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A fast conformal classifier based on multi-output extreme learning
machine

WANG Di', WANG Ping, SHI Jun-zhi
(School of Electrical and Information Engineering, Tianjin University, Tianjin 300072, China)

Abstract: A conformal classifier is a conformal prediction based classifier. Although the prediction is highly valid, the
learning time of conformal classifiers is often very long due to the limitation of the computational framework. To make
the conformal classifier learn faster, this paper firstly proposes an algorithm combining the conformal prediction with the
multi-output extreme learning machine whose leave-one-out predictions on the training set can be computed efficiently.
From the analysis of algorithm complexity, the computational complexity of the proposed algorithm is equivalent to
that of the multi-output extreme learning machine. The experiments on ten public data sets show that the proposed our
algorithm has fast computation speed and inherits the property of validity from conformal prediction, whose prediction
error can be controlled by the significance level. The average number of labels per prediction of the proposed algorithm
is lower than that of other common conformal classifiers on some data sets, which shows that of is more efficient in some
applications.
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kr-vs-kp 0.049 0.009
liver-disorders 0.045 0.009
sonar 0.042 0.011
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credit-a 1.898 1.743 1.776 1765 1.713
credit-g 1.905 1.848 1.850 1.824  1.749
diabetes 1.895 1.844 1.864 1.819 1.698
haberman 1.841 1.851 1.606 1.678 1.772
heart-s 1.894 1.816 1.898 1902 1.668
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sonar 1.900 1.830 1.647 1721 1.650
¥IE 1.541 1.384 1.294 1.304 1.276
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breast-w 2367  0.006 9976 0.237 0.110
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¥l 1178 0.007 1.8615x10° 0335 0.109
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