
Renjie Liao

University of British Columbia
Winter, Term 1, 2022

EECE 571F: Deep Learning with Structures
Lecture 6:

Unsupervised/Self-supervised 
Graph Representation Learning



Course Scope

• Brief Intro to Deep Learning

• Geometric Deep Learning

• Deep Learning Models for Sets and Sequences: Deep Sets & Transformers
• Deep Learning Models for Graphs: Graph Convolution & Message Passing GNNs
• Expressiveness & Generalizations of GNNs
• Unsupervised/Self-supervised Graph Representation Learning

• Probabilistic Deep Learning

• Deep Generative Models:
Auto-regressive models, GANs, VAEs, Diffusion/Score based models

• Discrete/Hybrid Latent Variable Models: RBMs, Latent Graph Models
• Stochastic Gradient Estimation
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Unsupervised Graph Representation Learning

• Deep Generative Models of Graphs

Building probabilistic distributions of graphs (e.g., adjacency matrix A) and node representations X

• In this lecture, we focus on methods that learn good node representations

Given graphs (e.g., adjacency matrix A), the goal is to learn node representations X

The learned X is useful for supervised fine-tuning, e.g., node classification
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Language Models

Model the probability of words given its context (e.g., a fixed-size window):

• One can use RNNs or CNNs to construct the probability

• The model can be learned via maximum likelihood

<latexit sha1_base64="Sljjt6nkIUf8t5VAwrASdy2U7uk="></latexit>

p(wi+1|wi, · · · , wi�K)

<latexit sha1_base64="jb/WWdh4M7poWLSuaUK15lvJyjw="></latexit>

p(wi|{wi�k, · · · , wi�1, wi+1, · · · , wi+k})



Skip-Gram Models

Model the probability of its context (e.g., a fixed-size window) given the word:
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Skip-Gram Models

Model the probability of its context (e.g., a fixed-size window) given the word:

• Assumes conditional independence, i.e., the context is orderless

• The model only takes one word as input, thus being efficient

• Interpolation (context => word) vs. extrapolation (word => context)
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Skip-Gram Models

Model the probability of its context (e.g., a fixed-size window) given the word:

• Assumes conditional independence, i.e., the context is orderless

• The model only takes one word as input, thus being efficient

• Interpolation (context => word) vs. extrapolation (word => context)
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p({wi�k, · · · , wi�1, wi+1, · · · , wi+k}|wi) =
Y

j 6=i,j2Ni

p(wj |wi)

Can we generalize this model to graphs?
Words -> Nodes

How about edges?
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Random Walks

A special Markov Chain

Starting at a node, one can randomly choose a neighboring node at a time to walk
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Random Walks

A special Markov Chain

Starting at a node, one can randomly choose a neighboring node at a time to walk

Image Credit: https://mathematica.stackexchange.com/questions/156626/generate-random-walk-on-a-graph
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https://mathematica.stackexchange.com/questions/156626/generate-random-walk-on-a-graph
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Model the probability of context (random walks) given its word (vertex):

Image Credit: [1]
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Deep Walks

Image Credit: [1]

Model the probability of context (random walks) given its word (vertex):
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Deep Walks

Skip-Gram Algorithm 

Image Credit: [1]

Conditional Independence
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Deep Walks

Image Credit: [1]

Model the probability of context (random walks) given its word (vertex)

Construct probability using Softmax: 
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Deep Walks

Image Credit: [1]

Model the probability of context (random walks) given its word (vertex)

Construct probability using Softmax: 

One weight per vertex, i.e., a huge softmax on large graphs

Can we improve the efficiency?
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Deep Walks

Hierarchical Softmax

Build a binary tree over vocabulary (the set of all vertices)

Image Credit: [1]
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Deep Walks

Multi-Label Classification (BlogCatalog) 

Two-stage pipeline: 1) learn node embeddings unsupervisedly; 2) learn node classifier supervisedly

Image Credit: [1]



Deep Graph InfoMax

Mutual Information between X and Y:
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Deep Graph InfoMax

Mutual Information between X and Y:

It quantifies the "amount of information" obtained about one random variable by observing the other 
random variable

The higher the mutual information => knowing one would give you more information about the other
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Deep Graph InfoMax

How to estimate Mutual Information?
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Deep Graph InfoMax

How to estimate Mutual Information?

Suppose we generate Y from a mixture distribution:
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Deep Graph InfoMax

How to estimate Mutual Information?

Suppose we generate Y from a mixture distribution:

Density Ratio Trick:
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How to estimate Mutual Information?
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We only need samplers to train a classifier, no exact probability densities are required!



Deep Graph InfoMax

Given samples 

We build a classifier
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Deep Graph InfoMax

Given samples 

We build a classifier

Minimize Binary Cross-entropy: 
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Deep Graph InfoMax

Given samples 

We build a classifier

Minimize Binary Cross-entropy:

The optimal q is: 
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Optimal Bayesian Classifier!
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Deep Graph InfoMax

The optimal q is

Binary Cross-entropy:
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Deep Graph InfoMax

The optimal q is

Binary Cross-entropy:

One can show [4] that  

One can also generalize this lower bound to multiple variables [4,5]
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Deep Graph InfoMax

We want to learn node representations that capture global context information of the graph, i.e., 
maximize local mutual information

• Graph input
• Corrupted/Noisy graph input
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Deep Graph InfoMax

We want to learn node representations that capture global context information of the graph, i.e., 
maximize local mutual information

• Graph input
• Corrupted/Noisy graph input
• Node representation
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Deep Graph InfoMax

We want to learn node representations that capture global context information of the graph, i.e., 
maximize local mutual information

• Graph input
• Corrupted/Noisy graph input
• Node representation
• Graph representation
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Deep Graph InfoMax

We want to learn node representations that capture global context information of the graph, i.e., 
maximize local mutual information

• Graph input
• Corrupted/Noisy graph input
• Node representation
• Graph representation
• Discriminator / Binary classifier

<latexit sha1_base64="m6+EzrFMiXBEQowGDMhYXxotxDA="></latexit>

L =
1

N +M

0

@
NX

i=1

E(X,A)

h
logD

⇣
~hi,~s

⌘i
+

MX

j=1

E(eX,eA)


log

✓
1�D

✓
~ehj ,~s

◆◆�1

A



Deep Graph InfoMax

Image Credit: [3]
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Deep Graph InfoMax

Image Credit: [3]

If a huge graph is presented, sampling subgraphs is necessary
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Image Credit: [3]



SimCLR

Image Credit: https://ai.googleblog.com/2020/04/advancing-self-supervised-and-semi.html
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Image Credit: [6]
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Image Credit: https://ai.googleblog.com/2020/04/advancing-self-supervised-and-semi.html
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