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TransTab setup [Wang & Sun, 2022]
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🤔 More pretraining data => Foundation Model? 🤔
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● Not so fast!

● Schema-independent tabular architecture is necessary, but not sufficient

🤔 More pretraining data => Foundation Model? 🤔
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● New architecture to exploit tabular datasets' symmetries.

● New learning setup for training this model architecture.

● Harness embedding LLMs to build on LLMs' growing world knowledge.

● Include task descriptions and feature names to allow cross-table transfer 

learning and avoid negative transfer.

● Efficient use of LLMs through aggressive caching, so the number of LLM 

forward-passes scales with the schema, not the data.

Our approach
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It's cheap!!!

ours
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New building block: MapAttention
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Results (AirBnB price prediction 2023)
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IngesTables

No pretraining Pretrained w/ AirBnB 2019

Fully supervised Zero-shot Fully supervised

RMSE
(AirBnB 2023) 0.1042 0.1009 0.0884

Pretraining helps!



Results (Clinical trial outcome prediction)
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+20%

+15%

+15%

outperforms general methods
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comparable to specialized architectures



Results (Clinical trial outcome prediction)
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underperforms LLM + pretrained BERT



Conclusion
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● We present a new building block and learning setup to enable training 
Foundation Models for tabular datasets.

● We demonstrate that world knowledge can be harnessed cheaply by 
aggressively caching pretrained embedding LLM outputs.


