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Why Graphs?
• Graphs are a general 

language for describing 
and modeling complex 
systems
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Graph = Graph Topology + Node Type + Node Attribute + Edge Type + Edge Attribute

Nodes

Edges



Graph-structured Data Are Ubiquitous 
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Social networks

Scene graphsBiomedical graphsFinancial transactions

Knowledge graphsIOT graphs

Graph = Graph Topology + Node Type + Node Attribute + Edge Type + Edge Attribute



Graph Machine Learning: Recent Trending
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GNN is 
booming!



Graph Neural Networks: A Brief History
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Year 2016, 2017

First GRU-based Modern

GNN paper: GGNN

First graph convolution-based 
paper GCN, Start a new era of 
GNNs history

Year 2009

First GNN Paper

(Scarselli et al., 2009)

Year 2017-2021

A series of Graph Convolution

(GCN), Message Passage 

(MPNN, GraphSage, GIN),

Attention-based (GAT),

Unsupervised GNNs (Graph-

Autoencoder, graph-infomax)

Many new GNNs fast developed!

Year 2019-2021

GNN–based applications, 

such as search, recommendation, 

drug discovery, NLP,  Transport…

Many open-source libraries

like DGL, Pytorch Geometric, DIG, 

Graph4NLP, TorchDrug…

Year 2021

3 GNN books released simultaneously:

1）Prof. Liu (Tsinghua) et al.:

“Introduction to Graph Neural Networks”

2）Prof. Tang (MSU) et al.:

“Deep learning on graphs”

3）Prof. Hamilton (McGill): 

Graph representation learning

Year 2022

Most comprehensive GNNs

Book (by Dr. L. Wu et al.): 

"Graph Neural Networks: 

Foundations, Frontiers, 

Applications" by Springer



Machine Learning on Graphs Tasks

Classical ML tasks on graphs:
• Node classification

§ Predict a type of a given node

• Link prediction
§ Predict whether two nodes are linked

• Community detection
§ Identify densely linked clusters of nodes

• Graph similarity
§ How similar are two (sub)graphs

8

Recent ML tasks on graphs:
• Expressive power of GNNs 

§ Theoretical understanding

• Scalability of GNNs
§ Sampling paradigms for scaling up

• Adversarial robustness of GNNs
§ Adversarial attacks and provable robustness

• Graph structure learning for GNNs
§ Learning optimal graph structures for GNNs

Wu, Lingfei, et al. “Graph Neural Networks: Foundations, Frontiers, and Applications.”



Modeling Graphs with Graph Neural Networks
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Graph Neural Networks: Basic Model

• Key idea: Generate node embeddings based on local 
neighborhoods. 
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GNN Model: Neighborhood Aggregation

• Intuition: Network neighborhood defines a computation graph
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Every node defines a unique 
computation graph!



GNN Model: Neighborhood Aggregation
• Nodes have embeddings at each layer.

• Model can have arbitrary depth.

• “layer-0” embedding of node i is its input feature, i.e. xi.
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Overview of GNN Model
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1) Define node aggregation and update functions

2) Define a loss function on the embeddings, L(zv)

ZA



Overview of GNN Model
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3) Train on a set of nodes, i.e., a  batch
of computation graphs



Overview of GNN Model
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Even for nodes we never trained on! 
– Inductive learning

4) Generate embeddings for nodes as needed



GNN Model: A Case Study

• Basic approach: Average neighbor information and apply a 
neural network 
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from neighbors

2) apply neural network



GNN Model: A Case Study

• Basic approach: Average neighbor information and apply a 
neural network. 
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Parameter sharing for all the nodes!



Graph Neural Networks: Foundations

• Learning node embeddings:
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adjacency matrix

Input node embeddingsUpdated node embeddings

A graph filter
- Spectral-based

• Learning graph-level embeddings:

Input graph
A small graph w/
fewer nodes 

New node embeddings

Input node embeddings

- Flat Graph Pooling 
(i.e. Max, Ave, Min)

- Hierarchical  Graph 
Pooling (i.e. Diffpool)

- Spatial-based

- Attention-based

- Recurrent-based



Graph Neural Networks: Popular Models
• Spectral-based Graph Filters

§ GCN (Kipf & Welling, ICLR 2017), Chebyshev-GNN (Defferrard et al. NIPS 2016)

• Spatial-based Graph Filters
§ MPNN (Gilmer et al. ICML 2017), GraphSage (Hamilton et al. NIPS 2017)
§ GIN (Xu et al. ICLR 2019)

• Attention-based Graph Filters
§ GAT (Velickovic et al. ICLR 2018) 

• Recurrent-based Graph Filters
§ GGNN (Li et al. ICLR 2016)
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GNN Model: Quick Summary

• Key idea: generate node embeddings by aggregating 
neighborhood information.  
§ Allows for parameter sharing in the encoder
§ Allows for inductive learning

20



GSL
Foundations
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Why Graph Structure Learning?
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Estimating protein signaling network 
(Yu et al., ICML 2019)

Relational inference for interacting 
systems (Kipf et al., ICML 2018)

Inferring functional connectivity between 
different brain regions (Dong et al., IEEE 
Signal Processing Magazine 2019)

Learning the graphical structure of electronic 
health records (Choi et al., AAAI 2020)

Learning relationships among visual 
objects (Zhu et al., Multimedia Tools 
and Applications 2020)



Unsupervised GSL from Smooth Signals
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GNs

Dong et al. “Learning Laplacian Matrix in Smooth Graph Signal Representations”. arXiv 2014.

Signals residing on graphs, graph G1 has the best smoothness property.



Unsupervised GSL from Smooth Signals: Fitness
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Wang et al. “Label propagation through linear neighborhoods”. IEEE Transactions on Knowledge and Data Engineering 2007.

Daitch et al. “Fitting a graph to vector data”. ICML 2009.

X

i

||Xi �
X

j

Ai,jXj ||2

where
X

j

Ai,j = 1, Ai,j � 0

<latexit sha1_base64="/0NEu+XTMbSwdbJSKxYdeAHidoE="></latexit>

Node feature reconstruction using 
neighboring node features

X

i

||Di,iXi �
X

j

Ai,jXj ||2 = ||LX||2F

where Di,i =
X

j

Ai,j

<latexit sha1_base64="xTpzEfgYwwVDp9UtYH7lL5spC8I="></latexit>

Weighted sum of the squared distance from each 
node to the weighted average of its neighbors

OR



Unsupervised GSL from Smooth Signals: Smoothness
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⌦(A,X) =
1

2

X

i,j

Ai,j ||Xi �Xj ||2 = tr(X>LX)

<latexit sha1_base64="NIzdDnxT6S3Yb6KJRkTUn6sLnMQ="></latexit>

Belkin et al. “Laplacian eigenmaps and spectral techniques for embedding and clustering”. NIPS 2002.

Forcing neighboring vertices to have similar features



Unsupervised GSL from Smooth Signals: Connectivity 
and Sparsity
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�↵~1>log(A~1) + �||A||2F

<latexit sha1_base64="HTFbFAiLNNW3yxTEy0R8Zf0B6Dw="></latexit>

Kalofolias et al. “How to learn a graph from smooth signals”. AISTATS 2016.

Connectivity Sparsity



Supervised GSL for Interacting Systems [Li et al., NeurIPS2020]
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GNs

Li et al. “Evolvegraph: Multi-agent trajectory prediction with dynamic relational reasoning”. NeurIPS 2020.



28

GNs

Supervised GSL for Interacting Systems [Li et al., NeurIPS2020]

Visualization of latent interaction graph evolution and particle trajectories.



GSL4GNN
Foundations
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Motivation

• GNNs are powerful, unfortunately, it 
requires graph-structured data available.

• Questionable if the given intrinsic graph-
structures are optimal (i.e., noisy,
incomplete, etc.) for downstream tasks.

• Many applications (e.g., NLP tasks) may 
only have non-graph structured data or 
even just the original feature matrix, 
requiring additional graph construction. 

Why GSL for GNNs?



Problem Formulation

Input: a set of n nodes associated with a feature matrix                and an 
(optional and potentially noisy) initial adjacency matrix                     .
Output: an optimized adjacency matrix                      and node embedding 
matrix                  with respect to downstream task (i.e., task-dependent loss).

GSL4GNN Formulation

A(0) 2 Rn⇥n

<latexit sha1_base64="WqkTCEfm/xbmUxniNqXJ5MeOBsY=">AAACFXicbVDLSgMxFL3js9ZX1aWbYBEqSJmRii6rblxWsQ/ojCWTZtrQTGZIMkIZ5ifc+CtuXCjiVnDn35g+Ftp6IHByzr3ce48fc6a0bX9bC4tLyyurubX8+sbm1nZhZ7ehokQSWicRj2TLx4pyJmhdM81pK5YUhz6nTX9wNfKbD1QqFok7PYypF+KeYAEjWBupUzh2Q6z7fpBeZPdpyT7KkMsEmoh+emtE89MspAqJrFMo2mV7DDRPnCkpwhS1TuHL7UYkCanQhGOl2o4day/FUjPCaZZ3E0VjTAa4R9uGCmzmeOn4qgwdGqWLgkiaJzQaq787UhwqNQx9UzlaV816I/E/r53o4NxLmYgTTQWZDAoSjnSERhGhLpOUaD40BBPJzK6I9LHERJsg8yYEZ/bkedI4KTuV8ulNpVi9nMaRg304gBI4cAZVuIYa1IHAIzzDK7xZT9aL9W59TEoXrGnPHvyB9fkDBgCewA==</latexit>

A(⇤) 2 Rn⇥n

<latexit sha1_base64="VDVtwFDMPVt9qhWrOnCJyTS+ZZw=">AAACFXicbVDLSsNAFJ3UV62vqEs3g0WoIiWRii6rblxWsQ9oYplMJ+3QySTMTIQS8hNu/BU3LhRxK7jzb5y0WWjrgYEz59zLvfd4EaNSWda3UVhYXFpeKa6W1tY3NrfM7Z2WDGOBSROHLBQdD0nCKCdNRRUjnUgQFHiMtL3RVea3H4iQNOR3ahwRN0ADTn2KkdJSzzx2AqSGnp9cpPdJ5egwhQ7lcCp6ya0W9U/RgEjI055ZtqrWBHCe2DkpgxyNnvnl9EMcB4QrzJCUXduKlJsgoShmJC05sSQRwiM0IF1NOdJz3GRyVQoPtNKHfij04wpO1N8dCQqkHAeerszWlbNeJv7ndWPln7sJ5VGsCMfTQX7MoAphFhHsU0GwYmNNEBZU7wrxEAmElQ6ypEOwZ0+eJ62Tql2rnt7UyvXLPI4i2AP7oAJscAbq4Bo0QBNg8AiewSt4M56MF+Pd+JiWFoy8Zxf8gfH5A/wlnro=</latexit>

Z⇤ 2 Rd0⇥n

<latexit sha1_base64="jT9xdtB7qO0B7s6+Q3hl/8EJt4E=">AAACFHicbVDLSsNAFJ34rPUVdelmsIiiUBKp6LLoxmUV+8Amlslk0g6dTMLMRCghH+HGX3HjQhG3Ltz5N07aLLT1wIXDOfdy7z1ezKhUlvVtzM0vLC4tl1bKq2vrG5vm1nZLRonApIkjFomOhyRhlJOmooqRTiwICj1G2t7wMvfbD0RIGvFbNYqJG6I+pwHFSGmpZx47IVIDL0jvsvv0KIMO5XAieemNlvwD6CgaEgl51jMrVtUaA84SuyAVUKDRM78cP8JJSLjCDEnZta1YuSkSimJGsrKTSBIjPER90tWUI73HTcdPZXBfKz4MIqGLKzhWf0+kKJRyFHq6M79XTnu5+J/XTVRw7qaUx4kiHE8WBQmDKoJ5QtCngmDFRpogLKi+FeIBEggrnWNZh2BPvzxLWidVu1Y9va5V6hdFHCWwC/bAIbDBGaiDK9AATYDBI3gGr+DNeDJejHfjY9I6ZxQzO+APjM8fqzqelQ==</latexit>

X 2 Rd⇥n

<latexit sha1_base64="bVO3vJIUaOLH84wvMNwZOdEfClg=">AAACD3icbVC7TsMwFHXKq5RXgZHFogIxVQkqgrGChbEg+pCaUDmO01p1nMi+Qaqi/AELv8LCAEKsrGz8De5jgJYjWTo+517de4+fCK7Btr+twtLyyupacb20sbm1vVPe3WvpOFWUNWksYtXxiWaCS9YEDoJ1EsVI5AvW9odXY7/9wJTmsbyDUcK8iPQlDzklYKRe+diNCAz8MOvk2OUST79+dpvfZwF2gUdMY5n3yhW7ak+AF4kzIxU0Q6NX/nKDmKYRk0AF0brr2Al4GVHAqWB5yU01Swgdkj7rGiqJmeNlk3tyfGSUAIexMk8Cnqi/OzISaT2KfFM5XlfPe2PxP6+bQnjhZVwmKTBJp4PCVGCI8TgcHHDFKIiRIYQqbnbFdEAUoWAiLJkQnPmTF0nrtOrUqmc3tUr9chZHER2gQ3SCHHSO6ugaNVATUfSIntErerOerBfr3fqYlhasWc8++gPr8wchdpy6</latexit>

Fully-connected 
weighted graph

{Z⇤,A(⇤)}

<latexit sha1_base64="n+nvvLkb+7PJT2n4fRnwLP+BQ7I=">AAACDXicbVDLSsNAFJ3UV62vqEs3g1WoRUoiFV1W3bisYB/Y1DKZTuzQySTMTIQS8gNu/BU3LhRx696df+OkjaCtBwbOPede5t7jhoxKZVlfRm5ufmFxKb9cWFldW98wN7eaMogEJg0csEC0XSQJo5w0FFWMtENBkO8y0nKHF6nfuidC0oBfq1FIuj6649SjGCkt9cw9J3Z8pAauF98kt3E5OYQ/9ZmuS+WDxEl6ZtGqWGPAWWJnpAgy1Hvmp9MPcOQTrjBDUnZsK1TdGAlFMSNJwYkkCREeojvS0ZQjn8huPL4mgfta6UMvEPpxBcfq74kY+VKOfFd3ppvKaS8V//M6kfJOuzHlYaQIx5OPvIhBFcA0GtingmDFRpogLKjeFeIBEggrHWBBh2BPnzxLmkcVu1o5vqoWa+dZHHmwA3ZBCdjgBNTAJaiDBsDgATyBF/BqPBrPxpvxPmnNGdnMNvgD4+MbFQ6bjw==</latexit>

Initial graph (e.g., 
words, sentences, 

documents)

{X,A(0)}

<latexit sha1_base64="ALKx2A4GwDCCULHHYHG1/5cX/mA=">AAACCXicbZDLSsNAFIZPvNZ6i7p0M1iEClISqeiy6sZlBXuBppbJdNIOnVyYmQglZOvGV3HjQhG3voE738ZJG0Fbfxj4+M85zDm/G3EmlWV9GQuLS8srq4W14vrG5ta2ubPblGEsCG2QkIei7WJJOQtoQzHFaTsSFPsupy13dJXVW/dUSBYGt2oc0a6PBwHzGMFKWz0TOYnjYzV0vaSdHqMfvkjvkrJ1lDppzyxZFWsiNA92DiXIVe+Zn04/JLFPA0U4lrJjW5HqJlgoRjhNi04saYTJCA9oR2OAfSq7yeSSFB1qp4+8UOgXKDRxf08k2Jdy7Lu6M9tUztYy879aJ1beeTdhQRQrGpDpR17MkQpRFgvqM0GJ4mMNmAimd0VkiAUmSodX1CHYsyfPQ/OkYlcrpzfVUu0yj6MA+3AAZbDhDGpwDXVoAIEHeIIXeDUejWfjzXifti4Y+cwe/JHx8Q0LuZnr</latexit>

GSL



GSL4GNN Roadmap
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Learning Discrete Graph 
Structures for GNNs
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Learning Discrete Graph Structures for GNNs

• Sampling a discrete graph structure from learned probabilistic 
adjacency matrix.
• Joint graph structure and GNN parameters optimization (non-

differentiable, intractable to solve exactly) via
§ Variational inference
§ Bilevel optimization
§ Reinforcement Learning

• Non-trivial to extend to inductive learning setting.

34



Bilevel Optimization for GSL [Franceschiet al., ICML 2019]
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min
✓2HN

EAsBer(✓)[F (w✓,A)]

such that w✓ = argminw EAsBer(✓)[L(w,A)]

<latexit sha1_base64="99hUnB6x1Du8/d7ghvt0ykk4OmQ="></latexit>

Franceschi et al. “Learning Discrete Structures for Graph Neural Networks”. ICML 2019.

Outer objective for graph 
structure optimization

Inner objective for GNN 
parameters optimization
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Bilevel Optimization for GSL [Franceschiet al., ICML 2019]

Val/test accuracy (in percent) for the edge 
deletion scenarios on Cora.

Test accuracy (in percentage) on various node classification datasets.



Reinforcement Learning for GSL [Kaziet al., arXiv2020]
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Kazi et al. “Differentiable Graph Module (DGM) for Graph Convolutional Networks”. arXiv 2020.

pi,j = e�t||Xi�Xj ||

<latexit sha1_base64="XnzRUQVyMKRX/VOEBBU5cIwMaHk=">AAACGXicbVDLSsNAFJ34rPUVdelmsAgubEmkohuh6MZlBfuANobJdNJOO3kwMxFKkt9w46+4caGIS135N07aLGrrgYEz59zLvfc4IaNCGsaPtrS8srq2Xtgobm5t7+zqe/tNEUQckwYOWMDbDhKEUZ80JJWMtENOkOcw0nJGN5nfeiRc0MC/l+OQWB7q+9SlGEkl2boR2jE9HabwCpKHuCxhknQ9JAeOG7dTm8IynPkOkyS19ZJRMSaAi8TMSQnkqNv6V7cX4MgjvsQMCdExjVBaMeKSYkbSYjcSJER4hPqko6iPPCKseHJZCo+V0oNuwNXzJZyosx0x8oQYe46qzNYU814m/ud1IuleWjH1w0gSH08HuRGDMoBZTLBHOcGSjRVBmFO1K8QDxBGWKsyiCsGcP3mRNM8qZrVyflct1a7zOArgEByBE2CCC1ADt6AOGgCDJ/AC3sC79qy9ah/a57R0Sct7DsAfaN+/OPWgfA==</latexit>

Graph generator: RL reward:



Reinforcement Learning for GSL [Kaziet al., arXiv2020]
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Point cloud segmentation results on ShapeNet dataset.



Learning Weighted Graph 
Structures for GNNs
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Learning Weighted Graph Structures for GNNs

• Learning a weighted adjacency matrix to represent graph structure.
• Joint graph structure and GNN parameters optimization 

(differentiable, more tractable) via SGD techniques.
• Weighted adjacency matrix captures richer information.
• Handling both transductive and inductive learning settings.

40



Weighted GSL4GNN Overview
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Graph similarity 
metric learning

{X,S}

<latexit sha1_base64="Iyotxq7FlLav7dxHgZQBwOo3fvA="></latexit>

Fully-connected 
weighted graph

Graph 
sparsification

{X, eA}

<latexit sha1_base64="ejxQR6aBYsDP7JveJ3qSdjvPuXU="></latexit>

Learned graph

GNN y

<latexit sha1_base64="VUhgI3qY4V6LAwvPr5PUpKzXDn8=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsxIRZdFNy4r2Ae2Q8mkmTY0kwxJRhiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybkniDnTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkoQttEcql6AdaUM0HbhhlOe7GiOAo47QbT29zvPlGlmRQPJo2pH+GxYCEj2FjpcRBhMwnCLJ0NqzW37s6BVolXkBoUaA2rX4ORJElEhSEca9333Nj4GVaGEU5nlUGiaYzJFI9p31KBI6r9bJ54hs6sMkKhVPYJg+bq740MR1qnUWAn84R62cvF/7x+YsJrP2MiTgwVZPFRmHBkJMrPRyOmKDE8tQQTxWxWRCZYYWJsSRVbgrd88irpXNS9Rv3yvlFr3hR1lOEETuEcPLiCJtxBC9pAQMAzvMKbo50X5935WIyWnGLnGP7A+fwBAWWRJQ==</latexit>

Combining intrinsic and implicit graph structures

Data points (and 
optional initial edges)

{X,A(0)}

<latexit sha1_base64="DGc8/z44oBE/vqylnbUvf91FXtk="></latexit>



Weighted GSL4GNN Outline
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Weighted GSL4GNN

Graph Similarity Metric Learning Techniques

Graph Sparsification Techniques

Graph Regularization Techniques

Combining Intrinsic Graph Structures and 
Implicit Graph Structures

Learning Paradigms



Graph Similarity Metric Learning Techniques

• Graph structure learning as similarity metric learning (in the node
embedding space)
• Enabling inductive learning
• Various metric functions

43

Graph Similarity Metric 
Learning Techniques

Node Embedding Based 
Similarity Metric Learning

Attention-based Similarity 
Metric Functions

Cosine-based Similarity 
Metric Functions

Kernel-based Similarity 
Metric Functions

Structure-aware Similarity 
Metric Learning

Structure-aware Attention 
Mechanism



Node Embedding Based Similarity Metric Learning
• Learning a weighted adjacency matrix by computing the pair-wise 

node similarity in the embedding space
• Common metrics functions
• Attention-based similarity metric functions
• Cosine-based similarity metric functions
• Kernel-based similarity metric functions

44

Learning pair-wise 
node similarity

Fully-connected 
weighted graph

Data points



Attention-based Similarity Metric Functions
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Si,j = (vi � u)Tvj

<latexit sha1_base64="e+vgrqclQ/ye67XkeYLhu2vNXQc=">AAACI3icbVDLSsNAFJ3UV42vqks3g0WoICWRiiIIRTcuK/YFTQ2T6aSddpIJM5NCCfkXN/6KGxdKcePCfzFpK9TWAwOHc85l7j1OwKhUhvGlZVZW19Y3spv61vbO7l5u/6AueSgwqWHOuGg6SBJGfVJTVDHSDARBnsNIwxncpX5jSISk3K+qUUDaHur61KUYqUSyc9f6ox3Rs34Mb2DB8pDqOW40jG0KLd7hCv5KYXz6VIVzgb5u5/JG0ZgALhNzRvJghoqdG1sdjkOP+AozJGXLNALVjpBQFDMS61YoSYDwAHVJK6E+8ohsR5MbY3iSKB3ocpE8X8GJOj8RIU/KkeckyXRJueil4n9eK1TuVTuifhAq4uPpR27IoOIwLQx2qCBYsVFCEBY02RXiHhIIq6TWtARz8eRlUj8vmqXixUMpX76d1ZEFR+AYFIAJLkEZ3IMKqAEMnsEreAcf2ov2po21z2k0o81mDsEfaN8/9tmj6g==</latexit>

Variant 1)

Node feature vector Non-negative learnable
weight vector

Si,j = ReLU(Wvi)
TReLU(Wvj)

<latexit sha1_base64="6jkOFKiGaGHDej9tIpi8PWB+yrc="></latexit>

Variant 2)

Learnable weight matrix

Enforcing sparsity

Chen at al. “GraphFlow: Exploiting Conversation Flow with Graph Neural Networks for Conversational Machine Comprehension”. IJCAI 2020.
Chen et al. “Reinforcement Learning Based Graph-to-Sequence Model for Natural Question Generation”. ICLR 2020.

Fully-connected 
weighted graph

vi

<latexit sha1_base64="eQaINbepmUfDSsVMoPtZRaeV2+4=">AAAB83icbVDLSgMxFL2pr1pfVZdugkVwVWakosuiG5cV7AM6Q8mkmTY0kxmSTKEM/Q03LhRx68+482/MtLPQ1gOBwzn3ck9OkAiujeN8o9LG5tb2Tnm3srd/cHhUPT7p6DhVlLVpLGLVC4hmgkvWNtwI1ksUI1EgWDeY3Od+d8qU5rF8MrOE+REZSR5ySoyVPC8iZhyE2XQ+4INqzak7C+B14hakBgVag+qXN4xpGjFpqCBa910nMX5GlOFUsHnFSzVLCJ2QEetbKknEtJ8tMs/xhVWGOIyVfdLghfp7IyOR1rMosJN5Rr3q5eJ/Xj814a2fcZmkhkm6PBSmApsY5wXgIVeMGjGzhFDFbVZMx0QRamxNFVuCu/rlddK5qruN+vVjo9a8K+oowxmcwyW4cANNeIAWtIFCAs/wCm8oRS/oHX0sR0uo2DmFP0CfP37Kkf4=</latexit>

Data points

vj
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Cosine-based Similarity Metric Functions
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Sp
i,j = cos(wp � vi,wp � vj)

<latexit sha1_base64="6bs2kewt/+S8Kiqj3Ws6b7X9HMA="></latexit>

Learnable weight vector

Chen et al. “Iterative Deep Graph Learning for Graph Neural Networks: Better and Robust Node Embeddings”. NeurIPS 2020.

Si,j =
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m

mX

p=1

Sp
ij
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Multi-head similarity scores
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Kernel-based Similarity Metric Functions
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Li et al. “Adaptive graph convolutional neural networks”. AAAI 2018.

Fully-connected 
weighted graph

vi
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d(vi,vj) =
q
(vi � vj)>M(vi � vj)

S(vi,vj) =
�d(vi,vj)

2�2
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Mahalanobis distance between 
node embeddings

Gaussian kernel



Structure-aware Similarity Metric Learning
• Learning a weighted adjacency matrix by computing the pair-wise 

node similarity in the embedding space
• Considering existing edge information of the intrinsic graph in

addition to the node information

48

Learning pair-wise 
node similarity

Fully-connected 
weighted graph

Initial graph



Structure-aware Attention Mechanism
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Sl
i,j = softmax(uT tanh(W[hl

i,h
l
j ,vi,vj , ei,j ]))

<latexit sha1_base64="2Le4s0PCeMpW0ZJfU8o/4ivTIDM="></latexit>

Variant 1)

Si,j =
ReLU(WQvi)T (ReLU(WKvi) + ReLU(WRei,j))p

d

<latexit sha1_base64="hoCI8z8X09IQrMKEAP2wyo/RcIs="></latexit>

Variant 2)
Edge embeddings

Liu et al. “Contextualized Non-local Neural Networks for Sequence Learning”. AAAI 2019.
Liu et al. “Retrieval-Augmented Generation for Code Summarization via Hybrid GNN”. ICLR 2021.

Fully-connected 
weighted graph

Initial graph



Graph Sparsification Techniques
• Similarity metric functions learn a fully-connected graph
• Fully-connected graph is computationally expensive and might 

introduce noise
• Enforcing sparsity to the learned graph structure
• Various techniques

50

Graph Sparsification 
Techniques

KNN-style 
Sparsification

Epsilon-neighborhood Sparsification



CommonGraphSparsification Options
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Ai,: = topk(Si,:)
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Option 1) KNN-style Sparsification

Option 2) epsilon-neighborhood Sparsification

Ai,j =

⇢
Si,j Si,j > "
0 otherwise

<latexit sha1_base64="G+6Gv+3suEHJ0IAuaXgZ5p9L7+U="></latexit>

Fully-connected 
weighted graph

Sparsified graph



Graph Regularization Techniques
• Enforcing common graph properties to the learned graph structure
• Combining both task prediction loss and graph regularization loss
• Various graph properties

52

Graph Regularization 
Techniques

Smoothness

Connectivity

Sparsity



Graph Regularization Techniques
• Smoothness

• Connectivity

• Sparsity
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⌦(A,X) =
1

2n2

X

i,j

Ai,j ||Xi �Xj ||2 =
1

n2
tr(X>LX)
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�1

n
1>log(A1)
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n2
||A||2F
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Borrowed from unsupervised GSL 
from smooth signals!



Combining Intrinsic and Implicit Graph Structures

eA = �L(0) + (1� �)f(A)

<latexit sha1_base64="+GTWaZhzwpPtpib0PCLrGJMmCqs="></latexit>
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• Intrinsic graph typically still carries rich and useful information
• Learned implicit graph is potentially a “shift” (e.g., substructures) from 

the intrinsic graph structure

f(A) can be arbitrary operation, e.g., graph 
Laplacian, row-normalization

Chen et al. “Iterative Deep Graph Learning for Graph Neural Networks: Better and Robust Node Embeddings”. NeurIPS 2020.

Li et al. “Adaptive Graph Convolutional Neural Networks”. AAAI 2018.

Normalized graph Laplacian



Learning Paradigms: JointLearning
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Chen at al. “GraphFlow: Exploiting Conversation Flow with Graph Neural Networks for Conversational Machine Comprehension”. IJCAI 2020.
Chen et al. “Reinforcement Learning Based Graph-to-Sequence Model for Natural Question Generation”. ICLR 2020.
Liu et al. “Contextualized Non-local Neural Networks for Sequence Learning”. AAAI 2019.
Liu et al. “Retrieval-Augmented Generation for Code Summarization via Hybrid GNN”. ICLR 2021.

Graph 
Learner GNN

Node features & (optional) 
initial graph structure

Learned graph 
structure

Downstream task 
prediction



Learning Paradigms: Adaptive Learning
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Li et al. “Adaptive Graph Convolutional Neural Networks”. AAAI 2018.

Node features & (optional) 
initial graph structure

Downstream task 
prediction

Node
embeddings 1

Repeat for fixed num. of stacked GNN layers

Learned graph 
structure 1

Learned graph 
structure N

Graph 
Learner1

GNN 
Layer1

Graph 
LearnerN

GNN 
LayerN



Learning Paradigms: Iterative Learning
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Chen et al. “Iterative Deep Graph Learning for Graph Neural Networks: Better and Robust Node Embeddings”. NeurIPS 2020.

Graph 
Learner GNN

Node features & (optional) 
initial graph structure

Learned graph 
structure

Downstream task 
prediction

Node embeddings

Repeat until condition satisfied



Iterative Deep Graph Learning [Chen et al., NeurIPS 2020]
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• GSL as similarity metric learning
• Graph regularization to control smoothness, sparsity and connectivity
• Iterative method to refine the graph structure and graph embeddings
• Better scalability (O(n^2) -> O(n)) using anchor-based approximation technique

Chen et al. “Iterative Deep Graph Learning for Graph Neural Networks: Better and Robust Node Embeddings”. NeurIPS 2020.



Iterative Deep Graph Learning [Chen et al., NeurIPS 2020]

59

Node classification results.

Edge attack results on Cora.



Weighted GSL4GNN Summary
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Weighted GSL4GNN

Graph Similarity Metric 
Learning Techniques

Node Embedding Based Similarity Metric Learning

Structure-aware Similarity Metric Learning

Graph Sparsification 
Techniques

KNN-style Sparsification

Epsilon-neighborhood Sparsification

Graph Regularization Techniques

Smoothness

Connectivity

Sparsity

Combining Intrinsic Graph Structures and Implicit Graph Structures

Learning Paradigms

Joint Learning of Graph Structures and Representations

Adaptive Learning of Graph Structures and Representations

Iterative Learning of Graph Structures and Representations



Connections to Other Problems
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Connections to Other Problems: GSL as Graph 
Generation

62

Connections:
• Learning graphs from data

Differences:
• Graph generation: generating new graphs where both nodes and edges are added 

by sampling from the learned graph distribution.
• GSL: learning a graph structure given a set of node attributes.

Liao, Renjie. “Graph Neural Networks: Graph Generation.” In Graph Neural Networks: Foundations, Frontiers, and Applications. 2022



Connections to Other Problems: GSL for Graph 
Adversarial Defenses

63

Connections:
• Improving potentially error-prone (e.g., noisy or 

incomplete) input graphs
• Graph adversarial defenses can benefit from GSL 

techniques

Differences:
• Graph adversarial defenses: initial graph 

structure is available, but potentially poisoned by 
adversarial attacks

• GSL: initial graph structure is available or 
unavailable

Gu n̈nemann, Stephan. “Graph Neural Networks: Adversarial Robustness.” In Graph Neural Networks: FoundaMons, FronMers, and ApplicaMons. 2022



Connections to Other Problems: Transformers
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Connections:
• Transformer models aim to learn a self-attention matrix 

between every pair of objects adaptively at each layer, 
similar to adaptive learning paradigm for weighted GSL

Differences:
• Vanilla Transformers don’t handle graph-structured data

(graph transformers combining transformers and GNNs)

Vaswani et al., “Attention Is All You Need.” NIPS 2017.



GSL4GNN: Future Directions 
and Conclusions
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Future Directions

• Robust GSL
§ Noisy ini\al graph structures and noisy node a]ributes

• Scalable GSL
• Pair-wise node similarity computa\on is expensive and intractable for large 

graphs
• Poten\al solu\ons: LSH/low-rank/random feature/kernel methods

• GSL for Heterogeneous Graphs
• Heterogeneous graphs carry on richer informa\on
• Less explored
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Conclusions
• GNNs are powerful machine learning tools for modeling graph-

structured data
• GSL has been extensively studied in traditional machine learning
• GSL4GNN is a trending research area and critical for the success of 

GNN applications
• Open challenges in GSL4GNN
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Resources
• Chen, Yu, and Lingfei Wu. "Graph Neural Networks: Graph Structure 

Learning." Graph Neural Networks: Foundations, Frontiers, and Applications. 
Springer, Singapore, 2022. 297-321. (website, video)
• Zhu, Yanqiao, et al. "Deep graph structure learning for robust representations: A 

survey." arXiv preprint arXiv:2103.03036 (2021).
• Dong, Guimin, et al. “Graph Neural Networks in IoT: A Survey.” arXiv 2022.
• Wu, Lingfei, et al. “Deep Learning on Graphs for Natural Language Processing.” 

Tutorials at NAACL'21, SIGIR'21, KDD'21, IJCAI'21, AAAI’22 and TheWebConf’22. 
(website)
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https://graph-neural-networks.github.io/gnnbook_Chapter14.html
https://www.youtube.com/watch?v=EJQnvefwHes&list=PLExMLJgvoXpizhYU-phqbTFiRNNkICJ_L&index=7
https://dlg4nlp.github.io/tutorials.html


Thanks!
Q&A
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