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Multiple Kernel Learning Regularization Path Approximation Algorithm Based on
CUR Matrix Decomposition

WANG Mei, LI Dong, XUE Chenglong
(School of Computer and Information Technology, Northeast Petroleum University, Daqing, 163318, China)

Abstract: Multiple kernel learning shows good superiority in solving irregular and large-scale data
problems. Regularization path is a method to select the optimal model by solving the multiple kernel
learning multiple times. Aiming at the problems that the kernel matrix size is large, the computational cost
is high and the efficiency of the optimization model is affected when multiple kernel learning regularization
path processes large-scale data, a multiple kernel learning regularization path approximation algorithm
based on CUR matrix decomposition is proposed, which is named MKLRPCUR. This algorithm firstly
adopts CUR algorithm to obtain multiple decomposition matrices of low-rank opproximation matrix of
kernel matrix. Then, in the solution process, the low-dimensional decomposition matrices are used to
replace the kernel matrix, and the order of the correlation matrix calculation is adjusted, thereby
simplifying the calculation of the kernel matrix and the Lagrange multiplier vector product. MKLRPCUR

algorithm reduces the calculation scale of matrix, optimizes matrix calculation, and improves the
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calculation efficiency of exact algorithm. The relative error of the low-rank approximation matrix and the
time complexity of the algorithm are theoretically analyzed to verify the rationality of the approximation
algorithm.At the same time, the experimental results on the UCI dataset, ORL and COIL image databases
show that the proposed approximate algorithm not only ensures the accuracy of learning, but also reduces
the running time of the algorithm and improves the efficiency of the model.

Key words: multiple kernel learning regularization path; kernel matrix; matrix approximation; sampling
method; CUR algorithm
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Table 4 Running time of the three algorithms in ORL and COIL image libraries S
Dataset MKLRP MKLRPCUR MKLRPMC
120 200 320 120 200 320 120 200 320
212433 446415 79142 145427 369+21 677+35 17627 408+23 723446
500 800 1 000 500 800 1 000 500 800 1 000

COIL
28554591 52774626 7 966744 2 035553 4 3554411 6 144378 2 386580 4 8034492 7 021633

5 3MEEEORLMCOILBGEMSLEEMRE

Table 5 Classification accuracy of the three algorithms in ORL and COIL image libraries %
Dataset MKLRP MKLRPCUR MKLRPMC
120 200 320 120 200 320 120 200 320
ORI 88.3+£0.5 90.7£0.5 93.14+0.6 88.30+0.5 90.64+0.3 93.1+0.4 88.30+0.4 90.1+0.7 92.50.8
cot 500 800 1 000 500 800 1 000 500 800 1 000

96.4+0.2 97.1+0.3 97.2+=0.2 96.4+0.3 97.1+0.3 97.1+0.2 96.1+0.3 97.3+0.3 97.1£0.3
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