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Abstractt A nev network optimization strategy of support vector regression (SVR) is presented The proposed
learning method includes two steps First, the initial structure and parameters of S/ R are obtained by learning,
w hich is aoplied to construct support vector regression network without bias Then the weights of SYRN are
updated by the recursive least square method w ith forgetting factor for the better function approximation accuracy.

Comparedw ith the SY R, it can find the optimal w eights and bias The simulation result show s the effectiveness of
the optimization method and can be gpplied to model online
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