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The Effect of regularization and identity mapping on the performance
of activation functions

Seo-Hyeon Ryu’, Jae-Bok Yoon
Defense Agency of Technology and Quality
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Abstract In this paper, we describe the effect of the regularization methodand the network with identity mapping
on the performance of the activation functions in deep convolutional neural networks. The activation functions act
as nonlinear transformation. In early convolutional neural networks, a sigmoid function was used. To overcome the
problem of the existing activation functions such as gradient vanishing, various activation functions were developed
such as ReLU, Leaky ReLU, parametric ReLU, and ELU. To solve the overfitting problem, regularization methods
such as dropout and batch normalization were developed on the sidelines of the activation functions. Additionally,
data augmentation is usually applied to deep learning to avoid overfitting. The activation functions mentioned above
have different characteristics, but the new regularization methodandthe network with identity mapping were validated
only using ReLU. Therefore, we have experimentally shown the effect of the regularization method and the network
with identity mapping on the performance of the activation functions. Through this analysis, we have presented the
tendency of the performance of activation functions according to regularization and identity mapping. These results
will reduce the number of training trials to find the best activation function.
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Fig. 1. Dropout (a) fully connected layer, (b) fully

connected layer with dropout
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Table 1. VGGI16

Stk £, %o
LReLU®} PReLUE Y%
2o 1871

Aal

get 712715 7HAM, ReLUE
THAA R wEA 082 5
7¥s ek shEtvE 9] Kol
Vs ek EEE 7HA 3
/do] Atk 9 residual
37} d=A ATE Y

layer output size

name (h x w x ¢) fayer

convl 32x32x64 (conv 3x3, 64) X 2

pooll 16x16x64 maxpool 2x2 / 2

conv2 16x16x128 (conv 3x3, 128) X 2

pool2 8x8x256 maxpool 2x2 / 2

conv3 8x8x256 (conv 3x3, 256) X 3

pool3 4x4x256 maxpool 2x2 / 2

conv4 4x4x512 (conv 3x3, 512) X 3

pool4 2x2x512 maxpool 2x2 / 2

conv5s 2x2x512 (conv 3x3, 512) X 2

pool5 1x1x512 maxpool 2x2 / 2

fc 10(or 100) fully connected 10(or 100)
Table 2. Resnetl8

layer output size

name (hxwxc) layer

convl 32x32x64 conv 3x3, 64
conv 3x3, 64

resl 16x16x64 [ X2
conv 3x3, 64
conv 3x3, 128

res2 8x8x128 [ X2
conv 3x3, 128
conv 3x3, 256

res3 4X4x256 [ X2
conv 3x3, 256
conv 3x3, 512

res4 2x2x512 [ X2
conv 3x3, 512

pooll 1x1x512 average pool 2x2 / 2

fc 10(or 100) fully connected 10(or 100)

78

w
>
ot

3.1 A 74

3.1.1 HI0|E ME

E Ao s JAEFAA HXvl= HolHAER
285 CIFARIO, 1000 thajs 23S sk,
F HolEAHE 25 F 50,000%2] ShsrHlol €9} 10,000
go] §2E Holgrt 9len, F Fux Age 47
1071, 1007101H, 94771 32 x 329 RGB %4elth
leo] AAe WL RGB 7 Al tis] HHES o,
Ak 12 Atske skt

3.1.2 H3l

2 AolMe Aarst WHeR 1) Hix st +
dropout, 2) #1X] A7t3} + dropout + data augmentation
S e} Aibg o2 dropout WA AtstE A8
T FrHor sttty Asty] witol, wiA gt
steb dropouts shute] st W o mA HES HAl
ot} data augmentation> YHFHOZ Wol AMESt=
horizontal random flip®} random cropS %}-8-3}%t}.
random crop-2 32 x 32 /gl AskE- 494 =71

T FARIR 32 x 32 oA E FEEI o, HAE
’\]Oﬂt AL o|mAE aE F-ggirk

3.1.3 =
WEApgol MgRTol wE Fold o] 93]
1) FE5APgo] 48

L5517 F= VGG16[9], 2) RSN EATY
4% Resnet189] 3l 2 'd 3R VGG162
TEE HEld AAH oH, (conv 3x3, 64) X 2&
Ad(kernel) 2717} 3x3, &8 3| W(feature map)©]
64, 123 o] AEFAZo] 28 WEHS ov|siH,
maxpool 2x2 / 25 Ade] A7|7} 2x20]H, ~EF 0| =
(stride)7} 25 &JU] 3T} Resnet189] 32 320l AA]
o] 9l o resl+ residual blockl S 91|30, 3t
residual blocke] 23819] (b)9} Zo] 2719 ABFAZ,
1719 dsAbo & FAE L o]Ae] 27171 Y
vgth VGG169 ¢ EE AEFASH A A
312 X“’“E}oi o1, dropout ZAEFHZ Aloldl] 0]
2 FES 047 3o AE3s9om, A2 max pool
ol 001 g 25o] 052 3] 2833tk Resnet18<)

4 dropout A§314) hgkov], RE ARFAZ

:LI
o,

mlr

oﬁ



A3 U FS Aol AT AL R FIF

\= (e}

3.1.

B 9o A& 1) RelLU, 2) PReLU, 3) ELU % 37}
A sl dis] AEE AT PReLUE
LReLU®} fAFSE 548 7F4|aL 9lom, o dwtshe 7

olm=2 PReLU®| thafxnt A3ls A8

3.1.5 ZH if

A3} o Rs JHUAE s S AREk
o el o) = l 128, BRIEE 0.9 M-St

~

%7] FH5EL 0.12 AAHEY I, O o4 shyo] W
4 & w vio} 0198 g<58S E

2L golEAE 271X, A3} 2714, FZ 2714,
GRS 379 BE 2§, & 247H40] dis] AAls
ol

g

AA

Table 3. classfication accuracy for CIFAR10

batch normalization

batch normalization

+ dropout
+ dropout .
+ augmentation
VGGl6 Resnet18 VGGl6 Resnet18
ReLU 91.61% 88.95% 93.80% 95.36%
PReLU 92.22% 90.19% 93.81% 95.08%
ELU 91.38% 88.37% 93.99% 95.23%

Table 4. classfication accuracy for CIFAR100

batch normalization

batch normalization

+ dropout + ;:r:;i?:ttion
VGG16 Resnet18 VGG16 Resnet18
ReLU 67.71% 61.97% 70.82% 77.37%
PReLU 69.20% 66.24% 72.06% 76.48%
ELU 67.56% 61.38% 73.25% 77.80%
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