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“We show that all algorithms that search for an extremum of a cost function perform
exactly the same, when averaged over all possible cost functions. In particular, if
algorithm A outperforms algorithm B on some cost functions, then loosely speaking there
must exist exactly as many other functions where B outperforms A”

-- by Wolpert and Macready (1995) in No Free Lunch Theorem
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shared projection space
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v State-of-art
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v Boosting
v Fully/Partially Corrective Learning

v Cross Parameter—server Sharing (CPS)
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AutoML: AI for Everyone

« HZI#Ht¥E: Domestic Knowledge Graph
o MEAURfERE: Twice Learning
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