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Motivation

Node features

✓ Types: Degree, Eigenvalue, Centrality, Atoms type…

✓ Distribution: Continuous and Discrete

✓ Properties: Sparse, Normal, Skew…  

Edge attributes

✓ Types: Binary, Bonds type…

✓ Distribution: Discrete (binary and category)

✓ Properties: Sparse…  

Graph
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Graph

Methods \ Graph Elements

Gaussian Diffusion Models

Discrete Diffusion Models

Beta Diffusion Model

Continuous Discrete Both

Bonus for Sparsity!
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Graph Beta Diffusion (GBD)

Overview of the forward and reverse diffusion processes of GBD

Forward multiplicative beta diffusion process

𝑮𝑡 = 𝑮𝑡−1 ⊙𝐐𝑡, 𝐐𝑡~Beta 𝜂𝛼𝑡𝑮0, 𝜂 𝛼𝑡−1 − 𝛼𝑡 𝑮0

𝑞 𝑮𝑡 𝑮0 = Beta 𝜂𝛼𝑡𝑮0, 𝜂(1 − 𝛼𝑡𝑮0)
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Graph Beta Diffusion (GBD)

Overview of the forward and reverse diffusion processes of GBD

Reverse multiplicative beta diffusion process

𝑮𝑡−1 = 𝑮𝑡 + 𝐏𝑡 ⊙ (1 − 𝑮𝑡), 𝐏𝑡~Beta 𝜂(𝛼𝑡−1 − 𝛼𝑡)𝑮0, 𝜂(1 − 𝛼𝑡−1𝑮0)

𝑞 𝑮𝑡−1 𝑮𝑡, 𝑮0 =
1

1 − 𝑮𝑡
Beta

𝑮𝑡−1 − 𝑮𝑡
1 − 𝑮𝑡

|𝜂 𝛼𝑡−1 − 𝛼𝑡 𝑮0, 𝜂(1 − 𝛼𝑡−1𝑮0)

𝑝𝜃 𝑮𝑡−1 𝑮0 ≔ 𝑞 𝑮𝑡−1 𝑮𝑡, ෠𝐺𝜃(𝐺𝑡, 𝑡)
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Graph Beta Diffusion (GBD)

Overview of the forward and reverse diffusion processes of GBD

Training GBD following beta diffusion[1] :

ℒ𝑡 = 1 − 𝜔 ℒ𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝑡, 𝑮0 + 𝜔ℒ𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑖𝑜𝑛 𝑡, 𝑮𝑡 , 𝜔 ∈ [0,1]

ℒ𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝑡, 𝑮0 ≜ 𝔼𝑞 𝐺𝑡,𝐺0 KL 𝑝𝜃 𝑮𝑡−1 𝑮𝑡 ∥ 𝑞 𝑮𝑡−1 𝑮𝑡; 𝑮₀))

𝐿𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑖𝑜𝑛 𝑡, 𝑮0 ≜ 𝔼𝑞 𝐺𝑡,𝐺0 KL(𝑞(𝑮𝜏|
෠𝐺𝜃(𝑮𝑡, 𝑡))||𝑞(𝑮𝜏|𝑮₀))

[1] Mingyuan Zhou et al., Beta diffusion, NeurIPS 2023 
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Design Space in GBD

➢Concentration Modulation

Edge generation process 

“Important structures” can emerge firstly

Subgraph contains nodes of higher degree

Substructure contains atom & edge of Carbon
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Design Space in GBD

➢Concentration Modulation

Edge generation process 

𝑞 𝑮𝑡 𝑮0 = Beta 𝜂𝛼𝑡𝑮0, 𝜂(1 − 𝛼𝑡𝑮0) 𝜼 ↑⟹ 𝐝𝐢𝐟𝐟𝐮𝐬𝐢𝐨𝐧 & 𝐦𝐢𝐱𝐢𝐧𝐠 𝐩𝐫𝐨𝐜𝐞𝐬𝐬 ↓ (𝐬𝐥𝐨𝐰𝐞𝐫)

concentrate parameter
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Experiments

➢Generation Quality ➢Topology Convergence

MMD results for complex generic graph generation Samples
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Experiments

➢Generation Quality ➢Topology Convergence

2D molecule generation results Samples
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Experiments

➢Generation Quality ➢Topology Convergence

V.U.N. results for intermediate graph samples in the reverse chain on 
Planar (left) and SBM (right) datasets 
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Visualization

➢Generative Process

Edge generation process of GBD on 
Community-small (left) and Ego-small (right) datasets 
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➢ Paper: https://arxiv.org/abs/2406.09357 

➢ Code: https://github.com/xinyangATK/GraphBetaDiffusion

➢ Xinyang’s website: xinyangatk.github.io

➢ Email: xinyangatk@gmail.com

Thank you

https://arxiv.org/abs/2406.09357
https://github.com/xinyangATK/GraphBetaDiffusion
xinyangatk.github.io
mailto:xinyangatk@gmail.com
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