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Introduction



4 Graphs

Graphs are a general language for describing and analyzing 

entities with relations/interactions .



5 Many types of data are graphs

Economic Networks

CitationNetworks

Imagecredit:MissoulaCurrentNews

Internet

Imagecredit:Science Imagecredit:LumenLearning

CommunicationNetworks EventGraphs
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UndergroundNetworks
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ComputerNetworks

FoodWebs

DiseasePathways
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CodeGraphs

Many types of data are graphs

3DShapes
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7 Artificial Intelligence -Generated Content (AIGC)

AIGC refers to content that is generated using advanced Generative AI (GAI) techniques, as 
opposed to being created by human authors, which can automate the creation of large 
amounts of content in a short amount of time.

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).



8 Introduction about Generative AI Models

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).



9 History of Generative AI Models

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).



10 Graph Generation

Definition of Graph Generation

Given a set of observed graphs {G}, graph generation aims to construct a generative model Ð ' 
to capture the distribution of these graphs, from which new graphs can be sampled 'Ḑ Ð ' . 
The generation process can be conditioned on additional information Ó, i.e., conditional graph 
generation ' Ḑ Ð 'ȿÓ to apply specific constraints on the graph generation results.

{G} '

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



11 Traditional Graph Generators

(Rule -based) Graph Generator
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12 Learning -based Graph Generators

ɖɖ

VAE GAN RNN

(Learning -based) Graph Generator
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13 Graph Similarity

1. Graph Edit Distance(GED) 2. Graph Statistics 
(e.g., triangle counts)

3. Node Distribution
(e.g., Wasserstein Distance)



14 Similarity -based Graph Generation

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

Generated Graph Data χAccording 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.

Similarity -based deep graph generators χthese algorithms have the following advantages: (1) the 
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 χ  ỏ can hardly simulate large -scale graph data

   ỏ real-world graph data have community structure

original 
graph

ɖɖ

VAE GAN RNN Generated Graph



15 Application: Generated Molecule Graph

Drug Discovery: finding molecules with desired chemical properties.

A good drug needs to satisfy multiple objectives: 

ÅThe scale of potential drug-like molecules: ρπ ρͯπ
ÅThe scale of existing chemical database: ρπ
ÅA huge gap!

Jin, Wengong, Regina Barzilay, and Tommi Jaakkola. "Multi-objective molecule generation using interpretable substructures." ICML. PMLR, 2020.
Zang, Chengxi, and Fei Wang. "Moflow: an invertible flow model for generating molecular graphs." Proceedings of the 26th ACM SIGKDD. 2020.



16 Application: Generated Protein Structure

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). 

Trippe, Brian L., et al. "Diffusion Probabilistic Modeling of Protein Backbones in 3D for the motif-scaffolding problem." ICLR 2023.



17 Application: Generated Protein Structure

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

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



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

Luo, Shitong, et al. "Antigen-specific antibody design and optimization with diffusion-based generative models for protein structures." NeurIPS (2022): 9754-9767.



19 Application: Generated Material Structure Graph

Periodic Material Generation: Designof 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 
electronic behavior.

Xie, Tian, et al. "Crystal Diffusion Variational Autoencoder for Periodic Material Generation." International Conference on Learning Representations 2022.



20 Outline

ü Similarity-based Graph Generation

ü Function-driven Graph Generation

ü Current Trend and Future Directions
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22 Similarity -Based Graph Generation

ü Recursive : Kronecker

ü Autoregressive: GraphRNN

ü Random Walk: NetGAN

ü Diffusion Model: DiGress

ü Dynamic Graph Generation

ü Similarity and Graph Generation



23 Recursive: Kronecker

Decomposing Graph Generation into Recursive Expansion:

 



24 Recursive: Kronecker

Decomposing Graph Generation into Recursive Expansion:

 



25 Recursive: Kronecker

Decomposing Graph Generation into Recursive Expansion:

 



26 Recursive: Kronecker

Decomposing Graph Generation into Recursive Expansion:

 



27 Recursive: Kronecker

Decomposing Graph Generation into Recursive Expansion:

 



28 Recursive: Kronecker



29 Similarity -Based Graph Generation

ü Recursive: Kronecker

ü Autoregressive: GraphRNN

ü Random Walk: NetGAN

ü Diffusion Model: DiGress

ü Dynamic Graph Generation

ü Similarity and Graph Generation



30 Autoregressive: GraphRNN

Decomposing Graph Generation into two RNNs:

 
ü Graph-level: generates sequence of nodes

ü Edge-level: generates sequence of edges for each new node

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



31 Autoregressive: GraphRNN

Visualization of input graphs and generated graphs

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



32 Autoregressive: GraphRNN

Quantitative Comparison on Generative Performance

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



33 Similarity -Based Graph Generation

ü Recursive: Kronecker

ü Autoregressive: GraphRNN

ü Random Walk: NetGAN

ü Diffusion Model: DiGress

ü Dynamic Graph Generation

ü Similarity and Graph Generation



34 Random Walk: NetGAN

Explicit vs. implicit models

Bojchevski, Aleksandar, et al. "Netgan: Generating graphs via random walks." International conference on machine learning. PMLR, 2018.

ÅExplicit models have a parametric specification 
of the data distribution 

ÅObserve patterns and manually specify a model 
to capture them 

Å[ŜŀǊƴ Ǿƛŀ a[9Σ Χ

Å Implicit models define a stochastic process 
that directly generates data 

ÅLikelihood free: learn by comparison with the 
true data distribution (e.g. class probability 
estimation, GANs)



35 Random Walk: NetGAN

Challenges  

Bojchevski, Aleksandar, et al. "Netgan: Generating graphs via random walks." International conference on machine learning. PMLR, 2018.

1. Single large graph as input 
ω /ƻƳǇŀǊŜŘ ǘƻ ŜΦƎΦ Ƴŀƴȅ ƛƳŀƎŜǎ ƛƴ ŎƻƳǇǳǘŜǊ Ǿƛǎƛƻƴ 

2. Quadratic scaling and sparsity 
ω CƻǊ ὔ nodes there are ὔ2 possible edges 
ω wŜŀƭ ƎǊŀǇƘǎ ƘŀǾŜ μὉ| Ḻ ὔ2 significantly fewer edges
 
3. Discrete output samples 
ω /ŀƴΩǘ Ŝŀǎƛƭȅ ōŀŎƪǇǊƻǇŀƎŀǘŜ ǘƘǊƻǳƎƘ ǎŀƳǇƭƛƴƎ ǎǘŜǇ 

4. Permutation invariance



36 Random Walk: NetGAN

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

 

Bojchevski, Aleksandar, et al. "Netgan: Generating graphs via random walks." International conference on machine learning. PMLR, 2018.



37 Random Walk: NetGAN

Model Framework Generator

Bojchevski, Aleksandar, et al. "Netgan: Generating graphs via random walks." International conference on machine learning. PMLR, 2018.



38 Random Walk: NetGAN

Graph assembly: sample edges with probability proportional to their transition counts

Bojchevski, Aleksandar, et al. "Netgan: Generating graphs via random walks." International conference on machine learning. PMLR, 2018.



39 Random Walk: NetGAN

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

Bojchevski, Aleksandar, et al. "Netgan: Generating graphs via random walks." International conference on machine learning. PMLR, 2018.



40 Beyond NetGAN: Community Preserving GAN

ÉMotivation
Å Community Structure, as the main character of graph data, existing graph 

generation solutions cannot handle this property.
Å Existing autoregressive and random walk -based solutions are not efficient.

NetGAN is Random Walk-based, with low efficiencyreal-world community



41 Beyond NetGAN: Community Preserving GAN

ÉContribution
Å Community preserving graph generator: CPVAE-GAN (CPGAN)
Å Community -preserving graph encoder χLadder Encoder
Å deprecate random walk sampling, leveraging autoencoder, which is efficient.

Xiang, S., Cheng, D., Zhang, J., Ma, Z., Wang, X., & Zhang, Y. (2022, May). Efficient learning-based community-preserving graph generation. In2022 IEEE 38th International Conference on 
Data Engineering (ICDE)(pp. 1982-1994). IEEE.

CPVAE-GAN



42 Beyond NetGAN: Community -Preserving GAN

ÉExperimental Results

Performance on Community -preserving graph generation

Comparison on training time
Comparison on infernece time



43 Similarity -Based Graph Generation

ü Recursive: Kronecker

ü Autoregressive: GraphRNN

ü Random Walk: NetGAN

ü Diffusion Model: DiGress

ü Dynamic Graph Generation

ü Similarity and Graph Generation



44 Diffusion Model: DiGress

Diffusion models: Two major processes.

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

ÅForward process transforms data into noise.
ÅGenerative process learns to transform the noise back into data.



45 Diffusion Model: DiGress

Diffusion model for graph generation: Motivation

Vignac, Clément, et al. "DiGress: Discrete Denoising diffusion for graph generation." ICLR. 2023.

ÅMotivation for discrete diffusion: no need to predict continuous values that do 
not exist in the data + do not break sparsity
ÅAdding noise = sampling node or edge types from a categorical distribution.
ÅNo edge = one particular edge type.
ÅThe noise is sampled independently on each node and edge.



46 Diffusion Model: DiGress

Diffusion model for graph generation.

Vignac, Clément, et al. "DiGress: Discrete Denoising diffusion for graph generation." ICLR. 2023.

ÅForward process adds noise using Markov transition matrix ὗ .
ÅGenerative process learns to transform the noise back into data. A discrete 
Ὃ is sampled from the learned categorical distribution.
ÅGraph generation becomes a sequence of node and edge classification 

tasks.



47 Similarity -Based Graph Generation

ü Recursive: Kronecker

ü Autoregressive: GraphRNN

ü Random Walk: NetGAN

ü Diffusion Model: DiGress

ü Dynamic Graph Generation

ü Similarity and Graph Generation



48 Dynamic Graph Generation

Sheng, Xiang, et al. "Efficient Learning-based Graph Simulation for Temporal Graphs." IEEE ICDE 2025.



49 Dynamic Graph Generation (Background)

ɖɖ

VAE GAN RNN

Temporal Graph Generator

original 
temporal 

graph
Simulated Temporal 

Graph



50 Dynamic Graph Generation

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

Sheng, Xiang, et al. "Efficient Learning-based Graph Simulation for Temporal Graphs." IEEE ICDE 2025.



51 Dynamic Graph Generation

Limitations and Motivation 

Sheng, Xiang, et al. "Efficient Learning-based Graph Simulation for Temporal Graphs." IEEE ICDE 2025.

1. Large amount of sampled random walks.

2. High computation complexity in time level. (e.g., 
Taggen, TGGAN has O(N2T2) complexity.

1. Moderate amount of sampled sub-graphs.

2. Acceptable computation complexity in time level. (e.g., 
our proposed TGAE has O(N2T) complexity.



52 Dynamic Graph Generation

Proposed model: TGAE

Sheng, Xiang, et al. "Efficient Learning-based Graph Simulation for Temporal Graphs." IEEE ICDE 2025.



53 Dynamic Graph Generation

Comprehensive Comparison on Temporal Graph Simulation

Sheng, Xiang, et al. "Efficient Learning-based Graph Simulation for Temporal Graphs." IEEE ICDE 2025.



54 Dynamic Graph Generation

Comprehensive Comparison on Temporal Graph Simulation

Sheng, Xiang, et al. "Efficient Learning-based Graph Simulation for Temporal Graphs." IEEE ICDE 2025.

Dynamic Graph Key motif structure



55 Dynamic Graph Generation

Graph Generation in Data Management (Motivation)

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

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.

(1) Friend Network (2) User-item Network (3) Financial Network



56 Dynamic Graph Generation

VRDAG: Variational Recurrent Dynamic Attributed Generator

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

The overall framework of VRDAG


