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Why Graphs?
Graphs are a general 

language for describing and 
analyzing entities with 
relations/interactions



2/16/2023 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs 2



2/16/2023 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs 3

Graph
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Computer NetworksEvent Graphs

Underground NetworksFood Webs

Disease Pathways

Particle Networks
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Image credit: SalientNetworks

Image credit: Wikipedia
Image credit: Pinterest Image credit: visitlondon.com

https://salientnetworks.com/introductory-guide-understanding-network-infrastructure/
https://en.wikipedia.org/wiki/Food_chain
https://www.pinterest.com/pin/714524297112802250/
https://www.visitlondon.com/traveller-information/getting-around-london/london-maps-and-guides/free-london-travel-maps


Jure Leskovec, Stanford CS224W: Machine Learning with Graphs 5

Economic Networks

Citation Networks

Communication Networks
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Social Networks
Image credit: Medium

Networks of Neurons

Image credit: The Conversation

Internet

Image credit: Missoula Current News

Image credit: Science Image credit: Lumen Learning

https://medium.com/analytics-vidhya/social-network-analytics-f082f4e21b16
https://theconversation.com/deep-learning-and-neural-networks-77259
https://missoulacurrent.com/government/2017/11/tester-net-neutrality/
https://science.sciencemag.org/content/325/5939/422
https://courses.lumenlearning.com/wmopen-introbusiness/chapter/communication-channels-flows-networks/
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Knowledge Graphs
Image credit: Maximilian Nickel et al

3D Shapes

Image credit: Wikipedia

Code Graphs

Image credit: ResearchGate

Molecules

Image credit: MDPI

Scene Graphs

Image credit: math.hws.edu

Regulatory Networks

Image credit: ese.wustl.edu
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https://arxiv.org/abs/1503.00759
https://en.wikipedia.org/wiki/Triangle_mesh
https://www.researchgate.net/figure/Static-call-graph-for-Figure-1-Callsites-are-labeled-with-their-line-number-in-the-code_fig1_220751974
https://www.mdpi.com/2078-2489/1/2/60/htm
http://math.hws.edu/graphicsbook/c2/s4.html
https://www.ese.wustl.edu/~nehorai/research/genomic/grn.html
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Knowledge Graphs
Image credit: Maximilian Nickel et al

3D Shapes

Image credit: Wikipedia

Code Graphs

Image credit: ResearchGate

Molecules

Image credit: MDPI

Scene Graphs

Image credit: math.hws.edu

Regulatory Networks

Image credit: ese.wustl.edu
Main question:

How do we take advantage of 
relational structure for better 

prediction?
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https://arxiv.org/abs/1503.00759
https://en.wikipedia.org/wiki/Triangle_mesh
https://www.researchgate.net/figure/Static-call-graph-for-Figure-1-Callsites-are-labeled-with-their-line-number-in-the-code_fig1_220751974
https://www.mdpi.com/2078-2489/1/2/60/htm
http://math.hws.edu/graphicsbook/c2/s4.html
https://www.ese.wustl.edu/~nehorai/research/genomic/grn.html


Complex domains have a rich relational 
structure, which can be represented as a

relational graph

By explicitly modeling relationships we 
achieve better performance!
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Images

Text/Speech

Modern deep learning toolbox is designed 
for simple sequences & grids
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Modern 

deep learning toolbox 

is designed for 
sequences & grids
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Not everything 
can be represented as 

a sequence or a grid

How can we develop neural 

networks that are much more 
broadly applicable?

New frontiers beyond classic neural 

networks that only learn on images 
and sequences
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Graphs are the new frontier 
of deep learning

Graphs connect things.
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Networks are complex.
ÁArbitrary size and complex topological 

structure (i.e., no spatial locality like grids)

ÁNo fixed node ordering or reference point
ÁOften dynamic and have multimodal features
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vs.

Networks Images

Text
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How can we develop neural networks 
that are much more broadly 

applicable?

Graphsare the new frontier 
of deep learning

2/16/2023
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ȣ
z

Input: Network

Predictions: Node labels, 

New links, Generated 

graphs and subgraphs
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Each node defines a computation graph

ÁEach edge in this graph is a 
transformation/aggregation function 

Scarselliet al. 2005.The Graph Neural Network Model. IEEE Transactions on Neural Networks. 

http://ieeexplore.ieee.org/document/4700287/
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Intuition: Nodes aggregate information from their 
neighbors using neural networks

Neural networks

Inductive Representation Learning on Large Graphs. W. Hamilton, R. Ying, J. Leskovec. NIPS, 2017.

https://cs.stanford.edu/people/jure/pubs/graphsage-nips17.pdf


Intuition: Network neighborhood defines a 
computation graph

Jure Leskovec, Stanford University 19

Every node defines a computation 
graph based on its neighborhood!



(Supervised) Machine Learning Lifecycle: 
This feature, that feature. Every single time!
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Raw 

Data

Graph 

Data

Learning 

Algorithm
Model

Downstream 

prediction task

Feature 

Engineering
Representation 

Learning --

Automatically 

learn the features
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Map nodes to d-dimensional 
embeddingssuch that similar nodes in 

the network are embedded close 
together
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representationnode

█ȡόᴼᴙ

ᴙ
Feature representation, 

embedding

u
Learn a neural network
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We are going to explore Machine Learning and 
Representation Learning for graph data:

ÁTraditional methods:Graphlets, Graph Kernels

ÁMethods for node embeddings:DeepWalk, Node2Vec

ÁGraph Neural Networks:GCN, GraphSAGE, GAT, 
Theory of GNNs

ÁKnowledge graphs and reasoning:TransE, BetaE

ÁDeep generative models for graphs: GraphRNN

ÁApplications to Biomedicine, Science, Technology
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Date Topic Date Topic

Tue, 1/10
1. Introduction; Machine Learning 
for Graphs

Tue, 2/14
11. Community Structure 
in Networks

Thu, 1/12 2. Node Embeddings Thu, 2/16
12. Traditional 
GenerativeModels for Graphs

Tue, 1/17
3. Label Propagation for 
NodeClassification

Tue, 2/21
13. Deep Generative Models 
for Graphs

Thu, 1/19
4. Graph Neural Networks 1: 
GNNModel

Thu, 2/23 14. Advanced Topics on GNNs

Tue, 1/24
5. Graph Neural Networks 2: 
DesignSpace

Tue, 2/28 15. Scaling up GNNs

Thu, 1/26
6. Applications of Graph 
NeuralNetworks

Thu, 3/2 16. Explainability

Tue, 1/31 7. Theory of Graph Neural Networks Tue, 3/7 EXAM

Thu, 2/2 8. Knowledge Graph Embeddings Thu, 3/9 17. Guest lecture: TBD

Tue, 2/7
9. Reasoning over 
KnowledgeGraphs

Tue, 3/14 18. GNNs for Science

Thu, 2/9
10. Frequent Subgraph Miningwith 
GNNs

Thu, 3/16 19. Special topics in GNNs
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Node level

Edge-level

Community 

(subgraph)

level

Graph-level 

prediction,

Graph 

generation



ÁNode classification: Predict a property of a node
ÁExample:Categorize online users / items

ÁLink prediction: Predict whether there are missing 
links between two nodes
ÁExample:Knowledge graph completion

ÁGraph classification: Categorize different graphs
ÁExample:Molecule property prediction

ÁClustering: Detect if nodes form a community
ÁExample:Social circle detection

ÁOther tasks:
ÁGraph generation: Drug discovery

ÁGraph evolution: Physical simulation
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These Graph ML tasks lead to 
high-impact applications!





Aprotein chain acquires itsnative3D structure
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Image credit: DeepMind

https://deepmind.com/blog/article/AlphaFold-Using-AI-for-scientific-discovery


/ƻƳǇǳǘŀǘƛƻƴŀƭƭȅ ǇǊŜŘƛŎǘ ŀ ǇǊƻǘŜƛƴΩǎ 3D structure 
based solely on its amino acid sequence

2/16/2023 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs 30

Image credit: DeepMind

https://deepmind.com/blog/article/alphafold-a-solution-to-a-50-year-old-grand-challenge-in-biology


2/16/2023 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs 31

Image credit: DeepMind

Image credit: SingularityHub

https://deepmind.com/blog/article/AlphaFold-Using-AI-for-scientific-discovery
https://singularityhub.com/2020/12/15/deepminds-alphafold-is-close-to-solving-one-of-biologys-greatest-challenges/
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Image credit: DeepMind

ÁKey idea: ά{Ǉŀǘƛŀƭ ƎǊŀǇƘέ

ÁNodes: Amino acids in a protein sequence

ÁEdges: Proximity between amino acids (residues)

Spatial graph

https://deepmind.com/blog/article/alphafold-a-solution-to-a-50-year-old-grand-challenge-in-biology
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Items

Users

Á Users interacts with items

Á Watch movies, buy merchandise, listen to music

Á Nodes:Users and items

Á Edges: User-item interactions

Á Goal: Recommend items users might like

2/16/2023

Interactions
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Task:Recommend related pins to users

Query pin

8

Predict whether two nodes in a graph are related

Task:Learn node 
embeddings ᾀsuch that
Ὠᾀ ȟᾀ
Ὠᾀ ȟᾀ

ᾀ

Jure Leskovec, Stanford CS224W: Machine Learning with Graphs

Yinget al., Graph Convolutional Neural Networks for Web-Scale Recommender Systems, KDD 2018
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https://arxiv.org/pdf/1806.01973.pdf


Many patients take multiple drugs to treat 
complex or co-existing diseases:

Á46% of people ages 70-79 take more than 5 drugs
ÁMany patients take more than 20 drugs to treat 

heart disease, depression, insomnia, etc.

Task:Given a pair of drugs predict 
adverse side effects

,

Prescribed 

drugs

Drug

side effect

30% 

prob.

65% 

prob.
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ÁNodes: Drugs & Proteins
ÁEdges: Interactions
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Query:How likely 
will Simvastatin and 
Ciprofloxacin, when 
taken together, 
break down muscle 
tissue?

Zitnik et al., Modeling Polypharmacy Side Effects with Graph Convolutional Networks, Bioinformatics 2018

https://arxiv.org/pdf/1802.00543.pdf


Evidence foundDrug c Drug d
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Zitnik et al., Modeling Polypharmacy Side Effects with Graph Convolutional Networks, Bioinformatics 2018

https://arxiv.org/pdf/1802.00543.pdf




Áa
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ÁNodes: Road segments
ÁEdges: Connectivity between road segments
ÁPrediction:Time of Arrival (ETA)
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Image credit: DeepMind

https://deepmind.com/blog/article/traffic-prediction-with-advanced-graph-neural-networks


Predicting Time of Arrival with Graph Neural 
Networks

ÁUsed in Google Maps
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Image credit: DeepMind

https://deepmind.com/blog/article/traffic-prediction-with-advanced-graph-neural-networks




ÁAntibiotics are small molecular graphs

ÁNodes: Atoms

ÁEdges:Chemical bonds
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Konaklieva, Monika I. "Molecular targets of ɼ-lactam-based antimicrobials: 
beyond the usual suspects." Antibiotics 3.2 (2014): 128-142.

Image credit: CNN


