ISSN 2186-5647

— HAKER A B TR A5 56l <At sl & Al e 2 (2023-129) —

P-23

GELU ¢& TrivialAugment %3 A L 72 ResNet-RS Dfg%

ARAEET O R

1. FxaNnx

T OB EH BT RE @B a2 52 C
W5 ET VIZResNetll]l 3 5, ZDETVIC
L. A TRIBEE SN Q= ABCTE S8 % fig
9~ % skip connection/NER SN T, FERE L
TAETIVERBOFE THREZ LTS Z &I
%2 L7z, Bello & | ZBEFFDOResNetD 7 —F 7
JF %, FERFE AT—AT v T ESEL L
DR ELmO ., FAREORELZ N T
EfficientNet[2] X ¥ % 2.1~3.31% 5155 3 £ /3 3K
W ResNet-RS[3] # 2 &2 L 7=, L 2> L,
RandAugment[4]# A5 7=, KELHT 7=
DITITFRTFEBIC0= R v 7 L ERME L X
NTWDTIb /T 2 —H OFPFEIIE R CIE2 0,
F72. 90 Ry 7 350N v 7 TIE350T AN
7 DIF ) DIEBULORFREEE D 5 < . IR EN
IEMEBZLND,

AAFFECTrx, ResNet-RSD T — X LR F1E%
INT A=K P72\ TrivialAugment[5], 1&M4:4L
Bk % & 0 RO R WGELU[6lIc A E+ 5 =
L CRMABOHE % B,

2. RIS
2.1 ResNet

ResNet[1[iZCNNORE L L THIF BTV
7o ABH R A Z RIS 5 72 DI % 5 £ <
f=t# 3 % skip connectionZ B L 7=,

1x1Convolution

3% 3Convolution
Relu
3% 3Convolution

Relu

Relu

3x3Convolution
1x1Convolution

Relu

| I

Relu

Figure 1  skip connection

skip connection(Z (X, —ODHIENSH Y N
building block . 47 1l % bottleneck building
block & FEIZAL TV 5, Figure 10 X 9 {2\ <
MDEFAFE " A% T LANPRLAED S
noHL— EpBNsh, EKE7r 27 THOR
UL IR,
H(x) =F(x) +x (1)

F(x) 23185 0B A F T S U5 TxH A

Ty TERTESNDIETH D, ZOLIICHE

HRAET [N Db

EHMGTxAIET Z L TABR DR ZBHUV TV
%, Figure2 % # v > A /7 — )L I @ skip
connection Td 5,

1 x 1Convolution

3 % 3Convolution st2,3 % 3Convolution
1x 1Convolution

Relu

Figure 2 ResNetD ¥ 7 X /r— )L 5k

Z O F 15 Tldskip connection T3/4 % O R &
ZEAGALTCLEY EWOMENRD D,

2.2 ResNet-RS

ResNet-RS[3]iZ itk DResNet D 7 — %7 &
F v, FEGE, EBUEFE A=A T v
EUELEET LV THD, ZOETILVORMIL
WEFDResNet D7 —F% 7 7 F ¥ ICWEE M A
Tl CREREERRZNDIZE DD LT,
FRRREOHKELZHTET VLV HESBHN &
Th b,

T—X%7 7 FxDikEL LT, ResNet-D[7]
DY YT Y DA F y THEROA - Z
4 F-2 convolution(Figure2) % A k7 A K-20D
2 X 2 average pool & A N 7 A R72 L @
convolution(Figure3)IZ A H 4 5,

1 x 1Convolution

Relu st2,AveragePooling
3 % 3Convolution

3% 3Convolution

1 1Convolution

Relu

Figure 3 ResNet-DD X 7 A /r— L)
%
ZOTFEERNWD Z & TERIA TR O RS
a7zl b, £, FX DA —VERT
Squeeze-and-Excitation =~ Networks[8] @

Proposal for ResNet-RS with GELU and TrivialAugment

Rikuma SATO and Yukari YAMAUCHI

— 715 —



Squeeze-and-Excitation® ¥ = — /L &£ H LT
YRV EDRNLNTT TV a BT T
%o

\ 1% 1Convolution |

Relu

‘ 3x 3Convolution |

Relu

| 1x ICOn'vo\ution |

l GlobalAveragePooling ‘

, Relu

| Fe |

. Relu
| FC |

Sigmoid

I Sciale I

>

Relu
A\l

Squeeze-and-Excitation £ ¥
o —/)

FRFIEF DL == T DRy 7 E e
4, F¥ R % cosine LR decay Tkt 5 FiE Tk
= L7, EHR{EFEIZ, RandAugment[4],
momentum optimizer., weight decay. label
smoothing, dropout. stochastic depth % f
LTWb, AT7—NA7 v 7 HiEZ, =Ry 7%
MEWFETIE, BEES L, e Ei3TF
¥ RNV EIERT,

Figure 4

1.3 GELU
GELUI6] & (XiE AL D —>TH U LU
DEIITEFRSND,
GELU(x) = xP(x) ©)
B erf()E WD &
GELU(x) = x - % [1+ erf (x/V2)] 3)
P ZAT
GELU(x) =~ x0(1.702x) (4)
3%, ReLUL i3 2 LB BRI E WS
B ® %,

1.4 TrivialAugment

TrivialAugment(TA)[5]1X7 — # JLik % 7
ZRIERYN, T F LIRS TS 57 —X
Lok F i T H H . AutoAugment X°
RandAugment & 3EVVRT X — 2 BARER DT
DD BT RIFEE O 2 B8 LT,

3. ETFIL
PR U 7o O RIRE RSO O UG G5 =
A FOHPRTH Y | IETEEI R Z ReLUN O

GELUIZE R, 7 —# §L3k % RandAugment 7>
5 TrivialAugment|ZZH 95 Z & THER TX
HEBZD,

4. BB LU

ek F L A ERZE L GELU .
TrivialAugment|ZZE H L7z ¢ O % Z LK
TR, @Ry 7 TOFITHE, KETO
2179,

5. &8

GELUZDropOut & )f 9% & ZReLU L Y
BRSO T I IV EGESN D &R D,
F 72, TrivialAugment D FHIFE B ARETH D
ZEMDLEHEREOHIENTED LB R D,

L SR

[1] Kaiming He, Xiangyu Zhang, Shaoqing
Ren and Jian Sun, “Deep Residual Learning
for Image Recognition”, arXiv preprint
arXiv:1512.03385, (2015)

[2] Mingxing Tan and Quoc V. Le,
“EfficientNet: Rethinking Model Scaling for
Convolutional Neural Networks”,
arXiv:1905.11946, (2019)

[3] Irwan Bello, William Fedus, Xianzhi Du,
Ekin D. Cubuk, Aravind Srinivas, Tsung-Yi
Lin, Jonathon Shlens and Barret Zoph
“Revisiting ResNets: Improved Training and
Scaling Strategies”, arXiv:2103.07579, (2021)
[4] Ekin D. Cubuk, Barret Zoph, Jonathon
Shlens and Quoc V. Le, “RandAugment:
Practical automated data augmentation with
a reduced search space”, arXiv preprint
arXiv:1909.13719, (2019)

[5] Samuel G. Miiller and Frank Hutter,
“TrivialAugment: Tuning-free Yet State-of-
the-Art Data Augmentation”,
arXiv:2103.10158, (2021)

[6] Dan Hendrycks and Kevin Gimpel,
“GAUSSIAN ERROR LINEAR UNITS
(GELUS)”, arXiv:1606.08415, (2016)

[7] Tong He, Zhi Zhang, Hang Zhang,
Zhongyue Zhang, Junyuan Xie, Mu Li,
“Bag of Tricks for Image Classification
with Convolutional Neural
Networks”,arXivi1812.01187,(2018)

[8] Jie Hu, Li Shen, Samuel Albanie, Gang
Sun, Enhua Wu, “Squeeze-and-Excitation
Networks” , arXiv:1709.01507,(2019)

— 716 —



