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Contributions

•Generalization of [1] to arbitrary convex loss functions and arbitrary
norms.
•Simple optimization procedure based on an analytical update of

the kernel weights.
•Toy experiment gives insight in the trade-off between sparsity and

accuracy in sparse and non-sparse scenarios.
•New large-scale runtime experiments show efficiency of inter-

leaved optimization approaches.

Generalized Multiple Kernel Learning

•Given data (x1, y1), . . . , (xn, yn) ⊂ X × Y.
•RKHS feature mappings ψm : X → Hm and Hilbertian norms ||·||Hm

.
•An arbitrary convex loss function V
•Consider generalized MKL problem:
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where || · || is an arbitrary norm.
•Solving for optimal w and b and resubstitute into L.
• Incorporate t and θ into Fenchel-Legendre conjugates.
•Obtain generalized dual :
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with Fenchel-Legendre conjugates V ∗ and || · ||∗.

“Direct” Optimization

•Consider case where || · || is an `p>1-norm.
•Solving for ∂L

∂θm
= 0 gives

θm =

(
||wm||2

) 1
p+1(∑M

m=1 (||wm||2)
p
p+1

)1/p. (2)

•Dual prohibits efficient optimization.
• Instead, alternate optimization of (1):

– Repeat
– (w, b)-step: optimization wrt (w, b) (regular SVM training).
– θ-step: analytic update according to (2)
– until convergence

Toy Experiment

•Binary labeled data (xi, yi) from two 50-dim isotropic Gaussians.
•Gaussians’ center: µ1 = ρθ, µ2 = −ρθ, where θ is a binary vector.
•Each feature normalized (std=1) and processed by linear kernel.
•Fraction of noise kernels is defined as ν(θ) = 1

d||θ||1.
•50 training, 5,000 validation, 10,000 hold out set. p = 1, 43, 2, 4,∞.
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•2-norm MKL best prediction model in our experiments.
•Sparse MKL inferior when the noise level is between 0-92%.

Execution Times

•50 RBF kernels; sample size varied.
•SVM, SimpleMKL [2], `p-norm MKL with p ∈ {1, 1.333, 2, 3,∞}.
•Averages and standard errors over 5 repetitions.
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•Execution time of `p-norm MKL depends on parameter p.
•All interleaved optimization methods convergence quickly!
•SimpleMKL outperformed by two orders of magnitude.
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