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| | e Binary labeled data (x;, ;) from two 50-dim isotropic Gaussians. .
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where || - || is an arbitrary norm. 1 rorm MKL
e Solving for optimal w and b and resubstitute into £ [ —4/3-norm MKL 12 e Execution time of /P-norm MKL depends on parameter p.
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e Incorporate ¢ and 6 into Fenchel-Legendre conjugates. . 4-norm MKL 1 e All interleaved optimization methods convergence quickly!
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