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Abstract: Regularized L east-Squares Classification (RL SC) is a kind of kernel-based square loss regularization
network, and its generalization performance is severely influenced by the setting of its kernel and hyper parameters
A novel goproach naned A lignL oo ispresented for optimal paraneters selection, and the key of this approach lies in
tuning the kernel paraneter and hyper paraneter sequentially. First, the optimal kernel paraneter is selected by
maximizing kernel target alignment, and then the optimal hyper-parameter is detemined via minimizing RL SC’s
leave-one-out error bound The experimental results on DA benchmark datasets demonstrate that the proposed
goproach is superior to traditional grid search method in that it is much more time efficient and it needs no
independent validation set
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