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2 =Rolprie £52 dlolelelr 553 tlolels thils AAY vlofE 2578 AsoR ZH= NAS =
dof| 283t} 52 Q1A RS Z= WS ARKIE NASE B3l Rdg Tole e 22w
AREL} =S AR AT E52F Q12E Qlsl DHG-14/28 dlo[ejAlzt SHREC'17 Track HlolejAle]]
oA AR WS Agste] £F2F 1 ATt 7|80 RdEnh 22 &5 ES U A
S Bl EIaigick. A¥el] DHG-14/28 dloleiMle] &5 14 HEee 96.38%, 96.63%,
SHREC’17 Track Hlo[E|Ale] A= 96.88%, 96.57%F AUt

F18E: &% 7 212 (hand gesture recognition), NAS(neural architecture search), mcfly(mcfly)
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I, Preliminaries

1. Related works
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1.2 neural architecture search
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1.3 mcfly

AAIE Hlole BFE 2lgk glold 7o) Held glo|rejgelrt
4714 dzld  EP(CNN, DeepConvLSTM, ResNet,
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2. validation accuracyZ Zk=

lll, The Proposed Scheme
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Table 1. DHG-14/28 Dataset Accuracy
method 14 cIasZCCUFanS class
SoCJ+HoHD+HoWR([ 8] 86.86 84.22
DG-STA[9] 91.9 88
MLF-LSTM[10] 96.07 94 .4
M| otst g 96.38 96.63

Table 2. SHREC’17 Track Dataset Accuracy

miEthee 14 clasasccurac2y8 class
STA-Res-TCN[11] 93.6 90.7
ST-GCN[12] 92.7 87.7
DG-STA[9] 94.4 90.7
M| obst g 96.88 96.57

IV. Conclusions
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