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Abstract: We propose multi-dimensional path following for weighted kernel machines.

In some situations of data modeling, each data point has a weight which represents the

importance or confidence of the data point.

We can easily implement such weighting

schema in kernel machines by introducing multiple regularization parameters. In this paper,

we derive the piece-wise linear path of these parameters which extends the idea of well

known regularization path. Conventional algorithm only deals with the change of single

regularization parameter.

On the other hand, our approach can handle the change of

multiple parameters simultaneously. Experimental results show that proposed algorithm

can efficiently update optimal parameters. Our approach is especially beneficial for adaptive

learning or online learning of weighted model.
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