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Abstract: Probabilistic properties are analyzed for chaotic data and different chaotic sequences generated by L ogistic
map, w hich provides theoretical basisfor chansglobal searching A chaosBP hybrid algorithm isproposed by means
of combination of anew fastBP algorithm and chaosoptimization searching Due to ergodicity and random of chaotic
L ogisticmap, chaosBP algorithm converges fast and globally, and hasno local minmum. The algorithm is goplied
to XOR problan and nonlinear function gpproximation Smulation results show that the chaosBP algorithm needs
shorter learning time than that of the standard BP and fast BP.
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