Note to other teachers and users of these slides: We would be delighted if you found our
material useful for giving your own lectures. Feel free to use these slides verbatim, or to modify
them to fit your own needs. If you make use of a significant portion of these slides in your own
lecture, please include this message, or a link to our web site: hiip://cs224w.Stanford .edu
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Graphs are a general
language for describing and
analyzing entities with
relations/interactions
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Many Types of Data are Graphs (1)

Event Graphs
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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

Many Types of Data are Graphs (2)

Citation Networks Internet Networks of Neurons
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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/

Many Types of Data are Graphs (3)
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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

Graphs and Relational Data
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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

Graphs: Machine Learning

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

By explicitly modeling relationships we
achieve better performance!



Today: Modern ML Toolbox
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Text/Speech

Modern deep learning toolbox Is design
for simple sequences & grids




Doubt thou the stars are fire,
Doubt that the sun doth move,
Doubt truth to be a liar,
But never doubt I love...

Text

Modern
deep learning toolbox

Audio signals

IS designed for
seguences & grids




Not everything
can be represented as
a seguence 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

CS224W: ine Le




This Class
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ICLR 2022 keywords

subfield in ML

50 MOST APPEARED KEYWORDS

reinforcement learning

oon loarninn |

graph neural network

reseiicaauit ican iy |

<
seﬁ-supervised learning
federated learning
_robustness
contrastive learning

generalization
transformer
neural network
computer vision
continual learning
transfer learning
interpretability
machine learning
generative models
adversarial robustness
adversarial training
meta-learning
knowledge distillation
natural language processing
optimizatijon
. few-shot |earning
deep reinforcement learning
_domain adaptation
_image classification
semi-supervised learning
data augmentation
transformers
) unsupervised learning
multi-agent reinforcement learnin
optimal transpor’
convolutional neural network
variational inference
vision transformer
) _ attention
generative adversarial network
. _np
classification
active learning
model-based reinforcement learning
) . fairness
differential privacy
uncertainty estimation
deep neural network
imitation learning
pre-training
_explainability
multi-task learning {
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Why is Graph Deep Learning Hard?

Networks are complex.
Arbitrary size and complex topological
structure {.e., no spatial locality like grids)

Text

Networks Images

No fixed node ordering or reference point
Often dynamic and have multimodal features
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CS224W: ML withGraphs

Graph Regularization, Graph
convolutions e.g., dropout convolutions
@2 @2
& &
Activation ﬁ O
function &
/ S

“n

"L

Predictions: Node labels,

New links, Generated
Input: Network graphs and subgraphs
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Graph Neural Networks
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Each node defines a computation graph

Each edge in this graph is a
transformation/aggregation function

Scarselliet al. 2005.The Graph Neural Network ModellEEE Transactions on Neural Networks
Jure Leskovec, Stanford University 17



http://ieeexplore.ieee.org/document/4700287/

Graph Neural Networks

TARGET NODE

l
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INPUT GRAPH

Neural networks

Intuition: Nodes aggregate information from their
neighbors using neural networks

Inductive Representation Learning on Large Graph®. Hamilton, R. Ying, JLeskovec. NIPS, 2017.



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

|ldea: Aggregate Neighbors

Intuition: Network neighborhood defines a

computation graph %

Every node defines a computation
graph based on its neighborhood!
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CS224W & Representation Learning

(Supervised) Machine Learning Lifecycle:
This feature, that featurezvery single time!

Raw Graph Learning
—_— —_—

. —> Model
Data Data Algorithm
at Representation Downstream
Eng INg Learning . prediction task

Automatically
learn the features
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CS224W & Representation Learning

Map nodes to edimensional
embeddingssuch thatsimilar nodes In
the networkare embedded close
together

node representation

Learn a neural network
u = O >
N J
Boo s .
A

Feature representation,
embedding




CS224W Course Outline

Graphlets, Graph Kernels
DeepWalk Node2Vec
GCNGraphSAGESAT,

Theory of GNNs
TransEBetak
GraphRNN
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CS224W Course Outline

Date

Tue, 1/10
Thu, 1/12
Tue, 1/17
Thu, 1/19
Tue, 1/24

Thu, 1/26
Tue, 1/31
Thu, 2/2

Tue, 2/7

Thu, 2/9

2/16/2023

Topic
1. Introduction; Machine Learning
for Graphs

2. Node Embeddings

3. Label Propagation for
NodeClassification

4. Graph Neural Networks 1:
GNNModel

5. Graph Neural Networks 2:
DesignSpace

6. Applications of Graph
NeuralNetworks

7. Theory of Graph Neural Networ}

8. Knowledge Graph Embeddings

9. Reasoning over
KnowledgeGraphs

10. Frequent Subgraph Minimvgith

GNNs

Jure Leskovec, Stanford CS224W: Machine Learning with Graphs

Date

Tue, 2/14
Thu, 2/16
Tue, 2/21
Thu, 2/23
Tue, 2/28

Thu, 3/2
Tue, 3/7
Thu, 3/9

Tue, 3/14

Thu, 3/16

Topic

11. Community Structure
in Networks

12.Traditional
GenerativeModels for Graphs

13.Deep Generative Models
for Graphs

14.Advanced Topics on GNNs
15. Scaling up GNNs

16.Explainability
EXAM
17. Guest lecture: TBD

18. GNNs for Science

19. Special topics in GNNs

23



Stanford CS224W:
Applications of Graph ML




Different Types of Tasks

Node level

Graph-level «— Community

grrzcl:)lgtlon, (subgraph)
generation level
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Classic Graph ML Tasks

Node classificationPredict a property of a node

Example:Categorize online users / items
Link prediction Predict whether there are missing
links between two nodes

Example Knowledge graph completion
Graph classificationCategorize different graphs

Example Molecule property prediction
Clustering Detect if nodes form a community

Example:Social circle detection
Other tasks

Graph generationDrug discovery
Graph evolution Physical simulation
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Classic Graph ML Tasks

Node classificationPredict a property of a node
Example Categorize online users / items

Graph generationDrug discovery
Graph evolution Physical simulation

2/16/2023 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs 27



Example of
Node-level ML Tasks



Example (1): Protein Folding

A protein chain acquires iteative 3D structure

Every protein is made up These amino acids interact These shapes fold up on Proteins can interact with

of a sequence of amino locally to form shapes like larger scales to form the other proteins, performing

acids bonded together helices and sheets full three-dimensional functions such as signalling
protein structure and transcribing DNA

— —

Alpha Pleated Pleated Alpha
helix sheet sheet helix
DeepMind
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https://deepmind.com/blog/article/AlphaFold-Using-AI-for-scientific-discovery

The Protein Folding Problem

[ 2Y LIz GA 2y &3DLINBIRA
based solely on its amino aci

T1037 / 6vr4 T1049 / 6yaf
90.7 GDT 93.3 GDT
(RNA polymerase domain) (adhesin tip)

Experimental result
® Computational prediction
DeepMind
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https://deepmind.com/blog/article/alphafold-a-solution-to-a-50-year-old-grand-challenge-in-biology

AlphaFold: Impact

- i

aFold |
g One of

Median Free-Modelling Accuracy

Biology’s Greatest
Challenges

By Shelly Fan - Dec 15,2020 ® 24,780

SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSS
1

DeepMmd

AIphaFoId s Al could change the world of
biological science as we know it

DeepMind's latest Al breakthrough can
accurately predict the way proteins fold

SingularityHub

Has Artificial Intelligence ‘Solved’ Biology's
Protein-Folding Problem?

12-14-20

DeepMind’s latest Al
breakthrough could turbocharge
drug discovery
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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/

AlphaFold: Solving Protein Folding

a{ LI GAIf 3INF LKE
Nodes:Amino acids in a protein sequence
EdgesProximity between amino acids (residues)

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

Examples of
Edge-level ML Tasks



Example (2): Recommender Systems

Users interacts with items
Watch movies, buy merchandise, listen to music
Nodes:Users and items

EdgeslUseritem interactions
Goal: Recommend items users might like

Users @ @ @ ®l @ Interactions
/

--->

_ 091 O 1 ECEO

/ = < - eo» o
Y
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Yinget al., TKDD 2018

PinSage: Graph-based Recommender

Task:Recommend related pins to users

e Task:Learn node
= - embeddingsx such that
Aa )

Qa

_1

BAD RECOMMENDATION

Predict whether two nodes in a graph are related
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https://arxiv.org/pdf/1806.01973.pdf

Example (3): Drug Side Effects

Many patientsake multiple drugdo treat

complexor co-existing diseases
46% of people ages 700 take more than 5 drugs
Many patients take more than 20 drugs to treat
heart disease, depression, insomnia, etc.

Task:Given a pair of drugs predict
adverse side effects

2 — (55

30% 65%
prob. prob.




Zitnik et al., Blieinformatics 2018

Biomedical Graph Link Prediction

Nodes Drugs & Proteins Query:How likely

EdgeslInteractions will Simvastatin and
Ciprofloxacin, when

taken together,
break down muscle
tissue?

Simvastatin

I
'? r2 (breakdown of muscle tissue)

Ciprofloxacin

A Drug O Protein
ry Gastrointestinal bleed side effect &——@ Drug-protein interaction
'> Bradycardia side effect ©—O Protein-protein interaction
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https://arxiv.org/pdf/1802.00543.pdf

Zitnik et al., Blieinformatics 2018

Results: De novo Predictions

Rank| Drugc Drugd Side effect r Evidence found

Pyrimethamine Aliskiren Sarcoma Stage et al. 2015

Tigecycline Bimatoprost  Autonomic neuropathy

I

Omeprazole Dacarbazine  Telangiectases

Tolcapone Pyrimethamine Breast disorder Bicker et al. 2017

Minoxidil Paricalcitol Cluster headache

Omeprazole Amoxicillin Renal tubular acidosis Russo ef al. 2016

Iﬂ

7 | Anagrelide Azelaic acid  Cerebral thrombosis
Aliskiren Tioconazole  Breast inflammation  Parving ef al. 2012
10 | Estradiol Nadolol Endometriosis
Case Report

Severe Rhabdomyolysis due to Presumed Drug Interactions
between Atorvastatin with Amlodipine and Ticagrelor

2/16/2023 38


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

Examples of
Subgraph-level ML Tasks



Example (4): Traffic Prediction

@00 <> 'H
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Stanford University

University of California, Berkeley

Add destination

0
©

Leave now ~

(4]

Send directions to your phone

f vial-880N 51 min
w, avoids road closureon 38.9 miles

DETAILS
fm vial-280N 52 min
fm viaCA-84Eand|-880 N 52 min
41.1 miles

Explore University of California, Berkeley
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Road Network as a Graph

Nodes:Road segments
EdgesConnectivity between road segments
Prediction:Time of Arrival (ETA)
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https://deepmind.com/blog/article/traffic-prediction-with-advanced-graph-neural-networks

Traffic Prediction via GNN

Predicting Time of Arrival with Graph Neural

Networks

: Predictions
Anonymised ; Supersegments ; Graph neural
travel data Analysed Training network
data

Used in Google Maps e i

J

Candidate
user routes
A-B

routi 12

THE MODEL ARCHITECTURE FOR DETERMINING OPTIMAL ROUTES AND THEIR TRAVEL TIME.
2/16/2023 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs

Google Maps
API

Surfaced

Google Maps

app



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

Examples of
Graph-level ML Tasks



Antibiotics are small molecular graphs
Nodes:Atoms
EdgesChemical bonds
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