential druigke moleculesp Tt* p T
Dgrose diseases A The scale of existing chemical databgset
Good
Drug Q
NH,
.""--.. O‘P¢O N
o— o —% Generate i \ N
.i.:-:. o ° © / \N'jl
=—q—e ﬁ)\ AN
Easy to o 0 w6 on
synthesize
y Generative (%
Model

Molecule



7
16 Application: Generated Protein Structure

4
Protein design is also a fundamental application of graph generation.

Motif-Scaffolding: design of protein structures ("scaffolds") that can support a specific
functionalmotif (a short, conserved sequence or structural element with a defined biological

function).

Desired Function _ _ _
Functional “"Motif” Designed “Scaffold”

(e.g. binding)
:F _/57 g%/?bg Viotif Motif-Scaffoldin %
%%\ﬂ |dentification %% / t g %%%
u N <
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17 Application: Generated Protein Structure

s

Molecule docking predict how two molecules (e.g., a protein and a ligand) interact and bind to
each other. It is widely used drug discoveryprotein-protein interaction studies andstructural
biologyto identify potential binding poses, affinity, and binding sites.

Molecular Docking
Fundamental problem in drug discovery

Input: protein structure + molecule

Output: bound structure

2

Corso, Gabriele, et al. "DiffDock: Diffusion Steps, Twists, and Turns for Molecular Docking." International Conference on Learning Representations (ICLR 2023). 2023.
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18 Application: Generated Protein Structure
/

Antibody Design Design of antibodies (a class of proteins produced by the immune system) to
bind specific targets (antigens) with high affinity and specificity. This field comimnasnology,

bioinformatics, and protein engineeringp develop therapeutic antibodies, diagnostic tools, and
research reagents.

(a) Antigen

Heavy Chain
Light Chain

CDR-H CDR-L

p— b»{ = \"\)

”‘S%*ﬁ?

Antibody

Luo, Shitong, et al. "Antigen-specific antibody design and optimization with diffusion-based generative models for protein structures.” NeurlPS (2022): 9754-9767.
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19 Application: Generated Material Structure Graph

s

Periodic Material GenerationDesigrof materials with repeating structural patterns (periodicity)

at the atomic, molecular, or mesoscopic scale. Graph generation is used to discover or optimize
materials with desired properties, such as mechanical strength, thermal conductivity, or
electronicbehavior

Small molecules Materials
r"‘ C * Non-periodic, finite + Periodic, infinite
0000000000002 g.} }»,; « 5-10 elements * All 94 naturally occurring elements
£ 444444444 “&Jﬁ“" » Simple 2D graph » Graph difficult to define
. » Relatively simple valency rules + No general valency rules
O
LiCoO, YBa,Cu,0, :
Cathode material for Li-ion battery  First high-T superconductor '
2019 Nobel Prize in Chemistry 1987 Nobel Prize in Physics . Q

o4

3D material structures must be directly generated, rather
than relying on intermediate graphs.
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U Similarity-based Graph Generation

U Function-driven Graph Generation

U Current Trend and Future Directions
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Similarity -Based Graph Generation

0

Recursive : Kronecker
Autoregressive: GraphRNN
Random Walk: NetGAN
Diffusion Model: DiGress
Dynamic Graph Generation

Similarity and Graph Generation
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23 Recursive: Kronecker

s

Decomposing Graph Generation into Recursive Expansion:

= s e am - p— —_ -

—
— -
= e == — e - =

—_— o = — — —

Initial graph Recursive expansion
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24 Recursive: Kronecker
/

Decomposing Graph Generation into Recursive Expansion:

0 &
el

(,
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25 Recursive: Kronecker

s

Decomposing Graph Generation into Recursive Expansion:

111]0 TSR
111 :> KKK :>
Of1]° 0 | K K,
K, Ko = K1 ® K,
3x3 9x9

81 x 81 adjacency matrix
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26 Recursive: Kronecker

s

Decomposing Graph Generation into Recursive Expansion:

Kronecker product of matrices A and B is

given by
a.-LlB (1.»1.2B ¢ oo (1.-1_mB
. a..g.lB a.Q‘QB .« aa a.-;g..-,T-?.,B
C=A®B= . L .
NxM KxL

a-'n._lB a-"n,.QB R a-'-n,.-'m.B
N*K x M*L
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27 Recursive: Kronecker

Decomposing Graph Generation into Recursive Expansion:

Kronecker graph: a growing

sequence of graphs by iterating

the Kronecker product:

KM= Kn= Ki® K| ®...K;
————

m t(imes

— Km-1 2 Ky
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28 Recursive: Kronecker

s

Kronecker —=—

10551 AR T '”""Reéllg'r'zi[')'ﬂ 'GI)”"

° 1" 102 10°  10° 1° 1w 102 1° 10t 1° 10' 102 10° 10* 10°
In-degree, k Out-degree, k Node tniangle participation

(a) In-Degree (b) Out-degree (c) Triangle participation



Similarity -Based Graph Generation
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Recursive: Kronecker
Autoregressive: GraphRNN
Random Walk: NetGAN
Diffusion Model: DiGress
Dynamic Graph Generation

Similarity and Graph Generation
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30  Autoregressive: GraphRNN

Vi
Decomposing Graph Generation into two RNNSs:

U Graphlevel: generates sequence of nodes

U Edgelevel: generates sequence of edges for each new node

h, 13

ho I hy hs
| —— — T ». ©

® i @Q—® O—®

| l l
1| — 1] 0 0
2 I: 0 E 1| — % 0] |

S3 1 [ ! Sample + Edge-level RNN

ST 1 S

- Graph-level RNN
sz
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31 Autoregressive: GraphRNN

A
Visualization of input graphs and generated graphs

Grid Community Ego

Train

Baselines GraphRNN

You, Jiaxuan, et al. "Graphrnn: Generating realistic graphs with deep auto-regressive models." International conference on machine learning. PMLR, 2018.
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32 Autoregressive: GraphRNN

Vi
Quantitative Comparison on Generative Performance

Table 1. Comparison of GraphRNN to traditional graph generative models using MMD. (max(|V'|), max(|E|)) of each dataset is shown.

Community (160,1945) Ego (399,1071) Grid (361,684) Protein (500,1575)

Deg. Clus. Orbit Deg. Clus. Orbit Deg. Clus. Orbit Deg. Clus. Orbit
E-R 0.021 1.243 0.049 0508 1.288 0.232 1.011 0.018 0900 0.145 1.779 1.135
B-A 0268 0.322 0.047 0.275 0973 0.095 1860 O 0.720 1401 1.706 0.920
Kronecker 0259 1.685 0.069 0.108 0975 0.052 1.074 0.008 0.080 0.084 0441 0.288
MMSB 0.166 1.59 0.054 0304 0245 0.048 1.881 0.131 1239 0236 0495 0.775

GraphRNN-S  0.055 0.016 0.041 0.090 0.006 0.043 0.029 10~° 0.011 0.057 0.102 0.037
GraphRNN 0.014 0.002 0.039 0.077 0316 0030 10°° 0 107*  0.034 0935 0.217




Similarity -Based Graph Generation
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Recursive: Kronecker
Autoregressive: GraphRNN
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Random Walk: NetGAN

Explicit vs. implicit models

A Explicit modelshave a parametric specification A Implicit modelsdefine a stochastic process

of the data distribution that directly generates data
A Observe patterns and manually specify a modelA Likelihood free: learn by comparison with the
to capture them true data distribution (e.g. class probability
Al SINY OAl a[ 9% X estimation, GANS)
p*

L =logp(X|60) 5 L =—

true data
distribution

:9




Random Walk: NetGAN

Challenges

1. Single large graph as mput

w /2YLFNBR (2 So3o Ylyeé | ;W ::;j
-‘-iv

2. Quadratic scaling and sparsity
w @O hddes there are) 2 possible edges

w wSlI{ 3INFLLIKRagignikcarByJewgr edges | T g

3. Discrete output samples § |
w [/ FyQd SlFaiateée ol O] LINR L.

4. Permutation invariance
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36 Random Walk: NetGAN

s

Decomposing Graph Generation into | earning a distribution of random walks over the graph




Random Walk: NetGAN

Generator 1 © l

Graph

______

Random
walk

Critic

53

Dreal Dfake

Model Framework

Wasserstein GAN

No gradients

samplcg ?samplc
- lllm
u
3 J
’MCl—»
¥ hl_,. “
Generator



Random Walk: NetGAN

0|0 |24 0 oo |10
0|0 |11 3 oo |10
Generator [— CKCL CG’Q _’sum 29| 7 | 0|18 _’sample 11|01
00|14 0 oo |10
sum of transition adjacency matrix
counts

Graph assembly: sample edges with probability proportional to their transition cour
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39 Random Walk: NetGAN

Key point: Generate graphs that have similar structure but are not
replicas

2 = 5 e Citeseer
o x x  NetGAN
1 T 102 .
(o) ]
'~ “
Y [>)
(@] X
o® = 101 | R
m L ]
-g 5....
=S X @0
Z 10° X e exe
) ‘ 10° 10! 102
Original graph Graph generated by NetGAN Degree

Bojchevski, Aleksandar, et al. "Netgan: Generating graphs via random walks." International conference on machine learning. PMLR, 2018.
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40 Beyond NetGAN: Community Preserving GAN

E Motivation
A Community Structure, as the main character of graph data, existing graph
generation solutions cannot handle this property.
A Existing autoregressive and random walk  -based solutions are not efficient.

o — — i —— et

Prior @ "Fake Random! ® ' Generated
— — —=
Distribution Generator Walks Graphs

@4

Observed | @ Real Random| @ . . .
Graphs alks Discriminator gan




Beyond NetGAN: Community Preserving GAN

E Contribution
A Community preserving graph generator: CPVAE-GAN (CPGAN)
A Community -preserving graph encoder ¥ Ladder Encoder
A deprecate random walk sampling,  leveraging autoencoder, which is efficient.

Original Graph CR/AEGAN

o

Lorigin
Ladder — Readout —>

Encoder Lyec

Lgenerate

Reconstructed Graph

X
/I
7 3Q A0
H (22 qde (ZvaelZrec)
\'/ Node Decoding Link Prediction
Zvae [ ]

hy-1 ||
Generated Graph l H
(k)
Samples Po(AreclZvae) Zvae » GRU > FNN —>
Ry | Inner product




s

7
42 Beyond NetGAN: Community -Preserving GAN

E Experimental Results

Citeseer Pubmed PPI 3D Point Cloud Facebook Google
Graph
NMI(e-2) ARI(e-2) NMI(e-2) ARI(e-2) NMI(e-2) ARI(e-2) NMI(e-2) ARI(e-2) NMI(e-2) ARI(e-2) NMI(e-2) ARI(e-2)
SBM 19.7409 19401 44402 03+0.1 113407 12401 37.0+1.3 114407 145+20 21403 244409 13404
DCSBM  27.14£08 1.740.1 189402 0340.1 18.6408 1.8403 373414 115408 175415 19403 294406 57405
BTER 273407 18401 191402 03401 19.0+£0.7 1.740.1 381412 121408 17.9+12 21402 303407 58405
MMSB  267+£09 44410 OOM OOM 154406 08+04 7.1+04 13403 OOM OOM OOM OOM
VGAE 63.04+04 29.0+15 420403 150404 504406 40.0+12 57.0+08 82+1.1 OOM OOM OOM OOM
Graphite  62.84+0.7 282421 43.040.5 15.1+04 523408 334419 58.8+04 132403 OOM OOM OOM OOM
SBMGNN 62.6+05 21.541.0 393405 14.1+£05 569404 31.04£1.6 592409 159+1.1 OOM OOM OOM OOM
NetGAN 579405 20.1+03 OOM OOM 552405 302403 67.4+09 378426 OOM OOM OOM OOM
CPGAN 725404 443+1.5 458409 341+1.1 57.0+0.7 442413 70.6£0.6 399+14 54.7+1.0 284+1.6 38.71+0.5 30.8+0.5
Performance on Community -preserving graph generation
#Nodes | 0.1k | Ik | 10k | 100k
E-R 4.6t | 9.0e7% | 046 10.1
#Nodes |01k | 1k | 10k | 100k B-A 1.0e™® | 12e72 | 0.11 1.17
Chung-Lu 72e~t | 25¢7% | 018 2.38
MMSB 0.11 0.91 40.3 - SBM 6.1e7 | 0.09 2.58 37.1
Kronecker 1.39 1.55 3.25 4.73 DCSBM 6.2e73 | 0.09 2.69 39.3
GraphRNN-S | 1.63 15.4 161 - BTER 1.28¢7% | 1.9¢7* | 0.16 0.25
VGAE 0.06 0.42 9.75 - MMSB 6.1e7® | 0.09 2.56 -
Graphite 0.07 0.47 10.6 - Kronecker 8.5¢% | 0.08 1.00 9.69
SBMGNN 0.08 0.63 12.4 . GraphRNN-S | 027 | 4.74 63.6 -
NetGAN 0.27 2.80 31.1 - VGAE 42¢7 | 0.04 0.38
CondGEN-R | 0.18 253 . ) Graphite 6.1e”® | 0.06 0.64
CPGAN 0.35 0.70 6.39 32.9 SBMGNN [ 001 | 0.l 1.13 -
NetGAN 8.7e 0.09 1.12
CondGEN-R | 83e™% | 0.15 - -
CPGAN 9.1¢7% | 0.08 0.95 86.1

Comparison on training time

Comparison on infernece time



Similarity -Based Graph Generation

0

Recursive: Kronecker
Autoregressive: GraphRNN
Random Walk: NetGAN
Diffusion Model: DiGress
Dynamic Graph Generation

Similarity and Graph Generation



7 . . .
44 Diffusion Model: DiGress

s

Diffusion models: Two major processes.

A Forward processransforms data into noise.
A Generative procesgearns to transform the noise back into data.

Forward SDE
0x = f(x,t)ot + o(t)dw

DDPM

Xe =1—= Bt X +\/E-z,,zt~N(0,I)

NCSN » 5
X¢ = Xp—q + _|0F —0f_1 2, Z2¢ ~ N(0,1)

Data
Noise

Xt+1

Reverse SDE
ox = [f(x,t) — a(t)? - V,log p,(x)]0t + o (t)0d

DDPM
Xe—y = po(Xe, t) + /Bt - 21, 2o ~ N(0,1)

NCSN Annealed Langevin dynamics

Croitoru, Florinel-Alin, et al. "Diffusion models in vision: A survey." IEEE Transactions on Pattern Analysis and Machine Intelligence 45.9 (2023): 10850-10869.
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45  Diffusion Model: DiGress

s

Diffusion model  for graph generation: Motivation

A Motivation for discrete diffusion: no need to predict continuous values that do
not exist in the data + do not break sparsity

A Adding noise = sampling node or edge types from a categorical distribution.

A No edge = one particular edge type.

A The noise is sampled independently on each node and edge.

T Gt — G

Voo Lre Ve vl
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46 Diffusion Model: DiGress

s

Diffusion model  for graph generation.

A Forward processdds noise using Markov transition matéix.
A Generative procestearns to transform the noise back into data. A discrete

'O Is sampled from the learned categorical distribution.
A Graph generation becomes a sequence of node and edge classification

tasks.
T Cf Qt — G

G
pe-slpetelpe e
O . IC S-entr r
ross-entropy

G“cc T\
po(G" 7 GY)
| ml
> . AB C

%(G) po(GIG")
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48 Dynamic Graph Generation

Q ¥ o0 Feor X

:5__ ¢'° é_é- qo ;6-«;*0
""db "io o-0O 0: do o-0
t=t, t=t, t=t;

Fig. 1. An example of time-evolving graph.

Sheng, Xiang, et al. "Efficient Learning-based Graph Simulation for Temporal Graphs." IEEE ICDE 2025.
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49 Dynamic Graph Generation (Background)

s

4 N
- P
VAE GAN RNN
- J

original
temporal Simulated Temporal
\_ graph -/ \ Graph /

Temporal Graph Generator
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50 Dynamic Graph Generation
/

Temporal Random Walk -based Generation (State -of -the -art)

Feed to —— o
P INrr (v*)) Addition W
] A .
MDinsert a ip)ace .”p \& ,r (W“) |W(1""E')
~ w@,  wd holder in W, S 6\ add 4 J/ x - &
G Temporal (@)Replace the space w o 7 |
;».»T \ ¢ Random ’v:,,' \S wjm holder with a new -:.’.'_g__‘ }y"*"-,‘ﬁ
. g 5.2 o Walks 4 Sample |« Wi Propose temporal role v'. Generate |*. e'wa}f_s«
il " -+ 2| g -,,-‘:,."
.“jfy 1wt wo o Wd(;%ere R
b 5, Deletion N <5,
Input A Sampled Candidate (DRemove ﬁ?j.(")and o« é. fo (wd(jmwﬂ“ﬂ) Generated
Temporal Graph Temporal Random Temporal Walk Segment 0 o D b > J = Temporal Graph
Walk Sequences 5@ f 7 ® Wy, from . A
W=D W;- rom LS
Generated
Temporal Walks
- A A A _/

~

1. Sampling 3. Discrimination

2. Generation

Sheng, Xiang, et al. "

Efficient Learning-based Graph Simulation for Temporal Graphs." IEEE ICDE 2025.

~

4. Assembling
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51 Dynamic Graph Generation

s

Limitations and Motivation

1. Large amount of sampled random walks. 1. Moderate amount of sampled sudraphs.

2. High computation complexity in time level. (e.q., 2. Acceptable computation complexity in time level. (e.g.,
Taggen TGGAN has OfR) complexity. ~ our proposed TGAE has G{l} complexity.
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52 Dynamic Graph Generation

Proposed model: TGAE

:

(a) Sampling all k-radius ego-graphs (k=2) 1 (b) Convert ego-graphs into

Ego-graph
Sampling

>

TOTE

GPUI

(c) Data parallelism on multi-gpu machine

|, Temporal _ TGAT

ega.graphs Encoding

7
OO O

! k-bipartite computation graph (k=2)

QOO®-

GPUL & 2 message

a€o o

Hidden _| Egﬂ-grfrph |, Generated _ Graph. L A \p_\ %:___0—*
Variables Decoding ego-graphs | Assembling - Q,'Q\
o g}_) (o] ©

|
(a) k-radius temporal ego-graph (k=2) 1 (b) temporal edge importance of 1"’

___________________ e e e e e e e e e e ==

(c) temporal edge importance of x*
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MEDIAN SCORE feq() COMPARISON WITH SEVEN METRICS.

TABLE IV

(SMALLER METRIC VALUES INDICATE BETTER PERFORMANCE)

Dataset Metric TGAE TIGGER DYMOND TGGAN TagGen NetGAN  E-R B-A VGAE Graphite SBMGNN
Mean Degree 2.41E-3  3.54E-3 2.98E-3 3.25E-3 7.46E-4 4.16E-3 552E-3 123E-1 1.79E-3 1.79E-3 1.79E-3
LCC 2.61E-3  2.75E-3 2.71E-3 277E-3  2778E-3 3.35E-1 7.27E-1 9.11E-2 S5.11E-1 5.40E-1 4.62E-1
Wedge Count 4.15E-3  3.08E-2 2.31E-2 538E-1 7.14E-1 5.05E-1 5.07E-1 3.74E-1 1.81E+0 2.1SE+0  2.39E+0
DBLP Claw Count  7.29E-3  2.64E-2 1.35E-2  298E+0 3.02E+0 9.27E-1 8.78E-1 4.52E+0 8.78E+0 1.21E+1  1.42E+l
Triangle Count 4.79E-3  7.85E-2 3.77E-2 533E-1 5.44E-1 8.83E-1 994E-1 8.24E-1 9.27E+0 9.21E+0  8.66E+0
PLE 1.73E-3  3.34E-2 9.15E-3 1.78E-1 1.79E-1 2.24E-1 1.65E-1 845E-2 4.0lE-1 4.65E-1 4.25E-1
N-Components  3.05E-3  3.07E-3 3.11E-3 3.39E-3 351E-3  2.13E-1 836E-1 5.06E-2 5.07E-1 5.49E-1 4.83E-1
Mean Degree  2.69E-2  1.05E-1 OOM OOM OOM  2.13E-1 229E-1 3.24E-2 239E-1 2.44E-1 3.72E-2
LCC 8.72E-2 9.31E-2 OOM OOM OOM  299E-2 8.83E-1 [1.24E-1 556E-1 5.30E-1 3.73E-1
Wedge Count 1.05E-1  2.37E-1 OOM OOM OOM  242E-1 927E-1 3.15E-1 687E-1 7.50E-1 1.77E+0
MATH Claw Count  2.59E-1 3.75E-I OOM OOM OOM  496E-1 999E-1 4.86E-1 295E+0 3.43E+0  8.13E+0
Triangle Count 9.79E-2  8.78E-1 OOM OOM OOM  234E+0 1.00E+0 5.84E-1 1.74E+0 1.66E+0  2.24E+0
PLE 241E-2 9.36E-1 OOM OOM OOM  1.11E+0 2.35E-1 7.81E-2 5.74E-1 5.40E-1 2.49E-1
N-Components 3.15E-2  4.66E-2 OOM OOM OOM  3.50E-2 [1.00E+0 1.35E-1 590E-1 5.61E-1 3.96E-1
Mean Degree  9.73E-2 OOM OOM OOM OOM OOM 2.32E+1 5.29E-1 OOM OOM OOM
LCC 1.32E-1 OOM OOM OOM OOM OOM  3.71E+0 298E+0 OOM OOM OOM
Wedge Count  3.16E-1  OOM OOM OOM OOM OOM  145E+1 9.76E-1 OOM OOM OOM
UBUNTU  Claw Count  5.60E-1 OOM OOM OOM OOM OOM  3.01E-1 9.96E-1 OOM OOM OOM
Triangle Count 1.21E-1  OOM OOM OOM OOM OOM  5.05E-1 1.00E+0 OOM OOM OOM
PLE 8.52E-2 OOM OOM OOM OOM OOM 7.33E-1 5.31E-1 OOM OOM OOM
N-Components 2.64E-2  OOM OOM OOM OOM OOM  1.00E4+0 855E-1 OOM OOM OOM
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; 15s, 3& 3
1 2
5s 17s, 28s, 30s, 35s : w

Dynamic Graph Key motif structure

TABLE VI
MAXIMUM MEAN DISCREPANCY OF INSTANCE COUNTS OF ALL 2- AND 3-NODE, 3-EDGE 6-TEMPORAL MOTIFS BETWEEN RAW AND GENERATED
TEMPORAL NETWORKS (o REFERS TO THE SIGMA VALUE FOR GAUSSIAN KERNEL)

Dataset TGAE TIGGER DYMOND TGGAN TagGen NetGAN E-R B-A VGAE Graphite SBMGNN

DBLP 2.65E-5 9.68E-4 1.25E-4 2.08E-2 231E-2 221E-1 643E-2 1.08E+0 1.34E+0 1.95E+0 1.99E+0
MSG 2.27E-5 2.12E-4 3.77E-5 9.81E-3 1.09E-2 1.85E-2 1.83E-2 [1.17E+0 1.98E4+0 1.99E+0 1.65E+0
BITCOIN-A 1.12E-6 2.76E-5 OOM OOM OOM OOM 1.90E+0 2.00E+0 3.88E-1 5.39E-1 1.08E-1
BITCOIN-O 5.49E-6 3.06E-5 OOM OOM OOM OOM 1.80E+0 2.00E+0 1.82E4+0 1.98E+0 5.22E-1
EMAIL 2.12E-2  7.65E-2 3.27E-2 OOM OOM 9.78E-2 9.74E-1 1.95E+0 1.95E+0 1.07E+0 1.74E+0
MATH 7.86E-4  2.14E-3 OOM OOM OOM 5.11E-3  6.59E-3 2.74E-3 2.00E+0 1.89E+0 1.94E+0
UBUNTU  1.27E-3 OOM OOM OOM OOM OOM 1.52E+0 2.00E+0 OOM OOM OOM
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Graph Generation in Data Management (Motivation)
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(3) Financial Network

1. A lack of realistic graphs for evaluating the performance of the graph processing system.

2. Synthetic graphs can be used in many network analysis tasks, such as community detection.

3. The simulated graph anonymizes node entities and their link relationships, preventing the leakage

of private data.

Li, F., Wang, X., Cheng, D., Chen, C., Zhang, Y., & Lin, X. (2025). Efficient Dynamic Attributed Graph Generation. In IEEE IC DE 2025.
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Vi
VRDAG: Variational Recurrent Dynamic Attributed Generator

The overall framework of VRDAG

Li, F., Wang, X., Cheng, D., Chen, C., Zhang, Y., & Lin, X. (2025). Efficient Dynamic Attributed Graph Generation. In IEEE IC DE 2025.



