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Homework?2 is due today
Homework 3will be releasedoday

Recitationsession details TB#n Ed
Project proposal grades are out now!

Regrade requests are open until Thursday 11/6
No class next Tuesday 11/4 (Democracy Day)
Colab3is due next Thursday 11/6
ProjectMilestoneis due next Thursday 11/6
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Deep Learning Revolution
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Deep Learning Revolution

These breakthroughs are fueled byansformers
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Deep Learning Revolution

These breakthroughs are fueled byta
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Data stored in Relational Databases
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Predictions on Relational Data

Whichproducts will a user
purchasan the next 7
days?

Wil anactive user churn sers
In the next 90 days?

What will be thetotal
sales for each produan
the next 30 days?

Sales

ID
Product_ID
Session_ID
User_ID

Price
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Predictions on Relational Data

What will be thdoan
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redictions on Relational Data
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Doing Al 1s slow & complex

Input data cleaning, Target label Feature Architecture &
: : : : : hyperparameter ML Ops
curation engineering engineering search

- /
hd

6-12 months of time for a team of data scientists,
data engineers and product engineers
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Impedance Mismatch

Goal:Learn auser churrmodel based on their sales,
purchased products and browsing behavior

Sales sum #orders
HEALY weekly relative to Label

ID sales . :
Users Proaicts= item price Sunday
0 Product_ID g

Session_ID ProductID reol 8 8 8 8

User_ID E

Price Views (Q 8 8 8 8
Sessions Lu

ID
D Product_ID 8 8 8 8
User_ID Session_ID
Features

Features are chosedrbitrarily (e.g, aggregations, time windows)
Only alimited set of datas used
Issues witlpoint-in-time correctness/information leakage
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How to leverage the data without going through
the longest duration task@xtraction,
transformation, loading)?

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






Some have tried
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Figure 1: Process of constructing a single example for LLM-based inference.

Tackling prediction tasks in relational databases with LLMs

Marek Wydmuch*' ELukasz Borchmann* Filip Gralinski**
* Snowflake Al Research
{first-name }.{last-name } @snowflake.com
T Poznan University of Technology / Poznan, Poland
I Adam Mickiewicz University / Poznan, Poland
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Prompt

'Nacklace "product_group_name": "Accessories", graphlcal appearance_no": 1010009, "graphical_appearance_name": "Glittering/Metallic”, "colour_group_code": 5, "colour_group_name": "
“department_no": 7020, "department_name": “Conscious Exclusive", "index_code": "A", “index_name": “Ladieswear", “index_group_no": 1, "index_group_name": “Ladieswear", “section_no": 82, *
made from recycled metal. Chain pendant with a sparkly stone at the bottom and a tear-shaped pendant covered in spar”}]}, {"t_dat": "2019-11-25T00:00:00", "customer_id": 198761, "article_id": 6
"age": 32.0, "postal_code": "7b4c17acca9c3033b5defe8alc9eb7b647182d9851dbfI2dbf4db3e0e95cb051", "add_transactions”: [{"t_dat": "2020-05-04T00:00:00", “customer_id": 198761, “article.
"product_type_name": “Trousers", "product_group_name": "Garment Lower body", "graphical_appearance_no": 1010023, "graphical_appearance_name": "Denim", "colour_group_code": 71, "coloi
"perceived_colour_master_name": "Blue", "department_no": 1722, "department_name": *Trouser", "index_code": "A*", "index_name": "Ladieswear”, "index_group_no": 1, "index_group_name": "Lar
"5-pocket jeans in washed, superstretch denim with a regular waist, zip fly and button, and skinny legs."}]}, {"t_dat": *2019-11-29T00:00:00", "customer_id": 1348061, "article_id": 68191, "price": 0.
“postal_code": "be5edf195dda1c9409d9c9cc3d32421cc86039819bd20b82bdf6f384660f81d7°, *add_transactions": [{*t_dat": "2020-04-11T00:00:00", “customer_id": 1348061, "article_id": 83968,
"product_type_name": "Shirt", "product_group_name": "Garment Upper body", "graphical_appearance_no": 1010001, "graphical_appearance_name": "All over pattern”, "colour_group_code": 10, *
"perceived_colour_master_name*: “White®, “department_no": 7657, "department_name": "Kids Boy Shirt*, “index_code": *H", "index_name": "Children Sizes 92-140", "index_group_no": 4, "index
"Short-sleeved shirt in a cotton weave with a collar, buttons down the front, yoke at the back, and a gently rounded hem."}, {"t_dat": "2020-07-15T00:00:00", "customer_id": 1348061, "article_id": 9
“Blouse®, “product_group_name": "Garment Upper body", “graphical_appearance_no": 1010016, "graphical_appearance_name": "Solid", “colour. group code": 10, “colour_group_name": "White",
"department_no": 1522, "department_name": "Blouse", "index_code": "A", "index_name": "Ladieswear", "index_group_no": 1, "index_group_name": "Ladieswear", "section_no": 15, "section_name
opening at the back with ties at the back of the neck and short, elasticated puff sieeves."}]}, ("t_dat": *2019-12-11T00:00:00", "customer_id": 556304, “article_id": 68191, "price": 0.0338813559322
"6e439ff990d5fc96831fbd32d49825cdcéeb3426c842d7ee0850e109389fd3c9”, "add_transactions”: [{"t_dat": "2020-03-09T00:00:00°, “customer_id": 556304, "article_id": 76457, "price": 0.016932
“"product_group_name": "Garment Upper body", "graphical_appearance_no": 1010016, "graphical_appearance_name": "Solid", "colour_group_code": 9, "colour_group_name' lack", "perceived
1676, "department_name": "Jersey Basic", "index_code": "A", "index_name": *Ladieswear", "index_group_no": 1, "index_group_name*: “Ladieswear", "section_no": 16, "section_name": "Womens
a polo neck and long sleeves."}, {"t_dat": "2020-03-09T00:00:00", "customer_id": 556304, "article_id": 76456, "price": 0.0169322033898305, "sales_channel_id": 2, "product_code": 785018, "prod
1010016, "graphical_appearance_name": "Solid", "colour_group_code": 33, “colour_group_name": "Dark Orange*, “perceived_colour_value_id": 2, “perceived_colour_value_name": *“Medium Dusty
"A", "index_name": "Ladieswear", "index_group_no": 1, "index_group_name": "Ladieswear", "section_no": 16, "section_name": "Womens Everyday Basics", "garment_group_no": 1002, "garment_¢
“2020-03-09T00:00:00", “customer_id*: 556304, *article_id": 92998, “price": 0.0254067796610169, “sales_channel_id": 2, “product_code": 856109, *prod_name": "Sweaty", “product_type_no": 27,
"Solid", "colour_group_code": 9, "colour_group_name": "Black", "perceived_colour_value_id": 4, "perceived_colour_value_name": "Dark", "perceived_colour_master_id": 5, "perceived_colour_mast
“"index_group_name": *Ladieswear", "section_no": 16, "section_name": "Womens Everyday Basics", “garment_group_no": 1002, "garment_group_name": "Jersey Basic", "detail_desc": "Trousers in
"2019-09-25T00:00:00", "customer_id": 179592, *article_id": 68191, "price": 0.0338813559322033, "sales_channel_id": 2, "FN": 1.0, "Active": 1.0, "club_member_status": "ACTIVE", "fashion_news
"2019-12-06T00:00:00", "customer_id": 1067378, "article_id": 68191, "price": 0.0338813559322033, "sales_channel_id 1 1.0, "Active”: 1.0, "club_member_status": "ACTIVE", "fashion_new
"2020-01-06T00:00:00", "customer_id": 50910, “article_id": 68191, "price": 0.0338813559322033, "sales_channel_id": FN": null, *Active": null, "club_member_status CTIVE", "fashion_news,
"2020-07-09T00:00:00", "customer_id": 1063111, "article_id": 68191, "price": 0.0237118644067796, "sales_channel_i , "FN": 1.0, "Active": 1.0, "club_member_status": "ACTIVE", "fashion_new
[{"t_dat": "2019-09-30T00:00:00", "customer_id": 1063111, "article_id": 76458, "price": 0.0169322033898305, "sales_channel_id": 2, "product_code": 785018, "prod_name": "Shenzi LP", "product
“graphical_appearance_name": "Solid*, “colour_group_code": 93, “colour_group_name": "Dark Green", "perceived_colour_value_id": 2, "perceived_colour_value_name": "Medium Dusty", "perceive
"index_name": "Ladieswear", "index_group_no": 1, "index_group_name": "Ladieswear", "section_no": 16, "section_name": "Womens Everyday Basics", "garment_group_no": 1002, "garment_grouy
"2019-11-29T00:00:00", "customer_id": 418521, *article_id": 68191, "price": 0.0271016949152542, "sales_channel_id": 2, *FN": null, "Active": null, "club_member_status": "ACTIVE", "fashion_new:
"2019-10-06T00:00:00", "customer_id": 935373, "article_id": 68191, "price": 0.0338813559322033, "sales_channel_id": 2, "*FN": 1.0, "Active": 1.0, "club_member_status": "ACTIVE", "fashion_news
[{*t_dat*": "2020-07-14T00:00:00", "customer_id": 935373, "article_id": 99599, "price": 0.0249999999999999, "sales_channel_id": 2, "product_code": 885624, "prod_name": "salt ss*, “product_type
"graphical_appearance_name": "Solid", "colour_group_code" “colour. gmup name": "White", "perceived_colour_value_id": 3, "perceived_colour_value_name": "Light", "perceived_colour_mast
“"Divided®, "index_group_no": 2, "index_group_name": "Divided", "section_no": 53, "section_name": "Divided Collection”, "garment_group_no": 1005, "garment_group_name": "Jersey Fancy", "det:
{"t_d '2020-02-08T00:00:00", "customer_id": 935373, "article_id": 88302, "price": 0.0146779661016949, "sales_channel_id": 1, "product_code": 832361, "prod_name": "Mona roduc( type.

"Solid", "colour. group code": 12, "colour_group_name": "Light Beige", "perceived_colour_value_id": 1, "perceived_colour_value. name" "Dusty Light®, "perceived_colour_master_id": 11, ercewe
“"index_group_no": 1, "index_group_name": “Ladieswear", "section_no": 15, "section_name": "Womens Everyday Collection®, "garment_group_no": 1005, "garment_group_name": "Jersey Fancy",

91510, "price": 0.008457627118644, "sales_channel_id": 2, "product_code": 849747, "prod_name": "Fashion offer Reymond 2PCS set", "product_type_no": 270, "product_type_name": "Garment &
“colour_group_name": "Light Yellow®, “perceived_colour_value_id": 7, "perceived_colour_value_name": "Medium®, "perceived_colour_master_id": 8, "perceived_colour_master_name": "Yellow", "d¢
"index_group_name": *Baby/Children", "section_no": 41, "section_name": "Baby Boy", "garment_group_no": 1005, "garment_group_name": "Jersey Fancy", "detail_desc": "Set with a vest top and
"customer_id": 935373, "article_id": 40589, "price": 0.0338813559322033, "sales_channel_id": 2, "product_code": 665089, "prod_name": "Carla culotte", “product_type_no": 272, "product_type_n:
"colour_group_code": 9, "colour_group_name": *Black", "perceived_colour_value_id": 4, "perceived_colour_value_name": "Dark", "perceived_colour_master_id": 5, *perceived_colour_master_nam¢
"index_group_name": “Ladieswear", "section_no": 15, "section_name": "Womens Everyday Collection", "garment_group_no": 1005, "garment_group_name": "Jersey Fancy", "detail_desc": "Wide, |
935373, "article_id": i : 0.0254067796610169, “"sales_channel_id": 2, "product_code": 821148, "prod_name": "Corrine", "product_type_no": 258, "product_type_name": "Blouse' o¢
“perceived_colour_value_nam Light", "perceived_colour_master_id": 3, "perceived_colour_master_nam: Orange*, "dej
arment_group_no": 1010, "garment_group_name": "Blouses”, "detail_desc": "Fitted blouse in a crépe weave with elastication ¢
935373, "article_id": 8 “price": 0.0169322033898305, "sales_channel_id": 2, "product_code": 809874, "prod_name": "Simona", "product_type_no": 254, *product_type_name": “Top", "produc
“colour_group_nam perceived_colour_value_id": 3, "perceived_colour_value_name": "Light", "perceived_colour_master_id": 9, "perceived_colour_master_name": "White", "department
"section_no": 15, "section_name": "Womens Everyday Collection®, “garment_group_no": 1005, *garment_group_name": "Jersey Fanc detail_desc": "Shorter, fitted top in ribbed cotton jersey wi
"sales_channel_id": 2, "product_code": 662948, "prod_name": "Osman (1)", "product_type_no": 252, "product_type_name": "Sweater", "product_group_name": "Garment Upper body", "graphical

"perceived_colour_value_id": 2, "perceived_colour_value_name": *“Medium Dusty", "perceived_colour_master_id": 13, "perceived_colour_master_name": "Brown", "department_no": 1626, "departn
"section_name": "Womens Everyday Collection®, "garment_group_no": 1003, "garment_group_name": "Knitwear", "detail_desc": "Shorter polo-neck jumper in a rib knit containing some wool with ¢
“price": 0.0677796610169491, "sales_channel_id": 2, "product_code": 763660, "prod_name": "Premium Poofs down jkt (PQ)*, “product_type_no": 262, "product_type_name": "Jacket", "product_gi
“colour_group_name": "Greenish Khaki", "perceived_colour_value_id": 4, "perceived_colour_value_name": "Dark", "perceived_colour_master_id": 20, "perceived_colour_master_name": "Khaki gree
"index_group_name": "Baby/Children ection_no": 41, "section_name "garment_group_no": 1007, "garment_group_name": "Outdoor letail_desc": "Jacket in woven fabric with ¢
"customer_id": 935373, "article_id": 83620, "price": 0.0406610169491525, "sales_channel_id": 2, "product_code": 812683, "prod_name": "Notting Hill", *product_type_no": 265, "product_type_nan
"colour_group_code": 12, “colour_group_name": “Light Beige", "perceived_colour_value_id": 1, "perceived_colour_value_name": "Dusty Light*, *perceived_colour_master_id": 11, "perceived_colou
"index_group_name": *Ladieswear", "section_no": 15, "section_name": *Womens Everyday Collection", "garment_group_no": 1013, "garment_group_name": "Dresses Ladies", "detail_desc": "Long
“2019-10-06T00:00:00", "customer_id": 935373, *article_id": 67942, "price": 0.0338813559322033, “sales_channel_id": 2, "product_code": 752814, *prod_name": "Milk RW slack", “product_type_r
"graphical_appearance_name": "Check", "colour_group_code": 9, "colour_group_name": "Black", "perceived_colour_value_id": 4, "perceived_colour_value_name": *Dark", "perceived_colour_mast
“"index_group_no": 1, "index_group_name": "Ladieswear", "section_no": 15, "section_name": "Womens Everyday Collection®, "garment_group_no": 1009, "garment_group_name": “Trousers', “deta
{"t_dat": "2019-11-28T00:00:00", “customer_id": 140496, "article_id": 68191, "price": 0.0338813559322033, “sales_channel_i "FN": null, "Active": null, "club_member_status' “fash
"2019-12-02T00:00:00", "customer_id": 1062052, "article_id": 68191, "price": 0.0231525423728813, "sales_channel_id": 2, "FN": 1.0, "Active": 1.0, "club_member_status": "ACTIVE", “lashlon new
[{*timestamp®: *2020-06-08T00:00:00", "“article_id": 6! , "sales": 0.0}, ( llmestamp" ‘2020 05- 18T00 00:00", “amcle |d 68191, "sales": 0.0}, {"timestamp": *2019-12-16T00:00: 00 “article_id":
"sales": 0.0}, {"timestamp": "2020-03-30T00:00:0! article_id": 68191, "sales": 0.0}, {"timestamp": "2020-08-03T00:00:00"
68191, "sales": 0.0}, {"timestamp®: *2019-12-23T00:00:00", "article. |d': 68191, 00", “amcle id*: 68191, "sales": 0.0}, {*timestamp": *2020-08- 31TOC
"2020-03-16T00:00:00", "article_id": 68191, "sales": 0.0237118644067796}, {“timestamp*: “2020-07-27T00:00:00", "article_id": 68191, "sales": 0.0}, {"timestamp": “2020-07-06T00:00:00",
“article_id": 68191, "sales": 0.0}, {"timestamp 020-06-01T00:00:00", * “"sales": 0.0237118644067796}, {"timestamp": "2020-06-22T00:00:00", "article_id": 68191, "sales":
"2020-02-17T00:00:00", “article_id": 68191, "sales": 0.0}, {"timestamp": "2020-02- 03T00 00 00", "article_id": 68191, "sales": 0.0}, {"timestamp": "2020-02-10T00:00:00", "article_id": 68191, "sales
0.0338813559322033}, {"timestamp": "2019-11-25T00:00:00", "article_id": 68191, "sales": 0.17918644067796569}, {"timestamp": "2020-03-02T00:00:00", *article_id": 68191, "sales": 0.0}, {"timest
{"timestamp": "2020-08-10T00:00:00", “article_id": 68191, "sales": 0.0}, {"timestamp”: *2019-11-04T00:00:00", “article_id": 68191, "sales": 0.0338813559322033}, {"timestamp": “2020-08-17T00:0
“article_id": 68191, "sales": 0.0}, {“timestamp 019-10-28T00:00:00*, “article_id": 68191, "sales”: 0.0}, {“timestamp*®: "2019-10-21T700:00:00", “article_id": 68191, “sales": 0.0}, {"timestamp": "20:
“2019-09-30T00:00:00", "article_id": 68191, "sales": 0.0338813559322033}, {"timestamp": *2019-11-18T00:00:00", "article_id": 68191, "sales": 0.0322881355932203}, {"timestamp": "2019-09-09T
“article_id": 68191, "sales": 0.0}, {"timestamp": “2020-01-20T00:00:00", "article_id": 68191, “sales": 0.0}, {"timestamp®: “2020-04-27T00:00:00", “article_id": 68191, "sales": 0.0}, {"timestamp": "20:
"2019-12-09T00:00:00", "article_id": 68191, "sales": 0.0338813559322033}, {"timestamp”: "2019-10-07T00:00:00", "article_id": 68191, "sales": 0.0}, {"timestamp": "2020-01-06T00:00:00", "article.

Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu 20



Why not LLMs?

LLMs are not trained to understand and
effectively learn from theelational
nature of Databases

Database prediction NOTsequence
modeling

LLMs aréNOTtrained to predict the

future
Context sizas limited

CS224\W: Machine Learning with Graphs, http://cs224w.stanford.edu



How to leverage the data without going through
the longest duration task@xtraction,
transformation, loading)?

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



Modern ML

Today we want to design deep learning
models that operate on relational tables
But modern deep learning toolbox is designec

for different type of inputs

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

Text

Images
25
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Stanford CS224W:
Generalizing Deep Learning to
Databases




Deep Learning on Relational Tables

10/29/2025

e
l—.‘.llll—l

r_,' 1! |._T

Prediction

Ml

Relational Deep
Learning

ovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu
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What is RDL?

Endto-enddeep learning on relational
tables(i.e., databases)

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

Casts predictive tasks gsaph
representation learningproblems

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



Impact and Consequences

More accurate models
(no feature engineering)

More robust models
(modeH S NY SR TSI GdzNBA | dzi2 Y (]

Shorter time to models
(no mundane ETL work)

Simpler infrastructure
(no pipelines, no feature stores, etc.)

Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu 27



Related Work: Tabular ML

Great for building e
models onone table e e s il
But most data is not
a single table! s e

Deep learning is not dominant:

HypothesisBecause single table already contain:
features engineered from other table®§s of
Information)

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

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



Related Work: Stat. Rel. Learning

[Friedman et al., 1999]

Movie
Learnsadistribution "

: m }.{ Appears )
(graphical modelpver X[
the relational structure ™ ren =

Predictions via world e ooy

model + inductive logic programming
Only works with categorical variables

Does not scale to large data
RDL acalable, expressive inheritasf

Statistical Relational Learning

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



Stanford CS224W:
Relational Deep Learning




Insight: A Data is a graph!

Sales

) ID
Users Products

Product_ID

) Product_ID
Session_ID
User_ID

Price

Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu 31



A Database is a graph!

Users Products
D Product_ID
Product_ID

Session_ID
User_ID

Price

f—i
$20
ah e, @ $80
f—™
! 2 Ead, $15
’ f—
~ B s a =
™
@) $80
=y
. i $15
 —
Users Sales Products

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



Just do ML on a Graph!

ML in the language of
Users A x Products
graphs: o A
A Nodelevel: e
A Churn
A Lifetime value
A Next best action .
~ . A $20
A Linklevel: o g ﬁ
] 4 $80
A Product affinity {\
A Recommendations A 1
, b $20 &
A Graphlevel: ™ ~ .
) ) $80
A Fraud, money -—a .
laundering 1y it . .
PR $15
Users Sales Products

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



Graph ML Problem Solving Pipeline

Relational DBJ@Graph Problemi@Graph ML

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



Stanford CS224W:
Relational Database Graph




Databases

Real-world data are stored In databases

. Transaction Table
Transaction
\

(5)=s
s 8

g
\
\
I§>> ‘ °
‘o
. 100 51 345 $1000 171028100

1
8 8 38 8 8

8
8
8

& o o o©c
cc o o cCc
cc o o o©c

User Product
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Relational Databases

Databases are often relational

Transaction Table

Transaction 8 8 8 8 8
— 8 8 8 8 8
Q=p
ol 9 8 8 8 8 8
— 8 8 8 8 8
/ 100 51 345 $1000 171028100 \

(] 1 \

' \

|§>> H 8 8 8 8 8 \

. : User Table Product Table :

\ '

User Product \\ ':
\

\ /

p 51 Male 345 Bike  #

Relational databases as heterogeneous graphs

37



Mathematically...

Transaction Table

8 8 8 8 8
8 8 8 8 8
8 8 8 8 8
8 8 8 8 8
/ 100 51 345 $1000 171028100 \
] \
H 8 8 8 8 8 \
: User Table Product Table :
\ '
\ ]
\ ]
\ p
\ /
\ 51 Male 345 Bike «

A databaseés a set of table§ = {71,...,T»} and

Linksbetween tablesL C T x T

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



Schema Graph

Bought which

TR - :
ST Products 4= Transactions
ProductID

oedar_kd Integer
TransactionID l F
Description ProductID —1 F

Image Timestamp
SIZE Custom erl D :::::: d inte Qer item_id integer
.. Customers Price

CustomerID

Name

The schema graph represents the highiel structure of the
heterogeneous graph

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



Rel-trial Schema Graph

“ I
o
L& facility_id 22 1
w
sponsor id &5 id 2
e .

The schema graphs can be more complex

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



Relational Entity Graph

Sales

ID

Relational Entity Graph: D | Product 0

Session_ID

Products

Product_ID

Create connectionsvia
primary-foreign keys

&~ &
(00} N
o o

&+
=
ol

0
s
!

%

OO OBOE

$80
ow $80
-]
. « An $15
Users Sa|eS

Products
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Mathematically...

Given databasef tables7 = {71,...,1,} and
relationsL C T X T

Each table is a set of entities€ /; possessing a
primary key and optional foreign keys
Therelational entity graphis such that

the set of nodess defined by all rows in all

tables , _ U 08

TeT
Theset of edgess defined by connecting two

entities v1, v2 whose primary and foreign
keys match



Entities in Relational Entity Graph

Transaction Table

8 8 8 8 8
8 8 8 8 8
8 8 8 8 8
8 8 8 8 8
/’ 100 51 345 $1000 171028100 %\
ll 1 \
\
H 8 8 8 8 8 \
: User Table Product Table :
\ []
\ ]
\ [}
\ I
\ /
n 51 Male 345 Bike  #

Entities also have features (different than KGs
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Stanford CS224W:
Predictive Tasks in Relational
Databases




Overview of the Approach

. p= - ~ ) .-::-' Products zTransactinns
| How much will each ) I Training Table Product.ID | N
. Description Product_ID
. -d ;|
customer buy in the ., Gather Training Targets 90-day Target T — - _
next 90 days? - ®" from Historical Data Customer_ID 20dar T nes Timestamp
L / SeedTime S AES Size Customer_ID
. / \
- e — y e (D [ ] Price
ﬁm' AP, [ Customers
‘ Customer_ID
Name
(a) Define Tasks (b) Training Table Generation (¢) Link to Relational Tables

Next:
Define task(s)
Relational Deep Learning

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



Defining a Task

ExamplePredict whether a

user is going to churn in the

next 30 days”?

Most tasks areéemporal: g
[ dza O 2 Ixb8INaBges °
over time

Database changes over time

For every time, a feature
needs to be recomputed

To define a task, we need:
Entity
Label
Time

Sales

ID
Products

Product_ID

) Product_ID
Session_ID
User_ID

Price

Temporal tasks as especially challengin

because features are time dependent:

A For every time, a feature needs to
be recomputed

A ogyidridega tloSt O
time steps

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



Defining a Task: Training Table

Training TableA special table containing
training labels
(entity ID, time, labels)
Classification, Regression, Mdtass

time column is essential fdemporal prediction
tasks
An entity may have different labels at different times
Only use information up to the time of label

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



Defining a Task: Training Table

Training TableA special table containing

training labels

(entity ID, time, labels)
Classification, Regression, Mdtass

Training Table

99 10172024 1
k) 10182024 1
8 8 8
100 10172024 1
100 10182024 0
8 8 8

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



Example: Churn

Schema: o

Example prediction task:

Predict whether a user Is going to churn
Zero sales in the next 30 days.

Training table:
(user, time, churn label)

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



Relational Deep Learning

\

..::.' Products ZTransactions
Product_ID Transaction_ID
Description .—I_. Product_ID
Customer LTV Image Timestamp
90-day LTV Size Customer_ID
;J::;_Tl:ne & Customers frice

Customer_ID

Name

(a) Rel. Tables with Training Table

¥

-
mlm,

'

=l

-
0.’

(c) Relational Entity Graph

HHN

Transactions Products

Sl S Bl

=

Customer Customer LTV

Oy — )

(b) Entities Linked by Foreign Keys

(d) Graph Neural Network

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



Relational Entity Graph

Sales

ID

Relational Entity Graph: D | Product 0

Session_ID

Products

Product_ID

Create connectionsvia
primary-foreign keys

&~ &
(00} N
o o

&+
=
ol

0
s
!

%

OO OBOE

$80
ow $80
-]
. « An $15
Users Sa|eS

Products
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Connect the Training Table

Training labelsogether withtimestampsare
attachedto the graph

Oc{ "y 4Lhun ~.__ | = o0
Lwp g Xatfve «----- - 8 -
ad B $80
Oc{ "y 4Lhunn <+--___
SIooos n &) 15
Lwpg" yActive <« -~~~ 77 3 m
~ - =
'\J‘_"_l
Lwpg" yMctive <+------ T3 $80
- =
Crtkn'AGWe <--_____ ve $80 “
Oc{"XLhun +“~""""-2--77 ahemm $15
Lwpg" yActive <
Users Sales Products
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Stanford CS224W:
Relational GNN




Relational Deep Learning

\

..::.' Products ZTransactions
Product_ID Transaction_ID
Description .—I_. Product_ID
Customer LTV Image Timestamp
90-day LTV Size Customer_ID
;J::;_Tl:ne & Customers frice

Customer_ID

Name

(a) Rel. Tables with Training Table

¥

-
mlm,

'

=l

-
0.’

(c) Relational Entity Graph

HHN

Transactions Products

Sl S Bl

=

Customer Customer LTV

Oy — )

(b) Entities Linked by Foreign Keys

(d) Graph Neural Network

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



GNN on the Entity Graph

b2RSQa
Nodeslearnhow to optimally useinformation from neighborso
obtain enhanced node representations

EEE s
DI§ $20
(EWED sso
EEE s
D:Iﬁ $15

Sales

Entity Graph

V' SA 3 KO 2oMpugatbiRgraRis T A

O Frm
ﬁ oc ( -NETh- -4
(e
[
o —
L wp g " Acives + - S8 i
Products [ "

GNN computation graphs

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

("‘"—‘\ t=1 t=3 t=5
Bought which
-:-' Products :Tra nnnnnn 0 & a
FFFFFFFF & Transaction|D
Description ag;é" ppppppp _
mmmmmmmmmmmm _ - : - v3) (1
Size CustnmerlpD 5 q - q q - q q q
a Customers Price
uuuuuuuuuu
v v T
: ° ® & OO0 OB
(a) Schema Graph (b) Relational Entity Graph (c) Computation Graphs for different time ¢

The computation graph for each noddimme-
dependent
Message+Aggregatidrecomegime-dependent
Sampling over neighborstisme-dependent
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GNN vs Feature Engineering

GNN-based features: Hand-engineered features:

ﬁ SUM(TRANSACTIONS.Price) AVG(TRANSACTIONS.Price)

(. | . | = VS. [ over (-30,0) days over (-30,0) days }

=

e
B ILL

£

GNN aggregation Isarnable version of handarafted featured
GNNs give better performance by learning optimal features.

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



SQL joins vs Graph edges

Definitions:
SELECT =*
N/ : e . Vo B FROM employee INNER JOIN department ON 1=1;
A Atable Y is aset of entities Y {iBh} ’
A Each entity is a tuple i i h Bh
Employee.L ployee.Dep tiD | Department.DepartmentName | Department.DepartmentiD
. o\ A - - . - Rafferty 31 Sales 31
A Given two tables, Y'Y a join operation is a e - e =
. Heisenberg 33 Sales 31
subset of a Cartesian product: s 2
Robinson 34 Sales 3
Williams Sales 31
Rafferty 31 Engineering 33
. . . . Jones 33 Engineering 33
A Aggregation will specify which rows are kept r—— % B =
Smith 34 Engineering 33
Robinson 34 Engineering 33
Williams Engineering 33
EX l CI’OSS Rafferty 31 Clerical 34
_. ’ E I tabl D i t tabl Jones 33 Clerical 34
JOIﬂ mployee table epartment table Heisenberg 33 Clerical 34
LastMame DepartmentID DepartmentID DepanmentName Smith 34 Clerical 34
Rafferty 31 31 Sales Robinson 34 Clerical 34
: - Williams NULL Clerical 34
Jones 33 33 Engineering Raferty - Marketing =
Heisenberg 33 34 Clerical Jones 33 Marketing 35
Heisenberg 33 Marketing 35
Robinson 34 35 Marketing -
Smith 34 Marketing 35
Smith 34 Robinson 34 Marketing a5
Williams m Williams NULL Marketing 35

10/29/2025 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu 58



SQL joins vs Graph edges

Connection between SQL Joins and graph edges

Ex 2 Inner SELECT employee.lLastName, employee.DepartmentID, department.DepartmentName
S FROM employee
Join INNER JOIN department ON
Ya 'Yh 1° ls NYT INTY & Oih employee.DepartmentID = department.DepartmentID;
& m H )(i 8] 00 6 800 v Employee.LastName | Employee.DepartmentlD | Department.DepartmentName
Robinson 34 Clerical
Jones 33 Engineering
Employee table Department table
LastName | DepartmentiD | | DepartmentlD DepartmentName Smith 34 Clerical
Rafferty 31 31 Sales Heisenberg 33 Engineering
Jones 33 33 Engineering Rafferty 31 Sales
Heisenberg 33 34 Glerical
Robinson 34 35 Marketing
Smith 34 “
Williams [ NULL | Y

A pFE 1A Q¢ 8Q0Q W
v O¢-----""""""7 m OEAOx EOA
These are exactly

the pkey-fkey edges!

10/29/2025 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu 59



GNNs perform a JOIN+AGG

I n DUt USER ID VALUE DATE
1 20 01-01
USER_ID
1 80 01-02
1
2 15 01-01
2
3 20 01-02
3
3 80 01-03
GNN can learn:
USER ID | SUM(VALUE)
SELECT SUM(VALUE)
FROMSALES 1 80
WHEREDATE >01 -01 2

GROUP BY USER_ID

3

100

0
- n« >y
™
P

P tltw) - xuw

weN (v)

Learnable Aggregation @
Temporal embedding t(tw)

Fact representation Xy

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



Benefits of GNNs

GNNdearnhow to aggregate

Information:
They cardiscardneighboring
node information that is
irrelevantfor the given e s =
downstream task 2 —
They cardetect finegrained e =
patternswithin local 0

neighborhoodge.g., buying
behavior over the last year)

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

Views

ID
Product_ID

Session_ID
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Benefits of GNNs

GNNs camexchange information
acrosgraining examples:

Instead of treating examples

How is the buying behavior of users that have

as isolated, there now exists an bought similar products?
Inter-dependencybetweenentities
(e.g, users with similar features, e
users with similar behavior) towrs) & = e products
ID Basaioniin Product_ID
GNN carusethese features to S
enrichanSyY G A 08 Q3 NBL s r
ID Product_ID
User_ID Session_ID

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

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



Benefits of GNNs

Training labels

Which user has bought which product?

Sales
\ i > D Products
Product_ID
Multi-hop reasoning across table 2 Sassiciib Product ID
boundaries can catch information User.ID
which ishard to pre-compute _— price Views
beforehand D
Product_ID
Session_ID

_—

How active was the user in the past?

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



Benefits of GNNs

Firstclasssemporal support

Capturefine-grained relative and seasonal features via
temporal embeddings

Avoid data leakage via temporal sampling directly during
data loading

Not available o T Available for
forsampling  ~ 77 O T sampling
3 T+1 T-1

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



Full Vision Described in Paper

Relational Deep Learning: Graph Representation
Learning on Relational Tables

Matthias Fey>", Weihua Hu>", Kexin Huang!*, Jan Eric Lenssen>>", Rishabh Ranjan'",
Joshua Robinson'*, Rex Ying*, Jiaxuan You’, Jure Leskovec!

“Equal contribution. Listed in alphabetic order.

IStanford University
2Kumo.Al
SMax Planck Institute for Informatics
“Yale University
SUniversity of Illinois at Urbana-Champaign

Avallable at:https://relbench.stanford.edu
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https://relbench.stanford.edu/

2 RELBENCH

J RELATIONAL DEEP LEARNING BENCHMARK

Stanford CS224W:
RELBENCH




Enabling Research on RDL

Relbenchs more than just a collection of Databases

Relational
Databases

[

e N
RelBench

( RelBench h

Data, Task,
Graph Loaders

................

Your :
' Relational DL
Model

L
—

(] ]
] 7 N\ :
' i PyG KI; :
Frame

—_—

Automaticallydownload datasets
Load database and task tables
Standardizeckvaluation protocol:

Prevents temporal leakage from test set

( RelBench h

Evaluator

A

( RelBench h

Leaderboard

»

Frameworkagnostic data structures: use your favorite

ML stack!

10/29/2025

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

Load as #yGgraph
Train GNN entb-end

Temporal neighbor sampling
UsePyTorchFrame to encode tables

& PyG

lfh Py Torch Frame

2222222222



RelBench Datasets

7 Diverse Datasets

E-Commerce Social
v ~ « rel-amazon e rel-event
L\ |
So  ° rel-avito « rel-stack

e rel-hm

Sports Medical

\@ « rel-f1 A\  rel-trial
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RelBench Datasets

Rich Schemas

—
rel-amazon
3 to 15 tables e T ke =
74k to 41M rows in a DB T = Eo—
15 t0 140 columns in a DB |
Time span from 2 weeks to 55 years rel-ria

10/29/2025 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu 70



RelBench Tasks

30 Real-World Predictive Tasks

Entity Classification Entity Regression Recommendation
 rel-amazon  rel-amazon « rel-amazon
- user-churn - user-ltv - user-item-purchase
- item-churn - item-ltv - rel-avito
- rel-stack « rel-avito - user-ad-visit
- user-badge - ad-ctr - rel-stack
* rel-trial . rel-f1 - user-post-comment
- study-outcome - driver-position - post-post-related

10/29/2025 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu 71



See website to get started
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