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Summary – Distribution

1D Gaussian Distribution 2D Gaussian Distribution

ℝ ℝ2

ℝ256×256
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Summary – Existing Generative Methods

Probability distribution of the objective based on the observed data

• Machine Learning Methods

o Gaussian Kernel Density Estimation

o Gaussian Mixture Models

• Deep Learning Methods

o Auto-Encoder (AE)

o Variational AE (VAE)

o Generative Adversarial Network (GAN)

o Diffusion Model

o ……

𝑃(𝑥) 𝑥𝑥𝑖 𝑖=1
𝑁

Good DataGood Model

Using existing function to estimate what you do

not know that can best fit your observation

Using learnable function to estimate what you do

not know that can best fit your observation
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Summary – Continuous Generation

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

Language Generation

Graph Generation
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Discrete Generative Model – Ball Example

5 Basketball
2 Volleyball

3 Football
If you Randomly draw 100 times ……

~50

~30

~20
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Discrete Generative Model – Ball Example

5 Basketball
2 Volleyball

3 Football

But how can you simulate this process on computer?

~50

~30

~20

If you Randomly draw 100 times ……
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Discrete Generative Model – Ball Example

𝛼~𝑼(0,1)

0.5 0.3 0.2
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Discrete Generative Model – Language Example
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Discrete Generative Model – Language Example
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Discrete Generative Model – Graph Example
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Discrete vs Continuous Generative Model
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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

o Variational AE (VAE)

o Generative Adversarial Network (GAN)

o Diffusion
Discrete version:

Graph/Language

Continuous version:
Point Cloud/Image/Video
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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?
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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?

Neural Decoder Mapping

Mean-squared error loss

Sampling Gaussian and transform

VAE
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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?

Neural Decoder Mapping

Discriminator – Distribution Difference

Sampling from Gaussian and transform

GAN
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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?

Noise Decoding + Denoise

Mean-squared error loss

Autoregressively sampling and decoding

Diffusion
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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

o Graph Auto-Encoder (VAE)

o Graph Generative Adversarial Network (GAN)

o Graph Diffusion (Diffusion)
Discrete version:

Graph/Language

Continuous version:
Point Cloud/Image/Video
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Graph Definition

Knowledge Graph

Plant

Table

W

ater Can

Lopper

Sink

Garden

User

Bought by
Start seeds

Kitchen

The Home Depot Product Knowledge Graph

Transportation Network

Infrastructure Graph
Gas Network

Power Network

Scientific Graph

Protein

Brain Neural 3D GridPhylogenetic Tree

Small Molecule Virus

Decision Graph

Flowchart

Social Interaction Graph

Citation Network

Virtual Village with AI Agents

User-Entity Interaction GraphTransaction Network



KIND
kindlab-fly.github.io 20

Graph Definition
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Microscopic Graph Generation

Scientific Graph

Protein

Brain Neural 3D GridPhylogenetic Tree

Small Molecule Virus

Diffusion
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Social Interaction Graph

Citation Network

Virtual Village with AI Agents

User-Entity Interaction GraphTransaction Network

Macroscopic Graph

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

Node Attributes

Edge Attributes (Existence)

Graph Attributes

2

1

6 5

4

3

Academic Graph
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Graph Definition

Node Attributes

Edge Attributes (Existence)

Graph Attributes

2

1

6 5

4

3

Biomedical Graph
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Graph Definition

Node Attributes

Edge Attributes (Existence)

Graph Attributes

2

1

6 5

4

3

Amazon
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Graph Definition

Node Attributes

Edge Attributes (Existence)

Graph Attributes
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Graph Definition

Node Attributes 𝑿 ∈ ℝ𝟔×𝑲node

Edge Attributes (Existence) 𝑬 ∈ ℝ𝟖×𝑲Edge

Graph Attributes 𝒀 ∈ ℝ𝟏×𝑲Graph

2

1

6 5

4

3
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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

𝐺 𝑞𝜙(𝑧|𝐺)
Encoder

𝑝𝜃(𝐺|𝑧)𝑧
Sample Decoder
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Microscopic Graph Generation - GraphVAE

ℒG−VAE = −𝑝𝜃 𝐺∗ 𝑧 + 𝐷KL(𝑞𝜙(𝑧|𝐺
∗)||𝒩(0, 𝐼))

Maximum Likelihood

ℒA−VAE = −𝑝𝜃 𝐴∗ 𝑧 + 𝐷KL(𝑞𝜙(𝑧|𝐴
∗)||𝒩(0, 𝐼))
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Microscopic Graph Generation - GraphVAE

ℒG−VAE = −𝑝𝜃 𝐴∗ 𝑧 + 𝐷KL(𝑞𝜙(𝑧|𝐴
∗)||𝒩(0, 𝐼))

Maximum Likelihood Bernoulli Distribution

𝑝𝜃 𝐴 𝑧 =ෑ

𝑖<𝑗

𝜋
𝑖𝑗

𝐴𝑖𝑗 1 − 𝜋𝑖𝑗
1−𝐴𝑖𝑗
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Microscopic Graph Generation - GraphVAE

ℒG−VAE = −𝑝𝜃 𝐴∗ 𝑧 + 𝐷KL(𝑞𝜙(𝑧|𝐴
∗)||𝒩(0, 𝐼))

Maximum Likelihood

𝑝𝜃 𝐴 𝑧 =ෑ

𝑖<𝑗

𝜋
𝑖𝑗

𝐴𝑖𝑗 1 − 𝜋𝑖𝑗
1−𝐴𝑖𝑗

Binary Cross Entropy Loss
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Microscopic Graph Generation - GraphVAE
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Microscopic Graph Generation - GraphVAE
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Microscopic Graph Generation - GraphVAE

Encoder Decoder

Encoder Decoder

Encoder Decoder

Encoder Decoder
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Microscopic Graph Generation - GraphVAE
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Microscopic Graph Generation - GraphVAE
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Microscopic Graph Generation – Conditional GraphVAE
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Microscopic Graph Generation – Conditional GraphVAE
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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

Image Neural Encoder
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Graph GAN

Graph Neural Encoder
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Graph GAN

Graph Neural Encoder
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Graph GAN

Graph Neural Encoder

Edge Frequency Matching
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Graph GAN
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Conditional Graph GAN
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Conditional Graph GAN
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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 Diffusion

Noise Data
Generation by denoising step by step

Noise Data
Destructing data by adding noise

𝑞(𝑥𝑡|𝑥𝑡−1) 𝑥𝑡 ∼ 𝒩( 𝛼𝑡𝑥𝑡−1, (1 − 𝛼𝑡)𝐼)

𝑥𝑡 ∼ 𝒩( ത𝛼𝑡𝑥0, (1 − ത𝛼𝑡)𝐼)
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Graph Diffusion

𝜃∗ = 𝑎𝑟𝑔𝑚𝑖𝑛𝔼𝑥0∼𝑝𝑑𝑎𝑡𝑎 𝑥 ,𝑡∼𝑈 1,𝑇 ,𝜖∼𝒩(0,𝐼) 𝜖𝜃(𝑥𝑡 , 𝑡) − 𝜖 2
2

𝑥𝑇 ∼ 𝒩(0, 𝐼) Ƹ𝜖 = 𝜖𝜃∗(𝑥𝑡 , 𝑡)
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Graph Diffusion

Continuous Pixel Discrete Label

⊕ ⊕



KIND
kindlab-fly.github.io 54

Graph Diffusion

Discrete Label

W X Y Z

W 0 1 0 0

X 1 1 0 1

Y 1 1 0 0

Z 1 0 1 0

Random
Flip
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Graph Diffusion

State 1 State 2

State 1

State 2

State Transition
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Graph Diffusion

State 1 State 2

State 1

State 2

State Transition



KIND
kindlab-fly.github.io 57

Graph Diffusion

𝑝(𝐺0|𝐺𝑡)
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Graph Diffusion

𝜃∗ = 𝑎𝑟𝑔𝑚𝑖𝑛𝔼𝑥0∼𝑝𝑑𝑎𝑡𝑎 𝑥 ,𝑡∼𝑈 1,𝑇 ,𝑥𝑡∼𝑞 𝑥𝑡 𝑥0 ℱ𝜃(𝑥𝑡 , 𝑡) − 𝑥0 2
2

ℱ𝜃∗ 𝑥𝑇 , 𝑡 = ҧ𝑥0𝑥𝑇 ∼ 𝒩(0, 𝐼)

Predict from later time step gives more noisy images

𝑥𝑡 ∼ 𝑞(𝑥𝑡|𝑥0)

𝑥0 ∼ ℱ𝜃∗(𝑥0|𝑥𝑡 , 𝑡)
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Graph Diffusion
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Graph Diffusion
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Graph Diffusion – Conditional Denoiser
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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
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Overview
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Overview
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QA
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