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Social Networks
• Social Networks are intrinsically in the form of graphs


• Nodes (individuals) and ties


• Edges or Links (relationships or interactions)

8
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Applications of Graph 
Embedding
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Node Classification

Community Detection

Recommendation

Link Prediction       

Visualisation
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Feature Engineering

• Traditional social network analysis (SNA) measures 
structural properties of networks


• Node: degree, PageRank score, betweenness, closeness, 
eigenvector, …


• Pairs: #common neighbors, ...


• Groups: cluster assignments, cliques, cores, clans, ...

10
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Graph Learning Lifecycle
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Graph Learning Lifecycle

12

Graph  
Data
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Features

Learning 
Algorithm Model

Feature Learning via graph embedding

Feature Engineering Downstream Tasks
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What is Graph Embedding?

13
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Feature Learning via Graph 
Embedding

Low Dimension Representation 

14

ei = [xi
1, xi

2, . . . , xi
d]

f : vi → ℝd Node Vector / 
Node Embedding / 

Node Representation

Feature  
Learning

Task Specific 
Learning

Anomaly Detection

Attribute Prediction

Clustering

Link Prediction

TasksVector Representation
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A Visual Example

• Zachary’s Karate Club network: 

15

[Perozzi et al. KDD 2014]

Intuition: Embedding of nodes to lower-dimension, so that “similar” 
nodes in the graph have embeddings that are close together.

Backgrounds Graph Embedding Techniques Evaluation Future Directions
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Shallow Embedding Methods Deep Embedding Methods

Matrix Factorization Based Methods

Random Walk Based Methods

Graph Autoencoder

Graph Convolutional Network

• [Belkin et al. NIPS 2002]

• [Ahmed et al. WWW 2013]

• [Cao et al. KDD 2015]

• [Ou et al. KDD 2016]

• [Perozzi et al. KDD 2014]

• [Grover et al. KDD 2016]

• [Cao et al. AAAI 2016] 

• [Wang et al. KDD 2016]

• [Bruna et al., ICLR 2014] 

• [Duvenaud et al., NIPS 2015] 

• [Kipf & Welling, ICLR 2017]

Graph Embedding

Graph-Gated Recurrent Unit (Graph-GRU)

• [Li et al. ICLR 2018]

• [Yan et al. AAAI’2018]

• [Wu et al. IJCAI’2019]

• [Guo et al. AAAI 2019]

• Our work [Zhang et al. IJCAI 2019]

• Our work [Zhang et al. UAI 2018]
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Semi-Supervised
• [Kipf & Welling ICLR 2017]

• [Bruna et al. ICLR 2015]

• [Li et al. ICLR 2016]

• [Hamilton et al. NIPS 2017]

• [Li et al. , WWW 2019]

Graph Embedding Techniques Evaluation Future DirectionsBackgrounds

Graph Embedding Taxonomy 
by Learning Paradigms

Supervised 

Unsupervised
• [Perrozi et al. KDD 2014]

• [Tang et al. WWW 2015]

• [Grover & Leskovec KDD 2016]

• [Duran & Niepert NIPS 2017 ]

• [Tang et al. WWW 2015]

• [Han & Shen IJCAI 2016]

• [Niepert et al. ICML 2016]

Graph Embedding
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Shallow Embedding Methods
Maps nodes to vector embeddings with an “embedding 
lookup” table:


1. Matrix Factorization-based Methods 

2. Random Walk-based Methods

18

f(vi, E) = ei

E ∈ ℝ|V|×d

ei ∈ ℝdvi ∈ ℝ|V|
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Matrix Factorization-Based
• Dimensionality Reduction  

• Encoder:


• Decoder: pairwise similarity


• Loss:


•    is a matrix of user-defined pairwise similarity measurement


• Laplacian Eigenmaps [Belkin et al. NIPS 2002]; Graph Factorization 
[Ahmed et al. WWW 2013]; GraRep [Cao et al. KDD 2015]; HOPE [Ou et al. KDD 2016]

19

f(vi) = viE

L ≈ | |EET − S | |2

S

≈

S E ET

d

|V |
d

|V | |V |
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Random Walk-Based 
• Nodes co-occur on short random walks over the graph 


—> Nodes would have similar embeddings 

20

[Hamilton et al. IEEE 2018]

ei

ej
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Random Walk-Based (Cont.) 

• Deepwalk [Perozzi et al. KDD 2014] & Node2Vec [Grover et al. KDD 2016]


• Cross-entropy Loss: 

21

Dec(ei, ej) ≜
exp(eT

i ej)
∑vk∈V exp(eT

i ek)

L = ∑
(vi,vj)∈D

− log(Dec(ei, ej))
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Drawbacks of Shallow 
Embedding Methods

1. No parameters sharing  

• Simply an embedding lookup based on arbitrary node id 


2. Fail to leverage node attributes  

• E.g., user profiles on a social network 


3. Cannot generate embeddings for previously unseen 
nodes  

• The Cold Start problem 

22
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Deep Embedding Methods

• Use more complex encoders 


• Often based on deep neural networks 


• Depend more generally on the structure and attributes of the 
graph  


1. Graph Autoencoder  

2. Graph Convolutional Network (GCN)  

3. Graph-Gated Recurrent Unit (Graph-GRU)

23
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• To compress information about a node’s local 
neighbourhood 


•  


•

Graph Autoencoder

24

Dec(Enc(si)) = Dec(ei) ≈ si,

si ∈ ℝ|V|

L = ∑
vi∈V

| |Dec(ei) − si | |2

ei ∈ ℝd, d ≪ |V | si

ei

̂si
Enc() Dec()

|V | d
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Graph Autoencoder

• Deep Neural Graph Representations [Cao et al. AAAI 2016]: 


•         the pointwise mutual information of two nodes co-
occurring on random walks 


• Structural Deep Network Embeddings [Wang et al. KDD 2016]: 


•              the adjacency vector of 

25

si ≜ Ai

si ≜

vi
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Graph Autoencoder

• Advantages:


• Incorporate structural information as a form of regularization


• Disadvantages:


• Difficult to deal with large scale graphs 


• The input dimension to the autoencoder is fixed at |V|  


• Cannot cope with unseen nodes 


• The structure and size of the autoencoder is fixed 

26
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• Spatial Approach:


• Aggregate information from                               


                                                      + Parameter Sharing


1. Define neighborhood


• All neighbors 


• Fixed size uniform sampling


• Random walk sampling


2. Design graph aggregator   

Graph Convolutional 
Network (GCN)

27

Local Neighborhood 

yi = rθ(xi, {zi})

Graph Embedding Techniques Evaluation Future DirectionsBackgrounds



Graph Embedding for Social Network Analysis by Irwin King @ CNCC2019, October 17-19, 2019, Suzhou, China

Graph Aggregator Properties
Set --> Irregular Grid 

1. Permutation-invariant 

2. Dynamic Resize

28

Patch --> Regular Grid


1. Permutation-sensitive


2. Fixed Size

Convolution Graph Convolution

center node

neighborhood

Graph Embedding Techniques Evaluation Future DirectionsBackgrounds
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Graph Aggregators

Pooling-based Pairwise-sum

29
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Graph Aggregators

Attention-based Aggregator

30

• Traditional multi-head attention 
mechanism

• Equally consumes all attention 

heads

• Loses the opportunity to 

benefit from some attention 
heads which are inherently 
more important than others.


• We propose the Gated Attention 
Networks (GaAN) [Zhang et al. UAI 2018].

• Use a small convolutional 

subnetwork to compute a soft 
gate at each attention head to 
control its importance.

Background Graph Embedding Techniques Tasks Future Directions
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Graph Aggregators (Cont.)

31

gate

[Zhang et al. UAI 2018]

Gated Attention Aggregator (GaAN)Attention-based Aggregator

Graph Embedding Techniques Evaluation Future DirectionsBackgrounds
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GaAN: Gated Attention Networks

• Illustration of a three-head gated attention aggregator 
with two center nodes in a mini-batch.  

• Different colors indicate different attention heads. 

32
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Graph Neural Networks for 
Recommendation

• Formalize the user-item 
interaction data as a bipartite 
graph 


• Rating prediction 

• Predict some missing ratings 
given the existing rating pairs


• Transductive rating prediction


• Cold start scenario

33
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Transductive v.s. Inductive Learning  

Mufei Li, Amazon AI Lab Shanghai
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Transductive Rating 
Prediction

• Train on observed ratings


• Predict the missing ratings , 
i.e., `?`


• All the testing users and 
items are observed in 
training data


•  Matrix completion problem


•  Matrix Factorization (MF)

35

Graph Embedding Techniques Future DirectionsEvaluationBackgrounds



Graph Embedding for Social Network Analysis by Irwin King @ CNCC2019, October 17-19, 2019, Suzhou, China

Cold Start Scenario 1:  
New Users/Items

• Train on observed ratings


• Predict how a new user 
will rate the movie


• Content-based 
recommendation


• Collaborative Deep Learning 
for Recommender Systems 
[Wang et al. KDD 2015]


• To encode the user features, 
e.g., profiles

36
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Cold Start Scenario 2:  
Ask-to-rate

• Train on the observed 
ratings


• Test time: 


• Ask a new user to rate 
several movies 


• Predict how a user will rate 
other movies


• Inductive rating prediction

37
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Stacked and Reconstructed 
Graph Convolutional Networks

• STAR-GCN:


• Can solve the cold start problem (inductive) in recommender 
systems


• Embed nodes to low-dimensional vectors -> Scalable to large graphs


• Multi-block structure: Mask and reconstruct node embeddings (BERT 
[Jacob et al. 2019] for Graph)


• SOTA results on both transductive and inductive (ask-
to-rate) rating prediction task 


• Achieves the best state-of-the-art results

38

Graph Embedding Techniques Future Directions

[Zhang et al. ĲCAI 2019]

EvaluationBackgrounds
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STAR-GCN

39
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Experiments: Dataset

40
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Experiments: Transductive 
Rating Prediction

• STAR-GCN architecture achieves the best state-of-the-
art results on four out of five datasets

41

RMSE: the lower 
the score, the 

better the 
performance


Graph Embedding Techniques Future DirectionsEvaluationBackgrounds



Graph Embedding for Social Network Analysis by Irwin King @ CNCC2019, October 17-19, 2019, Suzhou, China

Experiment: Inductive Rating 
Prediction (Ask-to-rate) 

• Goal: to predict ratings where either users or items are not seen in the training phase


• Experiment Setting:

• Keep 20% of user (or item) nodes as the testing nodes & remove them from the training graph


• STAR-GCN produces significantly better results than baselines 

42

RMSE: the lower 
the score, the 

better the 
performance 
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Graph Neural Networks for 
Spatiotemporal Graphs

• Spatial Dependency + Temporal Dependency


• Applications: Traffic Speed Forecasting Problem


• Predict the future 𝐾 steps of traffic speeds in the sensor 
network                                     , based on the previous 𝐽 
steps of observed traffic speeds                          .


     


        

43
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Graph Gated Recurrent Units 
(Graph GRU)

•  A Simple GRU  


 


  


44
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• A Graph GRU


                         
[Zhang et al. UAI 2018]
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Graph Neural Networks for 
Traffic Speed Forecasting 

• Data


• Nodes: sensors measuring traffic speed


• Edges: the proximity between sensor pairs measured by road 
network distance


• The sensor speeds are recorded every five minutes


• A sequence of length 12 is used as the input to predict the future 
traffic speed in one hour (12 steps).

45
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Experiments

• Scores under “t min” are the scores at the t-th predicted frame.


• The Graph GRU models consistently give better results than 
baselines.

46

Variants from Graph GRU

[Zhang et al. UAI 2018]
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Medical Knowledge Graph  
Embedding

47

Backgrounds Graph Embedding Techniques Evaluation Future Directions

•  Medical Knowledge Graph is a Multi-Relational Graph 
•  Entities: Medicines, Diseases, Drugs, Patients, Symptoms, Electronic Medical 

Records, etc. 

• Relations: Medical Knowledge 

• Applications:  Medical Recommendation, Precision Medicine, Biomedical Link 
Prediction, etc. 
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• Research Question : How to do graph embedding for medical 
knowledge graphs? 

• Observation:  A patient with disease "pneumonia" has symptom 
"fever". 

• Conventional model: "pneumonia" leads to "fever".


• Our thinking: "fever" is common but not always presented in 
disease "pneumonia"!


P(symptom = fever | disease = pneumonia) 

We are doing: Probabilistic graph embedding for medical knowledge graphs

48
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Medical Knowledge Graph  
Embedding
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• Motivation: Clinical studies cannot sufficiently and 
accurately identify DDI's in polypharmacy. 


• How about using AI to help predict DDI's?


• We are doing: Using medical knowledge graphs to predict 
DDI's through link prediction.   

49

Drug-Drug Interaction (DDI) 
Prediction 

Backgrounds Graph Embedding Techniques Evaluation Future Directions

Zitnik M, Agrawal M, Leskovec J. Modeling polypharmacy side effects with GCN [J]. Bioinformatics, 2018, 34(13): i457-i466.
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Sampling Large Graphs
Backgrounds Graph Embedding Techniques Evaluation Future Directions

Graph Sampling 

Sampling Algorithm

Original Graph (G) Subgraph Sample (G')

Image: Kaskade, J.(2011, November 19).Big Data and Graphs = Big Graph?[Blog post]. Retrieved from  https://jameskaskade.com

https://jameskaskade.com
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Large Graph issues 
• Ubiquity of large graph 


•  Millions of nodes and edges


•  Complete graph requirement to study


•  Space and computation issues 


Research Question : Given a large real graph, how can we 
derive a representative sample preserving properties of original 
graph?

Sampling Large Graphs

51
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Proposed Solution 

• Graph sampling using deep reinforcement learning

G
C

N

N
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Em

be
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Large graph
Subgraph

Reinforcement  
Learning

Sampling Large Graphs
Backgrounds Graph Embedding Techniques Evaluation Future Directions
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Anomaly Detection over 
Dynamic Graph

• Anomalies are: Outliers, Outbreaks, Events Changes, Fraud 
Detection, Noises, etc.


• Problem description: Given a dynamic graph, to find the 
graph objects (nodes/edges/substructures) over temporal 
dimension that are rare and differ significantly from the 
majority of the reference objects in the graph.


53
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Anomaly Detection over 
Dynamic Graph

Backgrounds Graph Embedding Techniques Evaluation Future Directions

Ranshous, S., Shen, S., Koutra, D., Harenberg, S., Faloutsos, C., & Samatova, N. F. (2015). Anomaly detection in dynamic networks: a 
survey. Wiley Interdisciplinary Reviews: Computational Statistics, 7(3), 223-247.
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Challenges:


• Flexible and dynamic nature


• Insufficient labelled data


• Existing methods cannot perfectly update the 
representation dynamically

55

Anomaly Detection over 
Dynamic Graph

Backgrounds Graph Embedding Techniques Evaluation Future Directions
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• Graph embedding (Graph Convolution Network) is a powerful approach to 
obtain implicit and distributed representation of a graph with node 
(attributes) and link (relations) information!


• STAR-GCN achieves SOTA results in transductive and inductive rating 
prediction [Zhang et al. UAI 2018]


• Gated Attention Networks achieve SOTA results in inductive node 
classification [Zhang et al. IJCAI 2019]


• Future Directions


• Temporal and heterogenous graph neural networks


• Quantum random walk algorithm for neighborhood sampling


• Sub-graph sampling, anomaly detection in dynamic graphs 

• Knowledge Graph for Medical Academic Citation Network

Summary & Future Directions

56
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Source Code

• Code: https://github.com/jennyzhang0215/STAR-GCN


• [Zhang et al. UAI 2018] Zhang, Jiani, Xingjian Shi, Junyuan Xie, Hao Ma, Irwin 
King, and Dit-Yan Yeung. “GAAN: Gated attention networks for learning on 
large and spatiotemporal graphs." UAI 2018.


• [Zhang et al. IJCAI 2019] Zhang, Jiani, Xingjian Shi, Shenglin Zhao, and Irwin 
King. "STAR-GCN: Stacked and Reconstructed Graph Convolutional Networks 
for Recommender Systems." IJCAI 2019.
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https://github.com/jennyzhang0215/STAR-GCN


https://www2020.thewebconf.org 
April 20-24, 2020

https://www2020.thewebconf.org
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The Chinese University of Hong Kong 
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Thanks!


