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: hitp://cs224w.Stanford.edu

Stanford CS224W:

Advanced architectures in
Relational Deep Learning



http://cs224w.stanford.edu/

Announcements

Colab 3 is due today
Homework 3 is due next Thursday 11/13

Recitation session recording on Ed
Project Milestone deadline has been pushed
back: now due Tuesday 11/11
Colab 4 will be released today
Homework 2 grades will be released today!
Regrade requests open until 11/13
Practice exam will be released today (on Ed)
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Stanford CS224W:
Relational Deep Learning




Data stored in Relational Databases
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Predictions on Relational Data

Which products will a user
purchase in the next 7

days?
Will an active user churn users A w—
. D N TJCU Product_ID
in the next 90 days? seiin

Price

What will be the total
sales for each product in
the next 30 days?
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Insight: A Data is a graph!
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A Database is a graph!
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Just do ML on a Graph!

ML in the language of
ol = o Products
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Graph ML Problem Solving Pipeline

Relational DBJ@Graph Problemi@Graph ML
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Defining a Task: Training Table

Training Table: A special table containing

training labels
(entity ID, time, labels)

Classification, Regression, Multi-class

Training Table

99 10172024 1
99 10182024 1
100 10172024 1
100 10182024 0
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Relational Deep Learning
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Relational Entity Graph

Relational Entity Graph: o l’if;:’::—:z e
Create connections via .
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Connect the Training Table

Training labels together with timestamps are
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GNN on the Entity Graph

Node’s neighborhood defines a computation graph

Nodes learn how to optimally use information from neighbors to
obtain enhanced node representations
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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.
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Why not LLMs?

LLMSs 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



RDL gains over LLM

Entity classification results (ROC-AUC(%), higher is better) on RELBENCH test set. Best values are in bold.

Dataset Task ICL Llama 3.2 3B RELGNN(ours) Relative Gain
rel-amagon  US€r-churn 62.55 70.99 13%
item-churn 73.41 82.64 13%
rel-avito user-visits 53.36 66.18 24%
user—-clicks 54.07 68.23 26%
rel-event user-repeat 70.11 79.61 14%
user-ignore 68.65 86.18 26%
rel-f1 driver-dnf 80.03 75.29 —6%
driver-top3 87.11 85.69 —2%
rel-hm user—-churn 63.81 70.93 11%
rel-stack user-engagement 81.23 90.75 12%
user-badge 79.99 88.98 11%
rel-trial study-outcome 59.17 71.24 20%

Stay tuned for more discussion on LLMs later!
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The need for specialized models

Relational Databases: multi-modal, multi-scale
iInformation



The need for specialized models

Relational Databases: multi-modal, multi-scale
iInformation

Entity level: Text, image, numerical, categorical,

timestamp
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The need for specialized models

Relational Databases: multi-modal, multi-scale
iInformation

Entity level: Text, image, numerical, categorical,

Bought which
ran

timestamp

.. Customers Price

CustomerlD

Name

Database level: Relational structure, Temporal Structure



Relational DBs structure

Tripartite patterns Cycle patterns
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Structure changes over time!
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Relational DBs structure

Bought which

2L products ZTransactions

apha
ProductID TransactionID
Description ProductID
Image Timestamp
Size CustomerlD
& Customers Etice
CustomerID
Name

¢

. purchase ...! L
nphp
customer product

standard heterogeneous graph
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Relational DBs structure

Bought which

2L products ZTransactions

apha
ProductID TransactionID
Description ProductID
Image Timestamp
Size CustomerlD
& Customers Etice
CustomerID
Name

O purchase 'j-i* O —
- 1Y O .

customer product customer transaction

standard heterogeneous graph relational entity graph

e
AL
T1T

product
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Observation

Edges in relational entity graphs are defined by primary—foreign key

links that merely record table connectivity without semantics.

-l
O purchase T O — i‘i
-l 1Y -l Y1
L] B aphp
customer product customer transaction product

standard heterogeneous graph relational entity graph



Observation

Edges in relational entity graphs are defined by primary—foreign key

links that merely record table connectivity without semantics.
Junction tables are introduced, decomposing each many-to-many

association into a pair of one-to-many links.

=
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2 RELBENCH

J RELATIONAL DEEP LEARNING BENCHMARK
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RelBench Datasets

7 Diverse Datasets
E-Commerce Social
v ~ « rel-amazon « rel-event
‘o_o” « rel-avito « rel-stack

e rel-hm

Sports Medical

\@ « rel-f1 A\  rel-trial

11/6/2025 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu 31



Junction Tables in Schema Graph

rel-amazon

customer review = product

customer transactions article



Junction Tables in Schema Graph

rel-amazon rel-F1

ttttt er review product



Junction Tables in Schema Graph

rel-amazon

bridge structure

O standings
O O

drivers

product

O O

constructors drivers



Limitation

(1) Imbalance: junction node are 1-hop neighbors and more

informative node become 2-hop.

(2) Redundancy: information from the source node is passed to the
junction node in the first hop and routed back to itself in the second,

aggregated with the junction and 2-hop node information.

1°** hop neighbor 2" hop neighbor 1* hop
(P AL O — =) i
I o= i
o = — s B v 1T
customer transaction product customer transaction product

Imbalance Redundancy



RelGNN: Atomic Routes

Informal: An atomic route is a simple path between pink node-types.

Atomic routes can be derived automatically without manual intervention or

domain-expert knowledge.

constructor_standings constructor_results standings

O O @ O

circuits races
O constructors O races drivers O

O @0

/S S

races standings drivers

Yy i Yy
- O) O U ) @),
O &/ _

races results drivers
results circuits qualifying

: it o ; " : Example of Atomic Routes
Primary-foreign Key Relation of rel-fl Dataset P

Tianlang Chen, Charilaos Kanatsoulis, and Jure Leskovec. "RelGNN: Composite Message Passing for Relational Deep Learning", In Forty-second International Conference on Machine

Learning (1cML), 2025



RelGNN: Composite Message Passing

Composite Message Passing: aggregates messages along atomic

routes in a single stepo.
m!' T = AGGR h{l_{,}'h.{{F['%]: “} LhOm

(dst,mid,src)

Instantiation example:

h®_ ) =wW,h'" + W,yh{)_.

"I'Ild src mid

FU ‘-}]:{l

E : ({)
-‘L(_-,(_-,]_{ rJSt {{lltdse}}] = plujl]_i;}_ + f]ds'...fli.‘;-:'.-“fb'llfuse
fusecN(dst)

. 1 "“'—'F': 1* hop .-i . single hop = FUSE .‘"i
i i
o . - T @ 4 1T

2 hop
customer transaction product customer transaction product

Standard Message Passing Composite Message Passing

Tianlang Chen, Charilaos Kanatsoulis, and Jure Leskovec. "RelGNN: Composite Message Passing for Relational Deep Learning", In Forty-second International Conference on Machine

Learning (1cML), 2025



RelGNN results 2

* ki

@tn.d-.i.n
rel-F1 rel-trial rel-amazon
Predict if the driver will qualify in the Predict the success rate of Predict the list of distinct items each
top-3 for a race in the next 1 month. a trial site in the next 1 year. customer will purchase and give a
detailed review in the next 3
100 months.
13% improvement L
258% improvemaent 11% improvement
]
o S
=] =
Hotero-GNM RelGNN ’ Hetero-GNN RelGNN i Hetero-GNN RelGHNMN

RelGNN achieves SOTA performance on the vast majority of

tasks from RelBench, with improvements of up to 25%.

Tianlang Chen, Charilaos Kanatsoulis, and Jure Leskovec. "RelGNN: Composite Message Passing for Relational Deep Learning", In Forty-second International Conference on Machine

Learning (1cML), 2025
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J.You, R.Ying, J. Leskovec. , NeurlPS 2020

Components of a Transformer

Key components of Transformer
(1) tokenizing
(2) positional encoding
(3) self-attention

Key question: What should these bﬂorigraph input?

( h

Transformer
(3) self-attention

J .
— =) ) ) e Y & encoding
+ + + + + + + +
) ) Gz X (1) Tokens
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J.You, R.Ying, J. Leskovec. , NeurlPS 2020

Components of a Transformer

Key components of Transformer

(1) tokenizing How to chose these
(2) positional encoding
(3) self-attention fOI’ graph data?

Key question: What should these bﬂorigraph input?

( h

Transformer
(3) self-attention

. J .
— - JJJ I I encoding
+ + + + + + + +
) ) Gz 0O . (1) Tokens

11/6/2025 Joshua Robinson, Stanford CS224W: Machine Learning with Graphs 41
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J.You, R.Ying, J. Leskovec. , NeurlPS 2020

Processing Graphs with Transformers

A graph Transformer must take the

foIIowing inputs: Key components of Transformer
1) tokenizi

(1) Node features? (1) tokenizing
(2) Adjacency information?

(3) Edge features?

(2) positional encoding
(3) self-attention

5

11/6/2025 Joshua Robinson, Stanford CS224W: Machine Learning with Graphs 42
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Processing Graphs with Transformers

A graph Transformer must take the
following inputs: Key components of Transformer

(1) Node features? (1) tokenizing
(2) Adjacency information?
(3) Edge features?

(2) positional encoding
(3) self-attention

=
There are many ways to do this
Different approaches correspond to different i
“matchings” between graph inputs (1), (2),
(3) transformer components (1), (2), (3)

11/6/2025 Joshua Robinson, Stanford CS224W: Machine Learning with Graphs 43
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J.You, R.Ying, J. Leskovec. , NeurlPS 2020

Processing Graphs with Transformers

A graph Transformer must take the
following inputs: Key components of Transformer

— ® (1) tokenizi
(1) Node features?+ (1) tokenizing

(2) positional encoding
® ® . p /
(2) Adjacency information: _, = (3) self-attention

(3) Edge features? «

=
There are many ways to do this
Different approaches correspond to different i
“matchings” between graph inputs (1), (2),
(3) transformer components (1), (2), (3)

11/6/2025 Joshua Robinson, Stanford CS224W: Machine Learning with Graphs 44
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PEARL + Transformer

How to use PEARL: in practice?
Step 1: Sample node ids from a probability distribution.
Step 2: Process each set of node samples independently via a GNN.
Step 3: Summarize the outputs via empirical expectation.
Step 4: concatenate PEARL embeddings with node features X.
Step 5: pass through main GNN/Transformer as usual.
Step 6: Backpropagate gradients to train PEARL + Prediction model jointly.

Remove node attributes

11/6/2025

$ =
____________________________________________ Graph
> Y
Transformer
(1) P
q
GNN e[ ] P —
]
Graph Representation Learning Framework
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Observation

Output

Probabilities

(Text) Transformers

- An input token is represented with 2 elements

1

( R

o Token id, position ==

Forward

| Add & Norm IT:

Multi-Head
Attention

7 N>

feature structure ;

Add & Norm

Feed
Forward

\
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N X A 2 NArer L
( [-——-..--—]"“‘d & Norm Masked

Multi-Head Multi-Head
Attention Attention
[} J A=
(o S B\ e
Positional Yositional
3 ..,‘. @‘Q‘) ¢ F_n,sz.( a
Encoding f Encoding
Input OQutput
Embedding Embedding
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Observation

[

Graph Transformers T
Add&MNom

: . : - 4

- An input token is represented with 2 elements FEN]
o Node feature, graph positional encoding e

Y " o

feature structure

< [ Sum, |

heads

Positional I
Encoding [ ]
nput Q“ HJ' i 1_.-]_- i
Emibedding
I L A F i +
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Graph Transformer Layer



Observation

J]If 1

Graph Transformers dj
- An input token is represented with 2 elements o

e ] A MiETY

o Node f{eature, graph positional encoding

feature structure

= M '."ZﬂunJ
. heads
- Most GTs are designed M—l__I

for homogeneous, static
graphs

- However, for additional Postonsl 3 | |
RDL complexity such as £S caal I L
heterogeneity and I L i
temporality, this design

needs to be improved B (")

Graph Transformer Layer

Inputs o T e =)
I\+_‘_-(—|\_'!.z| L .'l_"z



J.You, R.Ying, J. Leskovec. , NeurlPS 2020

Processing Graphs with Transformers

A graph Transformer must take the

followi ng inputs: Key components of Transformer
— = (1) tokenizing

(1) Node features?< (2) positional di
) ) ] / posItional encoding
(2) Adjacency information? (3) self-attention
—2-Edgefeatures?

(3) Node types H
(4) Timestamp H

11/6/2025 Joshua Robinson, Stanford CS224W: Machine Learning with Graphs 49
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Relational Graph Transformer

e, N
= c‘cd Node \ ( \
/ .\._.'._ R Local Tokens Global Centroids
. AL - ~ -
= aTe, & 5-& & Sa&as D ¥
Z 18 ) SR S VR ! Downstream
- e & S S 3% X e “ Layers
:)-:':-. Sy Nkt o -
~ R
= Local Context & === Attention |
Relational Entity Graph Tokens Transformer Network Prediction

In Relational Graph Transformer

- We use multiple elements to represent the graph structure

o Node feature, <multiple information elements>

structure



Limitations of existing PEs for RDL

Designhed for homogeneous graphs
No temporal dynamics
Computational overhead

Graph changes over time

11/6/2025 Joshua Robinson, Stanford CS224W: Machine Learning with Graphs 51



Unique properties of Relational Graphs

The relational entity graphis:
Large-scale
Heterogeneous
Temporal

Add a categorical encoding to capture the
heterogeneity

Add a time encoding to capture the temporal
structure

11/6/2025 Joshua Robinson, Stanford CS224W: Machine Learning with Graphs



How to encode structure

Challenge: The relational entity graph is

Large-scale

Solution: We need to sample a subgraph
around the seed node

11/6/2025 Joshua Robinson, Stanford CS224W: Machine Learning with Graphs



Relational Graph Transformer

— /—
./. _‘.\. i Seed Node —‘\
a S ‘\.“" a = h_:_:_l |':‘:'|
; = N a ‘:I ":., .‘r:‘-
‘_—.> \ Local Context /
Relational Entity Graph Tokens

Relational Entity Graphs

- Training (seed) nodes which correspond to node-types
with respect to which tasks are defined.

- We are going to sample a context (subgraph) around
each seed node.



Tokenization

.
|

i

@
o
®
Relational Entity Graph

Token Preparation (Sampling Stage)

- For each training node (e), a fixed set of K tokens (®® ) from
local neighborhood (e.g., up to 2 hops) is selected through a

temporal-aware sampling.

- We encode structure with a GNN positional encoding for each

Relational Graph Transformer

B x K tokens for B training nodes

node in the context + hop distance from seed node.



Tokenization

.
|

i

@
o
®
Relational Entity Graph

Token Preparation (Sampling Stage)

- For each training node (e), a fixed set of K tokens (®® ) from
local neighborhood (e.g., up to 2 hops) is selected through a

temporal-aware sampling.

- Each node in K set is represented by a 5-tuple:
(node feature, node type, hop distance, time, GNN PE)

Relational Graph Transformer

B x K tokens for B training nodes



Relational Graph Transformer

scednodes ® —— @
o ®

local tokens



Relational Graph Transformer

node node type hop time subgraph
feature distafce

o
seed nodes — ©® local tokens
®

Token Feature Encoders

- Each node in K set is represented by a 5-tuple:
(node feature, node type, hop distance, time, GNN PE)



Relational Graph Transformer

tokens fed to

i Transformer
e o R
element
clement | T D 2D 3 2
enCOderS K::;i.e,rp node type :ifgfm time subgraphj
P o060 -000
scednodes ® —— @ local tokens
® @

Token Feature Encoders

- Each node in K set is represented by a 5-tuple:
(node feature, node type, hop distance, time, GNN PE)

- Each of these elements is passed to a feature encoder and the
combination becomes the token features for Transformer Network



Relational Graph Transformer

tokens fed to

® 6 o ® 0 0O —
i Transformer
e o R
element
clement | T D 2D 3 2 p
enCOde ) node node type hop time subgraph'F —>
Kfpafurp distance l
T
® o000 -000 ¢ l o
scednodes ® —— @ local tokens
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Token Feature Encoders

- Each node in K set is represented by a 5-tuple:
(node feature, node type, hop distance, time, GNN PE)

- Each of these elements is passed to a feature encoder and the
combination becomes the token features for Transformer Network



Ablation studies

Takeaway:
- Contribution of the multi-element tokenization strategy to

capture arbitrary structure in relational data

Table 2: Relative drop (%) in performance in RELGT after removing a model component. Negative
scores suggest the component is critical in RELGT, and vice-versa. Full results in Table 7.

NoGlobal No GNN NoNode NoHop No Relative
Module PE Type  Distance Time

Dataset Task

rel-avito ad-ctr -6.00 -1.14 -7.14 -3.43 -0.14
rel-avito user-clicks 7.79 -15.19 4.96 0.72 8.32
rel-avito user-visits -0.32 -2.35 -0.08 0.42 -0.72
rel-event  user-ignore -1.28 0.15 -0.09 0.69 ~0.06
rel-trial  study-outcome -2.08 -1.66 3.80 -0.37 2.54
rel-trial site-success -19.08 -9.23 -294 -21.56 -0.77
rel-amazon user-churn —(.64 -(0.78 0.16 0.06 -2.20
rel-hm item-sales -9.33 -17.35 ~12.69 0.93 ~T77.24

Average -3.87 -5.95 -1.75 -2.19 -9.91




Results

Takeaway:

- Relational Graph Transformers improve over GNNs

Table 1: Test set results on the entity regression and classification tasks in RelBench. Best values are
in bold. RDL: HeteroGNN baseline [40], HGT: Heterogeneous GT [20], PE: Laplacian Positional
Encodings [9]. Relative gains are expressed as percentage improvement over RDL baseline.

(a) MAE for entity regression. Lower is better (b) AUC for entity classification. Higher is better.
: G o
Dataset Task RoL  HGT oF ReGh % Re.
I Tusk RDI HGT HGT RelGT % Rel
insed ay . - +PE  (ours) Gain rel-f1 driver-dnf 07262 07142 07109 07587 448
- rel-f1 driver-position 4022 41598 42358 39170 261 driver-top3 0.7554  0.6389 08340 0.8352 1056
. user-clicks 0.6500 06584 06387 0.6830 364
rel-avite ad-ctr 0L 00441 0054 08045 S rel-avito | cer-visits 06620 06426 06507 06678 088
- - 4 v
_ rel-event user-attendance 0.258 02635 02562 0.2502 279 . ——— 07689 06717 06590 07609  -1.04
rel-trial Study-adverse 44473 433253 424622 439023 108 Tel-avent er-ignore 08162 DEI4E 08161 08157 006
. ite-succes: 0400 04374 04431 03263 1843
ettt & rel-trial  study-outcome 06860 05679 05691 0.6861 001
. user=1ty 14313 153804 159296 142665  0.32
FOL-AmAZOR  tem-ltw 50053 561384 556211 489222 236 rel-amazon “Or-churn 0.7042 06608 0.6589 0703%  -0.04
item-churn 0.8281 07824 07340 (.8255 -0.31
ral-stack poBt-votes 0065 00679 00630 0.0654 -0.62 TR R T T
- " uSer-engagement 1 s Sl . [
rel-hm item-sales 0056 0G5S 00641 00536 4,29 rel-stack user -bﬂ.d.gl]‘ 08986 0.8652 0.8518 0.8612 -3.04

rel-hm user-churn 06988 06773 06491 06927 -0.87




Stanford CS224W:
Relational Foundation Model




Limitations of previous models

They are schema- and task- specific

May 23
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May 23
June 23

June 23
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May 23
June 23
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D $80
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«---"" T2 aA e $15
-
Users Sales Products

The do not transfer knowledge from one
database to another or one task to another
Do not generalize to new databases or tasks

11/6/2025
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Can we do better?

Goal: Bring the success of foundation models
(LLMs, ViT) to relational data.

Vision Transformer (ViT)

LLM

LARGE LANGUAGE MODEL Transformer Encoder

o]
e
g =
-2
e
R =
8-
)

ol )

2 (@)
(L)
(=)
3.

11/6/2025 Jure Leskovec, Stanford CS224W: Machine Learning with Graphs, http://cs224w.stanford.edu 70



Relational Foundation Mode

What will user buy next? Will user churn soon? Is transaction fraudulent?
™ Y
Will clinic have high appointment demand? Is patient at risk of hospital readmission?
: %\'\“:\—\"\ W Predictions
Py
Relational Foundation Model
g ) Explanations
- Evaluation

P ¢ e P

- ~
() i o2 — {
i |\Q>I

4 e patient.id
visit.id

3 i o—e sender_ id
user.ia ®—e user.id customer_id patient i

item. id receiver.id
doctor.id
¥ patient.id
user.id : . customer.id visit_id -
item.id o—e itemid branch.id e—e branch.id doctor id e—e doctor.id

(a) E-Commerce

(b) Finance

(c) Health-Care

Figure 1: Key capabilities of Relational Foundation Models. RFMs can be applied to new/unseen
databases and schemas with highly varying structural characteristics, as found in (a) e-commerce, (b)
finance, or (¢) health care. Secondly, they can be applied to any predictive task type, ranging from
one-off assessments (e.g. entity-level fraud prediction) to temporal predictive queries (e.g. temporal
recommendation prediction). Thirdly, they generalize to new predictive tasks and give accurate
predictions without any task-specific model tuning. Finally, not only do RFMs support prediction
outputs, but they also offer insights into the reasoning processes via explanations, and build trust
through extensive quantitative evaluation mechanisms.



RelGT as the backbone for RFM

Relational % {(; r'”} G=<tel ¢ Relational Graph
Database =R : TS ,"'_‘.’; : I <5 ! ¢ Transformer :
P - & .

PREDICT COUNT(orders.*,0,7) _ % £

{(ll ,: Sampl
%
b
i

FOR users.user.id = 0

Introducing KumoRFM: A Foundation ¥ 5 o
Model for In-Context Learning on : ] é

PQL Parser » PQL Validator ==
Relational Data

In-Context
Learning

Forward-looking

Graph Sampler

Relational Graph Transformer is the backbone for
first Relational Foundation Model

with zero-shot capabilities powered by ICL



Relational Foundation Model

Data Scientist 2 RDL

B KumoRFM

user-engagement

] 1
user-badge ST
| ] |
user-churn (amazon) .— ————
1
item-churn | 1 —
[ ] [ |
driver-dnf e _———
| ] |
driver-topd s |
] 1
user-churn (hm) ._ I—

study-outcome

107 10% 10

=
[=]

10 10! 10% 103 10 1

(a) Hours Human Labor (in seconds, log-scaled) (b) Lines of Code (log-scaled)

Figure 4: Time to first prediction in (a) hours of human labor and (b) lines of code (LoC),
illustrated on node-level classification tasks. KumoRFM is orders of magnitude faster (= 1 second
vs. &~ 30 minutes vs. ~ 12.3 hours) and requires zero-code to get to accurate predictions (1 LoC vs.
~ 56 LoC vs. =~ 878 LoC) compared to Data Scientist and RDL baselines, respectively.
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