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We are going to explore Machine Learning and 
Representation Learning for graph data:

ÁMethods for node embeddings: DeepWalk, Node2Vec

ÁGraph Neural Networks: GCN, GraphSAGEΣ D!¢Χ

ÁGraph Transformers

ÁKnowledge graphs and reasoning: TransE

ÁGenerative models for graphs: GraphRNN

ÁRelational Deep Learning: Databases

ÁGNN + LLMs

ÁApplications to Biomedicine, Science, Technology
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Date Topic Date Topic

Tue, 9/23
1. Introduction to Machine Learning 
for Graphs

Tue, 10/28
11. GNNs for recommender 
systems

Thu, 9/25 2. Node Embeddings Thu, 10/30 12. Relational Deep Learning

Tue, 9/30 3. Graph Neural Networks Tue, 11/4 DEMOCRACY DAY ɀ NO CLASS

Thu, 10/2 4. A general perspective on GNNs Thu, 11/6
13. Advanced architectures in 
RDL

Tue, 10/7 5. GNN augmentation and training Tue, 11/11 14. Advanced topics in GNNs

Thu, 10/9 6. Theory of GNNs Thu, 11/13
15. Towards Foundation Models 
for Knowledge Graphs

Tue, 10/14 7. Designing Powerful GNNs Tue, 11/18 16. LLM+GNN

Thu, 10/16 8. Graph Transformers Thu, 11/20 17. Agents+Graphs

Tue, 10/21 9. Heterogenous graphs Tue, 12/2
18. Deep Generative Models for 
Graphs

Thu, 10/23 10. Knowledge graphs Thu, 12/4 19. Conclusion



ÁThe course is self-contained.
ÁNo single topic is too hard by itself.
ÁBut we will cover and touch upon many topics 

and this is what makes the course hard.
ÁSome background in:
ÁMachine Learning

ÁAlgorithms and graph theory

ÁProbability and statistics

ÁLinear Algebra

ÁProgramming:
ÁYou should be able to write non-trivial programs (in Python)

ÁFamiliarity with PyTorch is a plus
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ÁWe use PyG (PyTorch Geometric):

ÁThe ultimate library for Graph Neural Networks
ÁWe further recommend:

ÁGraphGym: Platform for designing Graph Neural 
Networks.

ÁModularized GNN implementation, simple hyperparameter 
tuning, flexible user customization

ÁBoth platforms are very helpful for the course project 
(save your time & provide advanced GNN 
functionalities)

ÁOther network analytics tools: SNAP.PY, NetworkX
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http://www.pyg.org/
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ÁThe class meets Tue and Thu 3:00-4:20pm 
Pacific Time in person

ÁVideos of the lectures will be recorded and posted 
on Canvas

ÁStructure of lectures:

Á~80 minutes of a lecture

ÁDuring this time you can ask questions

Á~10 minutes of a live Q&A/discussion session
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Áhttp://cs224w.stanford.edu

ÁSlides posted before the class

ÁReadings:

ÁGraph Representation Learning Book by 
Will Hamilton

ÁResearch papers

ÁOptional readings:

ÁPapers and pointers to additional literature

ÁThis will be very useful for course projects
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http://cs224w.stanford.edu/
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https://www.cs.mcgill.ca/~wlh/grl_book/
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ÁEd Discussion:

ÁAccess via link on Canvas

ÁPlease participate and help each other!

Á5ƻƴΩǘ Ǉƻǎǘ ŎƻŘŜΣ ŀƴƴƻǘŀǘŜ ȅƻǳǊ ǉǳŜǎǘƛƻƴǎΣ ǎŜŀǊŎƘ ŦƻǊ 
answers before you ask

ÁWe will post course announcements to Ed (make 
sure you check it regularly)

ÁtƭŜŀǎŜ ŘƻƴΩǘ ŎƻƳƳǳƴƛŎŀǘŜ ǿƛǘƘ ǇǊƻŦκ¢!ǎ Ǿƛŀ 
personal emails, but always use:

Ács224w-aut2526-staff@lists.stanford.edu
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ÁOHs will be both in person and virtual

ÁWe will have OHs every day, starting from 2nd week 
of the course

ÁSee http://web.stanford.edu/class/cs224w/oh.html 
for Zoom links and link to QueueStatus

ÁSchedule to be announced by end of week
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ÁFinal grade will be composed of:

ÁHomework: 20%

Á3 written homeworks, each worth 6.67%

ÁCoding assignments: 15%

Á5 coding assignments using Google Colab, each worth 3%

ÁExam: 35%

ÁCourse project: 30%

ÁProposal, Milestone, and Final report

ÁExtra credit: Ed participation, PyG/ GraphGym code 
contribution

ÁUsed if you are on the boundary between grades
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ÁHow to submit?

ÁUpload via Gradescope

ÁYou will be automatically registered to Gradescope once 
you officially enroll in CS224W 

ÁHomeworks, Colabs (numerical answers), and 
project deliverables are submitted on Gradescope

ÁTotal of 2 Late Periods (LP) per student

ÁMax 1 LP per assignment (no LP for the final report)

ÁLP gives4 extra days: assignments usually due on 
Thursday (11:59pm) Ą with LP, it is due the following 
Monday (11:59pm)
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ÁHomeworks (20%, n=3)

ÁWritten assignments take longer and take time 
(~10-20h) ς start early!

ÁA combination of theory, algorithm design, and math

ÁColabs (15%, n=5)

ÁWe have more Colabs but they are shorter 
(~3-5h); Colab 0 is not graded.

ÁGet hands-on experience coding and training GNNs; 
good preparation for final projects and industry
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ÁSingle exam: TBD (35%) 

ÁIn-person closed-book, timed

ÁMonday, 11/17 - Friday, 11/21, exact date andtime 
TBD

ÁContent

ÁWill have written questions (similar to Homeworks)

ÁMore details to come!
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ÁDetails will be posted soon:

ÁFocus is on real-world applications of GNNs

ÁLogistics

ÁGroups of up to 3 students
ÁGroups of 1 or 2 are allowed (but discouraged); the team size 

will be taken under consideration when evaluating the scope 
of the project. But 3 person teams can be more efficient.

ÁGoogle Cloud credits

ÁWe will provide $50 in Google Cloud credits to each student

ÁYou can also get $300 with Google Free Trial 
(https://cloud.google.com/free/docs/gcp-free-tier)

ÁRead: http://cs224w.stanford.edu/info.html

https://cloud.google.com/free/docs/gcp-free-tier
https://cloud.google.com/free/docs/gcp-free-tier
https://cloud.google.com/free/docs/gcp-free-tier
https://cloud.google.com/free/docs/gcp-free-tier
https://cloud.google.com/free/docs/gcp-free-tier
http://cs224w.stanford.edu/info.html


Assignment Due on (11:59pm PT)

Colab0 Not graded

Colab 1 Thu, 10/9 (week 3)

Homework 1 Thu, 10/16 (week 4)

Project Proposal Tue, 10/21 (week 5)

Colab 2 Thu, 10/23 (week 5)

Homework 2 Thu, 10/30 (week 6)

Colab 3 Thu, 11/6 (week 7)

Project Milestone Thu, 11/6 (week 7)

Homework 3 Thu, 11/13 (week 8)

EXAM Thu, 11/20 5pm ɀ Sat, 11/23 5am (week 9)

Colab4 Tues, 12/2 (week 10)

Colab 5 Thu, 12/4 (week 10)

Project Report Thu, 12/11 (No Late Periods!)
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ÁWe strictly enforce the Stanford Honor Code

ÁViolations of the Honor Code include:
Á/ƻǇȅƛƴƎ ƻǊ ŀƭƭƻǿƛƴƎ ŀƴƻǘƘŜǊ ǘƻ ŎƻǇȅ ŦǊƻƳ ƻƴŜΩǎ ƻǿƴ ǇŀǇŜǊ

ÁUnpermitted collaboration

ÁPlagiarism

ÁGiving or receiving unpermitted aid on a take-home examination

ÁwŜǇǊŜǎŜƴǘƛƴƎ ŀǎ ƻƴŜΩǎ ƻǿƴ ǿƻǊƪ ǘƘŜ ǿƻǊƪ ƻŦ ŀƴƻǘƘŜǊ

ÁGiving or receiving aid on an assignment under circumstances in 
which a reasonable person should have known that such aid was 
not permitted

ÁStandard sanction for a first-time offense includes a 
one-quarter suspension & 40 hours of community service.

9/23/2025 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs 17

Make sure you read 
and understand it!

https://communitystandards.stanford.edu/policies-and-guidance/honor-code
https://communitystandards.stanford.edu/student-conduct-process/honor-code-and-fundamental-standard/additional-resources/what-plagiarism
https://communitystandards.stanford.edu/student-conduct-process/honor-code-and-fundamental-standard/additional-resources/what-plagiarism


ÁEvery week a few students 
will get a short survey

ÁJust 3 questions!

ÁSuper important that you
respond!
ÁYour feedback

really helps us
improve your
class experience
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ÁColabs 0 and 1 will be released on our course 
website at 3pm Thursday (9/25)
ÁColab 0:

ÁDoes not need to be handed-in

ÁColab1:

ÁDue on Thursday 10/9 (2.5 weeks from today)

ÁSubmit written answers and code onGradescope

ÁWill cover material from Lectures 1-4, but you 
canget started right away!
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Why Graphs?
Graphs are a general 

language for describing and 
analyzing entities with 
relations/interactions



Jure Leskovec, Stanford CS224W: Machine Learning with Graphs 22

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
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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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FinanceCommerce Clinical Trial



http://relbench.stanford.edu 
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Sales ProductsUsers

http://relbench.stanford.edu/


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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Main question:

How do we take advantage of 
relational structure for better 

prediction?
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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

9/23/2025



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?

Graphs are the new frontier 
of deep learning

9/23/2025
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Peter Mary

Albert

Tom

co-worker

friendbrothers

friend

Protein 1 Protein 2

Protein 5

Protein 9

Movie 1

Movie 3
Movie 2

Actor 3

Actor 1 Actor 2

Actor 4

|N|=4

|E|=4



ÁA heterogeneous graph is defined as 
╖ ╥ȟ╔ȟ╡ȟ╣

ÁNodes with node types ὺᶰὠ

ÁEdges with relation types ὺȟὶȟὺ ᶰὉ

ÁNode type Ὕὺ

ÁRelation type ὶɴ Ὑ

ÁNodes and edges have attributes/features
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Academic GraphsBiomedical Knowledge Graphs
Example node: ICML
Example edge: (GraphSAGE, NeurIPS) 
Example node type: Author
Example edge type (relation): pubYear

Example node: Migraine
Example edge: (fulvestrant, Treats, Breast Neoplasms) 
Example node type: Protein
Example edge type (relation): Causes



ÁHow to build a graph:
ÁWhat are nodes?

ÁWhat are edges?
ÁChoice of the proper network representation 

of a given domain/problem determines our 
ability to use networks successfully:
ÁIn some cases, there is a unique, unambiguous 

representation

ÁIn other cases, the representation is by no means 
unique

ÁThe way you assign links will determine the nature 
of the question you can study
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Undirected
ÁLinks: undirected 

(symmetrical, reciprocal)

ÁOther considerations:

ÁWeights

ÁProperties

Directed
ÁLinks: directed 

ÁTypes

ÁAttributes
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Á Bipartite graph is a graph whose nodes can 
be divided into two disjoint sets U and V such that 
every link connects a node in U to one in V; that is, 
U and V are independent sets

Á Examples:
Á Authors-to-Papers (they authored)

Á Actors-to-Movies (they appeared in)

Á Users-to-Movies (they rated)

Á Recipes-to-Ingredients (they contain)
Á άCƻƭŘŜŘέ ƴŜǘǿƻǊƪǎΥ
Á Author collaboration networks

Á Movie co-rating networks
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Node level

Edge-level

Community 

(subgraph)

level

Graph -level 

prediction,

Graph 

generation



ÁNode-level prediction
ÁLink-level prediction
ÁGraph-level prediction
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? ?

?
?

?

Machine 

Learning

Node classification
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Goal: Characterize the structure and position of 
a node in the network:
ÁNode degree

ÁNode importance & position
ÁE.g., Number of shortest paths passing through a node

ÁE.g., Avg. shortest path length to other nodes

ÁSubstructures around
the node
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Training labels together with timestamps are 
attached to the graph

46
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/ƻƳǇǳǘŀǘƛƻƴŀƭƭȅ ǇǊŜŘƛŎǘ ŀ ǇǊƻǘŜƛƴΩǎ 3D structure  
based solely on its amino acid sequence:
For each node predict its 3D coordinates
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Image credit: DeepMind

https://deepmind.com/blog/article/alphafold-a-solution-to-a-50-year-old-grand-challenge-in-biology
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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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ÁThe task is to predict new/missing/unknown 
links based on the existing links.
ÁAt test time, node pairs (with no existing links) 

are ranked, and top ὑ node pairs are predicted.
ÁTask: Make a prediction for a pair of nodes.
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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

9/23/2025

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 ᾀ such 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

9/23/2025

https://arxiv.org/pdf/1806.01973.pdf
https://arxiv.org/pdf/1806.01973.pdf
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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.
57Jure Leskovec, Stanford CS224W: Machine Learning with Graphs9/23/2025



ÁNodes: Drugs & Proteins
ÁEdges: Interactions

589/23/2025 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs

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
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ÁGoal: We want make a prediction for an 
entire graph or a subgraph of the graph.

ÁFor example:
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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


