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Sparse Markowitz Portfolio Selection with Componentwise Kernel Learning
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In this paper, we propose a sparse Markowitz portfolio selection model via multiple kernel learning (MKL),
where each kernel is defined on each investable asset. The optimal solution to this model has weights over both
assets and samples (i.e., past returns). Hence, we apply the fused regularization on the weights to incorporate time
dependencies into the model. The finally-obtained optimization problem is solvable as linear programming (LP).
We showed some empirical examples, where the proposed portfolio model was applied to Nikkei 225 data.
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