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Background

Image Language
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How about graph generative models?

Multi-Domain
Model Training
GraphRNN [69]
EdgeRNN [3]
MOoIRNN [46]
MDVAE [13]
PCVAE [14,20)]
(DE)CO-VAE [19]
GraphVAE [57]
Mol-CycleGAN [40]
LGGAN [16]
GraphNVP [38]
MoFlow [70]
GraphDF [26]
GDSS [24]
DiGress [64]
GraphEBM [23]
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Our Large-scale Training Paradigm

Previous Generated

Limited Data from one E :
- 170w [ Do D] 2 [
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Experiment — Large-scale Training is Beneficial

Training from Scratch Evaluation

Pre-training Fine-tuning Evaluation
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Experiment — Text2Graph Generation

A basketball player shooting the 3 points!

Images have their semantic-
meaning for us to specify

Graphs have their own meta-data:
Degree/Density/Clustering
Coefficient/Domain...
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Experiment — Text2Graph Generation

Text Encoder :
S The power—1138-bus graph' = . Concatenation (e) TethGraph
represents a network of buses in g e S
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Pretrained encoder to obtain text embeddings

Fuse the text embeddings into the latent diffusion



Experiment — Text2Graph Generation

Control the Clustering Coefficient (somewhat # of triangles) in the graph
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Summary of LGGM

Method - LGGM

(a) Graph Universe A Chemical (c) Strategy of our LGGM
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