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Figure 2 GhostNet with Selective-MCA

4. FEErB L ORE

AIERTIL, 32X32E 7 LD H T —HEET
— X ThHCIFAR-107 — ¥t v b & Tk
REYMCA GhostNet® 7 /L 244 5. KE,
%h 2R 3 B % CNN *X° GhostNetvl, 4 T®
bottleneckJ& 2 TMCA%# A4 5 €5 /L Lt
L, #REFETH DSelective MCADOZNF- %
R 5. F£7o, FEAMEEIEA L CGESE A2
& ERICE SV TREZITY . 2 kY,
N7 =< VAN EERY, BT VORMEL
FEEDNRT v 2Rt 5.

5. £& 9
AWFIETIL, Belp D 27—V DR % [RIFEIC
HH L, B2ARHCEEIC L > TEERIFR
ZARAH AT D 2 & T, RO B E Tk
W~ FHAERT D, ZOFEITLY, W R
SRR OREN KR EL, SEIER
A —NDIERENT AL ADZ ENT
X, AR X NHIT A2 L2 HIET.

EEBUN

1) Kai Han, Yunhe Wang, Qi Tian, Jianyuan
Guo, Chunjing Xu, Chang Xu, "GhostNet:
More Features from Cheap Operations”,
Proc. CVPR (2020)

2) Xiaohang Hu, Seungjun Yang, Kyungeun
Cho, 7”CAGNet: A Multi-Scale Con-
volutional Attention Method for Glass
Detection Based on Transformer”,
Mathematics 11(19) 4084 (2023)

3) Ashish Vaswani, Noam Shazeer, Niki
Parmar, Jakob Uszkoreit, Llion dJones,
Aidan N. Gomez, Lukasz Kaiser, Illia
Polosukhin, "Attention Is All You Need”,
Proc. NIPS (2017)

— 782 —



