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Research on learning conditional preference networks using heuristic algorithm
ZHONG Zhaolin, XIN Tongchang
(School of Computer and Control Engineering, Yantai University, Yantai Shandong 264000, China)

[ Abstract] CP-nets ( Conditional preference networks) is a graphical tool for qualitative expression of preference relations. As a
expressive tool, CP—nets is powerful and can express user preferences intuitively and naturally. However, the study of CP-nets
learning has not advanced sufficiently. In practical applications, due to the randomness of user’s behavior or the observation error, it
may lead to noisy data in data sets, which makes many traditional learning methods fail to get the optimal CP-nets. In this paper, a
learning method based on heuristic algorithm is proposed to solve the structural learning problem of CP-nets. Compared with the
direct learning CP—nets in traditional method, this paper transforms the structural learning problem of CP-nets into finding the

shortest path problem, using heuristic algorithm to find the optimal CP-nets.
[ Key words] Conditional preference networks( CP-nets) ; heuristic algorithm; structural learning
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Fig. 1 State space search graph with four variables
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