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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: http://cs224w.Stanford.edu 
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 Homework 2 is due today
 Homework 3 will be released today

o Recitation session details TBA on Ed

o Project proposal grades are out now!

o Regrade requests are open until Thursday 11/6

o No class next Tuesday 11/4 (Democracy Day)
o Colab 3 is due next Thursday 11/6
o Project Milestone is due next Thursday 11/6
o Practice exam will be released next week
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These breakthroughs are fueled by Transformers
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These breakthroughs are fueled by Data
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FinanceCommerce Social Media
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 Which products will a user 

purchase in the next 7 

days?

 Will an active user churn 

in the next 90 days?

 What will be the total 

sales for each product in 

the next 30 days?
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 What will be the loan 

outcome (good vs bad)?

 What will be the total 

number of failed loans in 

the next year?
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 Will a patient return if 

discharged from the 

hospital?

 Which hospital 

admissions have greatest 

risk to life in the next 24 

hours
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Input data cleaning, 
curation

Target label 
engineering

Feature 
engineering

ML Ops
Architecture & 
hyperparameter 
search

6-12 months of time for a team of data scientists, 

data engineers and product engineers
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 Features are chosen arbitrarily (e.g., aggregations, time windows)

 Only a limited set of data is used
 Issues with point-in-time correctness/information leakage

Features
E

x
a
m

p
le

s

#monthly 
sales

sum 
weekly 

item price

#orders 
relative to 

Sunday
Label

… … … …

… … … …

… … … …

Goal: Learn a user churn model based on their sales, 

purchased products and browsing behavior
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How to leverage the data without going through 
the longest duration tasks (extraction, 
transformation, loading)?

We want ML algorithms that can 
process data in its natural form!



18

Why not use an LLM?
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 LLMs are not trained to understand and 
effectively learn from the relational 
nature of Databases

 Database prediction is NOT sequence 
modeling

 LLMs are NOT trained to predict the 
future

 Context size is limited

21Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu



10/29/2025 24Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu

How to leverage the data without going through 
the longest duration tasks (extraction, 
transformation, loading)?

We want ML algorithms that can 
process data in its natural form!



 Today we want to design deep learning 
models that operate on relational tables

 But modern deep learning toolbox is designed 
for different type of inputsta
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Prediction

Relational Deep 

Learning



 End-to-end deep learning on relational 
tables (i.e., databases)

 Works directly on relational tables, no 
transformations, no feature engineering

 Casts predictive tasks as graph 
representation learning problems
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 More accurate models 
(no feature engineering)

 More robust models
(model-learned features automatically “update” over time)

 Shorter time to models
(no mundane ETL work)

 Simpler infrastructure
(no pipelines, no feature stores, etc.)
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 Great for building 
models on one table
▪ But most data is not 

a single table!

 Deep learning is not dominant:
▪ Hypothesis: Because single table already contains 

features engineered from other tables (loss of 
information)

 RDL accounts for relations between 
multiple tables, unlike tabular ML!

28
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Learns a distribution 
(graphical model) over 
the relational structure

▪ Predictions via world 
model + inductive logic programming

▪ Only works with categorical variables

▪ Does not scale to large data

 RDL a scalable, expressive inheritor of 
Statistical Relational Learning

29

[Friedman et al., 1999]
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$20

$80

$15

$20

$80

$80

$15

Sales ProductsUsers

ML in the language of 

graphs:

▪ Node-level:
▪ Churn

▪ Life-time value

▪ Next best action

▪ Link-level:
▪ Product affinity

▪ Recommendations

▪ Graph-level:
▪ Fraud, money 

laundering
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Graph Problem Graph ML Solutions
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Real-world data are stored in databases

36

User Product

Transaction

Trans ID User ID Product ID Value Timestam
p

… … … … …

… … … … …

… … … … …

… … … … …

100 51 345 $1000 171028100

1

… … … … …

Transaction Table



Databases are often relational
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User Product

Transaction

Trans ID User ID Product ID Value Timestam
p

… … … … …

… … … … …

… … … … …

… … … … …

100 51 345 $1000 171028100

1

… … … … …

Transaction Table

User ID Gender

... ...

51 Male

Product ID Category

... ...

345 Bike

User Table Product Table

Relational databases as heterogeneous graphs



 A database is a set of tables                 and
 
 Links between tables
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Trans ID User ID Product ID Value Timestam
p

… … … … …

… … … … …

… … … … …

… … … … …

100 51 345 $1000 171028100

1

… … … … …

Transaction Table

User ID Gender

... ...

51 Male

Product ID Category

... ...

345 Bike

User Table Product Table



39Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu

 The schema graph represents the high-level structure of the 
heterogeneous graph
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 The schema graphs can be more complex
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Users

Relational Entity Graph:

Create connections via 

primary-foreign keys
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 Given database of tables                 and 
relations

 Each table is a set of entities        possessing a 
primary key and optional foreign keys

 The relational entity graph is such that

▪ the set of nodes is defined by all rows in all 
tables

▪ The set of edges is defined by connecting two 
entities           whose primary and foreign 
keys match
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 Entities also have features (different than KGs)
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Trans ID User ID Product ID Value Timestam
p

… … … … …

… … … … …

… … … … …

… … … … …

100 51 345 $1000 171028100

1

… … … … …

Transaction Table

User ID Gender

... ...

51 Male

Product ID Category

... ...

345 Bike

User Table Product Table
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 Next:

▪ Define task(s)

▪ Relational Deep Learning
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 Example: Predict whether a 
user is going to churn in the 
next 30 days?

 Most tasks are temporal:
 Customer’s label changes 

over time

 Database changes over time
 For every time, a feature 

needs to be recomputed

 To define a task, we need:

 Entity

 Label

 Time

Temporal tasks as especially challenging 
because features are time dependent:
• For every time, a feature needs to 

be recomputed
• Entity’s label can change between 

time steps

Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu



 Training Table: A special table containing 
training labels
▪ (entity ID, time, labels)

▪ Classification, Regression, Multi-class

▪ time column is essential for temporal prediction 
tasks

▪ An entity may have different labels at different times

▪ Only use information up to the time of label
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 Training Table: A special table containing 
training labels
▪ (entity ID, time, labels)

▪ Classification, Regression, Multi-class
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Entity ID Timestamp Label

99 10172024 1

99 10182024 1

… … …

100 10172024 1

100 10182024 0

… … …

Training Table



 Schema:

 Example prediction task: 

▪ Predict whether a user is going to churn

▪ Zero sales in the next 30 days.

 Training table:

▪ (user, time, churn label)
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Relational Entity Graph:

Create connections via 

primary-foreign keys
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Training labels together with timestamps are 
attached to the graph
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Active

Churn

Active

$20

$80

$15

$20

$80

$80

$15

Sales ProductsUsers

Churn

Active

Active

Active

Churn

May ‘23

June ’23

May ‘23

June ‘23

June ‘23

April ’23

May ’23

June ‘23
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Node’s neighborhood defines a computation graph
Nodes learn how to optimally use information from neighbors to 
obtain enhanced node representations

Entity Graph

$20

$80

$15

$20

$80

$80

$15

Sales ProductsUsers
Active

ChurnMay ‘23

June ‘23

GNN computation graphs
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 The computation graph for each node is time-
dependent

 Message+Aggregation becomes time-dependent
 Sampling over neighbors is time-dependent
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GNN aggregation is learnable version of hand-crafted features!

GNNs give better performance by learning optimal features.

SUM(TRANSACTIONS.Price)
over (-30, 0) days

AVG(TRANSACTIONS.Price)
over (-30, 0) days ...

Hand-engineered features:GNN-based features:

VS.

Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu
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Definitions:

• A table 𝑅 is a set of entities 𝑅 = 𝑟1, … , 𝑟𝑛

• Each entity is a tuple 𝑟𝑖 = (𝑟𝑖1, 𝑟𝑖2, … , 𝑟𝑖𝑛)

• Given two tables, 𝑅, 𝑆, a join operation is a 

subset of a Cartesian product: 

• Aggregation will specify which rows are kept  

https://en.wikipedia.org/wiki/Relational_algebra

Ex.1: Cross
Join
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Connection between SQL Joins and graph edges

𝑅 ⋈ 𝑆 ≔ {𝑟 ∪ 𝑠|𝑟 ∈ 𝑅 ∧ 𝑠 ∈ 𝑆 ∧ Fun(𝑟, 𝑠)}

https://en.wikipedia.org/wiki/Relational_algebra

Ex.2: Inner
Join

Fun 𝑟, 𝑠 : 𝑟. 𝑝𝑘𝑒𝑦 = 𝑠. 𝑓𝑘𝑒𝑦

𝑎𝑖𝑗 = ቊ
1, if 𝑟𝑖 . 𝑝𝑘𝑒𝑦 = 𝑠𝑗 . 𝑓𝑘𝑒𝑦

0, otherwise

These are exactly
the pkey-fkey edges!

𝑅

𝑆



Learnable Aggregation

Temporal embedding

Fact representation

60

$20

$80

$15

$20

$80

USER_ID

1

2

3

USER_ID VALUE DATE

1 20 01-01

1 80 01-02

2 15 01-01

3 20 01-02

3 80 01-03

SELECT SUM(VALUE)
FROM SALES
WHERE DATE > 01-01
GROUP BY USER_ID

USER_ID SUM(VALUE)

1 80

2 0

3 100

GNN can learn:

Input:

Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu



GNNs learn how to aggregate 
information:
 They can discard neighboring

node information that is 
irrelevant for the given 
downstream task

 They can detect fine-grained 
patterns within local
neighborhoods (e.g., buying
behavior over the last year)
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GNNs can exchange information
across training examples:

 Instead of treating examples
as isolated, there now exists an
inter-dependency between entities
(e.g., users with similar features,
users with similar behavior)

 GNN can use these features to
enrich an entity’s representation

62

How is the buying behavior of users that have 
bought similar products?

How is the buying behavior of users that have looked 
at similar products?

Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu



Training labels

...

63

Which user has bought which product?

How active was the user in the past?

Multi-hop reasoning across table 
boundaries can catch information

which is hard to pre-compute 
beforehand

Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu



 First-class temporal support
▪ Capture fine-grained relative and seasonal features via 

temporal embeddings

▪ Avoid data leakage via temporal sampling directly during 
data loading

64

Not available 

for sampling

Available for 

sampling

Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu
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Available at: https://relbench.stanford.edu

https://relbench.stanford.edu/
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 Relbench is more than just a collection of Databases

 Automatically download datasets
 Load database and task tables
 Standardized evaluation protocol:

▪ Prevents temporal leakage from test set
 Framework-agnostic data structures: use your favorite 

ML stack!
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 Load as a PyG graph
 Train GNN end-to-end
 Temporal neighbor sampling
 Use PyTorch Frame to encode tables
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https://relbench.stanford.edu

https://relbench.stanford.edu/
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• Recruited Experienced Data Scientist 

• 5 years in industry (specializing in financial databases) 

• Responsible for full model building lifecycle      (more 
detail next)

(Alejandro)



76
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Q: Will a user be active in 
the next 6 months?

Stack Exchange Database
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Task: Will a user be active in the next 6 
months?
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Task: Will a user be active in the next 6 
months?

Exploratory Data Analysis 
(EDA)

Manual work

4hrs
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Task: Will a user be active in the next 6 
months?

Exploratory Data Analysis 
(EDA)

Manual work

4hrs

Activity is seasonal Comments follow power law Negative votes are infrequent

Example observations
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Task: Will a user be active in the next 6 
months?

Exploratory Data Analysis 
(EDA)

Manual work

4hrs

Feature Ideation

Example features

0.5hr
weeks_since_last_comment

badge_score

location_is_null
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Task: Will a user be active in the next 6 
months?

Exploratory Data Analysis 
(EDA)

Manual work

4hrs

Feature Ideation

Example features

0.5hr
weeks_since_last_comment

badge_score

location_is_null

SQL query writing

100s of lines of code

5hr
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Task: Will a user be active in the next 6 
months?

Exploratory Data Analysis 
(EDA)

Manual work

4hrs

Feature Ideation

Example features

0.5hr
weeks_since_last_comment

badge_score

location_is_null

SQL query writing 5hr

XGBoost hparamsweep 2hr
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Task: Will a user be active in the next 6 
months?

Exploratory Data Analysis 
(EDA)

Manual work

4hrs

Feature Ideation

Example features

0.5hr
weeks_since_last_comment

badge_score

location_is_null

SQL query writing 5hr

XGBoost hparamsweep 2hr

SHAP (feature importance analysis)
1hr
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• Website “seniority” predictive (total number of comments, 
badge score etc.)

• Time since last active / commented is predictive

• Completed bio (about me, location etc.) is predictive

• Number of positive/negative votes not predictive

• Interacting with “senior” community members not 
predictive

Selected Observations
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~12 hours of high-quality expert work



CS224W: Machine Learning with Graphs
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Task: Will a user be active in the next 6 
months?

Naive baseline
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(2 days to model)

12 hours manual work
~682 lines of code 
1hr model training

*Work measured as the marginal 
effort to solve a new task
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(2 days to model)

12 hours manual work
~682 lines of code 
1hr model training

<1 hour manual work
54 lines of code
1hr model training

Task: Will a user be active in the next 6 
months?
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Task: Will a user be active in the next 6 
months?
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