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The model research of hybrid compression

conformal predictor with confidence
Wang H uazhen Lin Chengde Yang Fan Zhuang Jinfa

( Department of Automation, Xiamen University, Xiamen 361005, China)

Abstract: Conformal predictor is extended to hybrid compression conformal predictor (HCCP) in o
der to improve the computational efficiency. H CCP executes compression in two stages: a. a compres-
sion expert is assigned to compress part of the sequence of data; b. it transmits the extracted informa-
tion to the successive transductive prediction. As a result, HCCP yields competitive computational ef
ficiency, as well as maintaining the predictive efficiency, due to the ingenious proximity between the
examples produced in the second stage. A case study of T ennessee Eastman Process was provided to

illustrate the advantage of the proposed method.
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