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4 Radial basis Function (RBF)
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I Kernel learning
2 heterogeneous data

3 Multiple kernel Learning, MKL
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Algorithm 1 (BNGMKL)
1. INPUT
e ftraining data: (X1,y1), «» (Xn, ¥Yn)
e kernel function: k;(.,.): XXX - R,j=
1,..,M

e initial distribution D, (i) = %,i =1,..,N

2: fort=1,..,Tdo

3: sample a set of n example based on
weights

4: forj=1,..,Sdo

5: train weak classifier with kernel k;:

6: compute the training error over
example weights

7 end for

8: Select the best kernel function corresponding
classifier with minimal error rate

9: Update the weights of examples and
classifiers.

10: end for

Train a Neural Generalization of Multiple
Kernel Learning
11: INPUT

e initialize network weights (small random
values)

e Choose the best kernel function at each
boosting trial:

ki, ): X xX >R,
j=1..,T
12: Training the neural network

T S
f (x) = sign Zﬁt sign [Zatk fX (x)] ®)
t=1 k=1
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9 Semidefinite optimization
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