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Flexibility in tabular learning

As the figure shows, TransTab can deal with many new tasks credited Methods NOOO4111Y NO0O174655 NO0312208 NOOO7Y274 NO0694382 | Rank(Std)
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Table. 2:Performance of transfer learning within the same data source.

semantics. We know it is 25 years old instead of 25 KG because it is
under the column age.
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Fig. 2: The new tasks that TransTab can handle but other existing models cannot.




