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Tab.1 The datasets for validating the performance of
the algorithms
B RHEAEC EREANE MR ERMEAL
mnist0 780 5923 54 077 1:09.1
mnist9 780 5 949 54 051 1:09.1
w8a 300 1933 62 767 1:32.5
jjennl 22 13 565 128 126 1:9.4
skin 3 50 859 194 195 1:3.8
covtype3 54 35 754 545 258 1:15.3
covtyped 54 2 747 578 265 1:210.5
covtype? 54 20 510 560 502 1:27.3
poker3 10 48 828 976 182 1:20.0
poker4 10 21 634 1003 376 1:46.4
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Fig.1 The experimental results of each algorithm

on ijecnnl dataset when varying the sample

number of inducing set
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Tab.2 The performance comparison of IMKLSP
and KLSP algorithms on ten large-scale
class-imbalanced UCI datasets

Fcasure Gean
KLSP IMKLSP KLSP IMKLSP
mnist0 0.973 0. 964 0. 981 0.991
mnist9 0. 827 0. 846 0. 906 0.963
w8a 0.071 0.278 0.478 0. 826
ijennl 0. 404 0. 630 0.633 0. 865
skin 0.971 0.971 0.992 0.992

covtype3 0.553 0. 557 0. 807 0.907

covtyped 0.016 0. 382 0.538 0. 866

covtype7 0.261 0.317 0.515 0.902

poker3 0. 087 0.151 0.402 0. 637

poker4 0.042 0.094 0.415 0.719
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Abstract: Variational Gaussian process classifier is an effective fast kernel algorithm proposed
recently for large-scale data classification. However, for the class-imbalanced problem, it usually
achieves lower accuracy on the samples of minority class. By assigning different index weight
coefficients to the likelihood functions and constructing an inducing set containing equal numbers of
positive and negative samples to avoid hyperplane biased toward the side of minority class, an
improved variational Gaussian process classification algorithm is proposed. which can deal with the
large-scale class-imbalanced problem effectively. The experimental results of ten large-scale UCI
datasets show that the proposed algorithm can achieve much higher accuracy than the original one for

class-imbalanced problem.

Key words: class-imbalanced problem; Gaussian process; variational inference; large-scale data

classification



