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Why learn over relational data?
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▪ Relational data is the backbone of decision making in any 
organization/scientific field (healthcare, finance, tech etc).

▪ Lineage of transformations begins with relational data for 
recommendations, search, ads and many more use cases.

▪ Text based FMs fail on prediction tasks native to relational data.
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The need for Relational 
Foundation Models (RFMs)



The promise of RFMs

▪ Learn over diverse relational data.
▪ Able to consume data in a schema agnostic fashion.
▪ Learn over medical, financial and e-commerce DBs at once 

▪ Avoid manual feature engineering.

▪ Handle predictive tasks on unseen data. 
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The promise of RFMs

▪ Learn over diverse relational data.

▪ Avoid manual feature engineering.
▪ Be capable of feature selection and transformations.
▪ Typically requires >100 engineers per company.

▪ Handle predictive tasks on unseen data.
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The promise of RFMs

▪ Learn over diverse relational data.

▪ Avoid manual feature engineering.

▪ Handle predictive tasks on unseen data.

▪ Learn new tasks in-context for wider adoption.

▪ Essentially replacing the entire data science stack!
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The Irony of Data
▪ Relational data is abundant, yet in-accessible

▪ Large scale databases are private to organizations.
▪ Signals in open-source databases can be sparse.
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How to train RFMs when 
“diverse” data is scarce?



Synthetic Relational Data

▪ Leverage diverse synthetic data to train RFMs
▪ TabPFNx: Success stories at a Tabular level
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Challenges in Relational Settings

▪ Challenges of generating multi-tabular data from scratch.

1. How to connect multiple tables (i.e, schema generation) ?

2. How to connect rows of tables via primary-foreign keys ?

3. How to conditionally generate rows based on features 
from foreign tables?
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Introducing PluRel!



1. Schema Generation
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▪ Schema determines:

1. Number of foreign key 
columns in tables (i.e 
sparsity of the layout)

2. Locality of information (ex: 
hub tables)

3. Conditional row generation 
process in our framework



2.  Foreign Key Generation
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▪ Foreign keys determine

1. The distribution of 
“importance” of entities 
in primary table.

2. For ex: determines the 
cold-start problem for 
RecSys tasks



3. Feature Generation
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▪ Leverage Structural Causal Models to generate diverse feature 
distributions.

▪ Edges model Cause - Effect relationships
▪ Nodes model observed/latent features.



Relational Transformer: Background
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Relational Transformer: Background
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source: RT paper 

https://openreview.net/pdf?id=rpPtgMC5s9


Relational Transformer: Pretraining
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source: RT paper 

Predict 
the value 
of the 
masked 
token

https://openreview.net/pdf?id=rpPtgMC5s9


Scaling Laws for Data Diversity and Size
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▪ Synthetic data unlocks scaling laws with RT!
▪ L: Masked Token Prediction loss
▪ N: Number of synthetic RDBs
▪ S: Number of synthetic pretraining tokens



Generalization to Real Datasets
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Can synthetic pre-training 
improve predictive performance 
on real-world tasks?

▪ Setup: Pre-Train Relational Transformer with the Masked Token Prediction 
Objective on Synthetic data.

▪ Evaluation: Measure AUROC (clf) and R2 (reg) on the real-world hold-out 
database tasks. (i.e, predict by learning about the task and DB in-context)



Generalization to Real Datasets
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▪ Scaling synthetic data diversity is critical for generalization.
▪ With sufficient database diversity, synthetic pretraining enables 

zero-shot transfer to real-world RelBench tasks.



Continued Pretraining on Real Datasets
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Can synthetic pretraining result in strong base models for real data 
pretraining?

▪ Setup: Choose a synthetic pretrained RT model and continue 
the pretraining on real datasets.

▪ Baseline: Leave-one-db-out pretraining on RelBench 
databases and tasks for 50K steps.

▪ MTP on auto-complete as well as prediction tasks



Continued Pretraining on Real Datasets
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▪ Synthetic + real pretraining 
outperforms real-only 
pretraining, with +1.2% 
mean AUROC and +3.0% 
mean R² gains.

▪ Synthetic pretraining 
provides a strong base 
model for continued learning 
on real data.



Summary
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▪ RFM development is bottlenecked by diverse relational datasets.
▪ Synthetic data offers a scalable and privacy friendly alternative to 

scalable pretraining.
▪ PluRel is the first of its kind open-source framework for generating 

such synthetic datasets.
▪ Synthetic pretraining unlocked scaling laws in RFMs with a joint 

emphasis on data size (tokens) and diversity (# RDBs)
▪ Synthetic pretraining improves generalization and results in strong 

base models for continued pretraining on real world datasets.



Future Work and Opportunities
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▪ Relational data curation and synthetic design space exploration.
▪ Extending PluRel to additional data types such as text.
▪ Semi-synthetic data augmentation to expand real-world RDBs.
▪ Pretraining curriculums and strategies to combine synthetic and 

real data.
▪ Exploring impact of synthetic data on long-context modeling and 

test-time scaling.
▪ Joint model- and data-scaling laws.
▪ [Theory]: Study expressiveness of relational attention models. 
▪ ICL with 1-layer RT and a family of SCM models.
▪ Role of context, depth, joint feature distribution across tables… 
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Thank You!


