Out in the Wild: Investigating the Impact of Imperfect Data on a
Tabular Foundation Model
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Figure 1: High-level overview of the experimental setup.

RQs of current study
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Figure 2: Perfect Context vs Zero Intervention: Distance of embeddings from the respective Perfect Data representation.
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Figure 3: All scenarios: Performance of linear probing on the extracted embeddings.
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Figure 4: Perfect context: Less vs more clean context samples.
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Figure 5: Indicative 2D visualizations of embeddings for scaling (top), missing values (bottom), and categorical shift (bottom).
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