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A probability density estimator for domain adaptation

XU Min'*, YU Lin’
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Technology, Wuxi 214121, China)

Abstract; This paper proposes that the density information received from the traditional probability density estima-
tion method can be represented by no bias »-SVRregression function. It addresses the problem that after the source
domain”s probability density estimation model is established using the traditional probability density estimation
method its source domain knowledge can not be transferred to the relevant target domain’s density estimation model.
In this paper, no bias v-SVR is equivalent to the center-constrained minimum enclosing ball ( CC-MEB) and the
probability density regression function is constrained by CC-MEB’s center point is described. On the basis of the a-
bove theory, an adaptive probability density evaluation method for transferring knowledge through the center point
was put forward to solve the problem that an accurate probability density estimation model can not be established
because of the lack of information of the target domain. The experiments showed that this adaptive method can reach
the goals of knowledge transfer between domains and privacy protection in the source domain.
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