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Compression of CNN Using Low-Rank Approximation and CP

Decomposition Methods
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3. A2y

ogk

1 2 952 stA 42 ¥ 289 4ds2= Top-b
Accuracy = EZRZRE o59 ZHA F Y 5 7 FHol
As BLY AHEES Juidtt. Hse F5] Yl AHEd

glolg Al [LSVRC(ImageNet Large Scale Visual Recognition
Competition) 2012 9] ZAZ(validation) go]EAl 50,000 7fo]

G/l ot 27 deoltdsl £ 25 & =2oMY 4 dg E

£712 Uehd Zolck. 7129 JuEe ASY S30 Aol
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PHS U 24 AR AR SFol Ut Agst P
2 Agstoict. 98 AAFC Fully-
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Mat5(Re-training)& A&stgon], AjsrEZ Yol ILSVRC

Table 1. ¥ =4 A5 (ILSVRC 2012)

. Top—5 Accuracy
Model Model Size (MB)
(%)
VGG—-16 527.0 90.05
ResNet50 98.2 91.93
MobileNetV?2 13.8 90.06
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Table 2. A3 =4

Layer Type
2D Conv. |PW & DW Conv. FC
Baseline (LR) LR LR
Test 1 CP CP LR
Test 2 CP LR
£3 e 949 B e 488 499 94F A%
Adfo|ty, 7 Ao EELS Baseline % 7FA% LR
2 489 9% 29 Top-5 #5 Aol 4% wa
3% vwRre EAdd wE JjEoR gt dE &

o
&2 §lo] FojH mEg 15~12.1
3 solsrglon], 25 VGG-16 oA = 7129 A7)
[1] di¥] ¢ 1.3 ¥ o UFol €& HolFrh, g
Agdd 2AF 71eks 489 Baseline 7|HET AT
o] wet LR 2 CP 7|H& Agdom Hgd A<t
71%0] VGG-16, ResNet50 ol 944 BF A% dato] &S
gelskolet
% 2 = ResNets0 olAel 7+ A9 ¥ AT 4580
0eE AsE yehd Aot AEZAH F
488 Test 1 ©] Baseline 7]'xrth #
BF ATl ZadHdAT, ABFA Fo 9
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Ho
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H9](0.35 ~ 0.45) ol 7]¥ Baseline 7|WAEY 7 459

ol 9&e Fasgrh

Table 3. A% 23}

Top=5 Compression
Model Test Accuracy © p €810
ratio (x)
(%)
Baseline 87.92 191
VGG—16 Test 1 88.11 '
Hans [1] 88.05 9.0
Baseline 89.44
ResNet50 Test 1 88.79 2.86
Test 2 89.87
MobileNetV2 Baseline 88.20 154
Test 1 88.07
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ResNet50 Results(Anchor Accuracy: 91.95%)
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