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Dimension Reduction Method Based on the
Random Rotation Ensemble
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Abstract: For the random rotation ensemble method,a new dimension reduction algorithm named
random transform dimension reduction was proposed,which can reduce the information loss caused
by the reduction dimension. After the random transform dimension reduction, the training
supervised learning algorithm can obtain higher accuracy and better generalization performance.
Through the experiments on the simulated data, it is proved that the regression analysis using
multiple collinearity data can retain more information and obtain smaller mean square error than
the traditional dimensionality reduction method. The performance of the random transform
dimension reduction in handwritten numeral recognition datasets was studied,and it is proved that,
compared with the general dimensionality reduction algorithm, the random transform dimension
reduction can achieve higher accuracy in image classification.
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RTDR PCA
353
PrifE2 i 6353 PrifE 2 i J3 353
200 1.700 393 3 0.144 -0.419 2.047 088 4 0.239 -0.418
190 1.703 213 8 0.133 —0.548 2.031 1549 0.257 -0.417
180 1.724 267 8 0.154 —0.449 2.024 448 4 0.247 —0.408
170 1.697 758 2 0.164 —0.538 2.013 916 7 0.260 -0.379
160 1.707 274 2 0.148 -0.478 2.001 334 9 0.236 -0.395
150 1.712 524 7 0.110 —0.405 1.994 936 2 0.247 -0.407
140 1.715 745 3 0.118 -0.459 1.976 258 0 0.251 -0.414
130 1.698 635 5 0.080 -0.387 1.963 257 2 0.246 -0.411
120 1.724 062 7 0.063 -0.392 1.951 273 6 0.215 -0.438
110 1.688 3319 0.189 —0.450 1.933 838 8 0.233 -0.432
100 1.724 251 2 0.174 —0.425 1.922 159 0 0.228 -0.432
90 1.740 480 0 0.174 -0.372 1.909 085 8 0.233 -0.433
80 1.749 246 2 0.106 —-0.385 1.890 027 9 0.233 =0.409
70 1.715 588 0 0.153 -0.591 1.898 776 6 0.235 -0.416
60 1.759 432 0 0.168 -0.507 1.869 653 9 0.218 —0.430
50 1.724 665 6 0.116 =0.499 1.876 302 6 0.229 -0.424
40 1.764 827 3 0.216 —0.453 1.862 717 3 0.231 -0.384
30 1.770 061 0 0.192 -0.417 1.853 575 2 0.224 —0.430
20 1.780 2150 0.222 —0.495 1.841 736 9 0.231 —0.431
10 1.867 508 3 0.140 -0.579 1.838 613 1 0.227 —0.421
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Tab.2 Comparison between the accuracies of the RTDR’s base learner and the training of PCA

F]4 Mz 14k [ % 3 4k [ % 5 4k [F& % 10 4 [ % 25 4 [ % 50 4 [ 2= 100 4k
RTDR H:243) 28 1 0.295 15 0.522 93 0.750 45 0.912 70 0.970 60 0.981 20 0.987 03
RTDR 2] 4% 2 0.305 35 0.516 63 0.746 90 0.920 26 0.967 43 0.981 26 0.987 00
RTDR 3£2423) 2% 3 0.295 56 0.492 60 0.746 45 0.915 06 0.969 11 0.980 11 0.986 76
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