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Abstract: Kernel ridge regression (KRR) is an important regression algorithm widely used in pattern
recognition and data mining for its interpretability and strong generalization capability. However, it has the
defect of low training efficiency when faced with large-scale data. To address this problem, an accelerating
algorithm is proposed which uses the concept of divide-and-conquer for kernel ridge regression based on
data partition (PP-KRR). Firstly, the current training data space is divided into m mutually disjoint
regions by a bunch of parallel hyperplanes. Secondly, each KRR model is trained on each region
respectively. Finally., each unlabeled instance is predicted by the KRR model within the same region.
Comparisons with three traditional algorithms on real datasets show that the proposed algorithm obtains
similar prediction accuracy with less training time.
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Tab.1 Summary of UCI datasets

datasets # samples ¥ features -
Puma32h 8192 32 107
Cpusmall 8192 12 10~
Cepp 9 568 4 107*
CT Slice 53 500 385 107
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Tab.2 Test error on real datasets

K (z.x")=exp (— ) 5

PP-  random- DC-

datasets Fom KRR KRR KRR KRR
Puma32h 16 4.06 3.60 5.05 3.32
Cpusmall 16 3.21 3.22 4.37 3.15

Cepp 32 3.914  3.945  3.922  3.852
CT Slice 64 3.72 6.42 13.42 6.51
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Tab.3 Training time on real datasets

whole- PP-  random- DC-
datasets Em
KRR KRR KRR KRR
Puma32h 16 19.8 0.3 0.4 5.7
Cpusmall 16 19.7 0.3 0.3 4.37
Cepp 32 413.8 0.4 0.5 8.3
CT Slice 64 393.5 7.3 7.6 133.2
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