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YOLO Pruning Algorithm Based on Parameter Subspace and Scaling Factor

YANG Minjie, LIANG Yaling, DU Minghui
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[ Abstract] In orden,to ensure 4he normal operation of YOLO network on embedded devices, it is necessary to use
pruning algorithm to Simplify the filter to reduce the network storage space and the amount of calculation. However, the
existing pruning/ algorithms are time-consuming and have low pruning precision. This paper proposes a bi-criteria
pruning algorithm based on parameter subspace and Batch Normalization (BN) layer scaling factor. The convolution
layer filter is clustered into different parameter subspaces by k-means clustering.In the subspace, the filters are sorted by
weight, and the filters with lower weight are removed.The BNrlayemscaling factor pruning algorithm is used to avoid the
degradation of pruning precision. Experimental results show that' the memory occupied by the network which is pruned
by the proposed algorithm is reduced by 5/6 while the precision remains unchanged and the computing time is reduced
by 1/3.Compared with PF, CP and other pruning algorithms, the proposed algorithm requires less computation while
maintaining high network precision.
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Fig.1 Procedure of the proposed pruning algorithm
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Table 1 Comparison of experimental results of different pruning algorithms on CIFAR10 dataset
% ik TR B L Ao L Ll b B kol i
1% I 1% P IR D U R 1%
ResNet56 PF N 93.04 91.31 1.73 9.09%x10’ 27.6
ResNet56 CP -2 92.80 90.90 1.90 — 50.0
ResNet56 SFP 30 93.59 93.10 0.49 5194x10’ 41.1
ResNet56 AMESF 30 93.59 93.54 0.05 5.94x10’ 41.1
ResNet56 AR 60U40 93.59 93.55 0.04 5.42x107 46.3
ResNet110 PF N 93.53 92.94 0.59 1.55%10* 38.6
ResNet110 LCCT — 93.63 93.44 0419 — 342
ResNet110 SFP 30 93.68 93.38 0.30 1.50x108 40.8
ResNet110 AMESF 30 93.68 94.13 -0.45 1.50x10* 40.8
ResNet110 AL 60U40 93.68 93.60 0.08 1.38x10° 45.6
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Table 2

Experimental results of parameter subspace pruning algorithm in YOLOv3 network at

different pruning rates

N Bif > oo B
Wk EAMAP  IKE MAP T MAP %ﬁ? ” ‘;ﬁiﬁ Tﬁ;tsﬁ Ak SR ;:f;(g FRs KR
10 0.946 719 0.007 114 0.009 9 0.000 4 54 497 476 7 026 258
20 0.939 827 0.014 006 0.009 3 0.001 0 47 976 446 13 547 288
30 0.953 833 0.942 566 0.011 267 0.0103 0.008 9 0.001 4 61 523 734 41 875 478 19 648 256
40 0.933 820 0.020013 0.008 4 0.001 9 35439111 26 084 623
50 0.924 740 0.029 093 0.008 0 0.002 3 30 049 842 31473 892
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Table 3 Experimental results of BN layer scaling factor pruning algorithm in YOLOvV3 network at

different pruning rates

Wi EAMAP dREMAP  FRemap TV IR s TRE s mn
10 0.954 298 —0.000 465 0.010 0 0.000 3 54 386 955 7136779
20 0.952 684 0.001 149 0.009 4 0.000 9 47 474 468 14 049 266
30 0.951 774 0.002 059 0.008 7 0.001 6 40 755 094 20 768 640
40 0.949 080 0.004 753 0.008 1 0.002 2 34 454 090 27 069 644
0.953 833 0.0103 61523 734
50 0.950 129 0.003 704 0.007 6 0.002 7 28 640 973 32882761
60 0.951 205 0.002 628 0.007 4 0.002 9 23321302 38202432
70 0.954 223 —0.000 390 0.007 4 04002,9 17 720 609 43 803 125
80 0.947 328 0.006 505 0.007'3 0.003.0 12 831 220 48 692 514
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Table 4 Experimental results of double criteria fusion pruning algorithm in YOLOv3 network at
different pruning rates
Wher waMAP WiEmar  Fremap P RITE PRI T psgns TREC R fun
70040 0.930 827 0.023,006 0.007 3 0.003 0 16/590 764 44932970
70U50 0.923 583 0.030 250, 0.007 1 0.003 2 15 375.294 46 148 440
0.953 833 0.0103 61 523 734
80U40 0.927 648 0.026 185 0.006 8 0.003 5 114579 405 49 944 329
80U50 0.922/03% 0.0347795 0.006 6 0.003 7 9105 432 52 418 302
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