Towards Few-Shot Adaptation of Foundation Models via Multitask Finetuning
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o We actively select extra data from a relevant source that covers target data characteristic features.
o \We then design specialized tasks for multitask finetuning to equip the model to address the specific
types of target tasks effectively.

e Let ¢ € & denote the model with the lowest target task loss
Lsup (T0,0) = Lsup (To, ¢7)

e Denote error on target task £(¢) =
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