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Class CMC( ) :
def _init_( ) H

self. frame_cache = [ ]

self. layers = Transformer( depth =12)

self. head = DetectionHead ( num_class =80)
def forword(x) :
output_cache = [ ]

for i, layer in enumerate( self. layers) .

x, ¢ = layer(x,self. frame_cache[i])
output_cache. append(¢)

x = self. head(x)

self. frame_cache = output_cache

return x
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The Efficient Multi-Person Action Detection on Mobile Devices

JT Honglei' ,DING Han®”*,ZHAO Chaoyang” , TANG Ming”, WANG Jingiao®
(1. CRRC Academy, Beijing 100071, China;2. Institute of Automation, Chinese Academy of Sciences, Beijing 100190, China;
3. School of Artificial Intelligence, University of Chinese Academy of Sciences, Beijing 100049, China)

Abstract; Video action detection is a promising yet challenging task. However, most existing methods are computa-

tionally expensive. An action detection method based on consecutive multi-frame cache is presented. For multi-per-

son scenarios , action classification can still be handled efficiently in combination with person detector based on sin-

gle frame. Temporal shift module is introduced to cache the features of previous frames so that the network is en-

dowed with the ability to process temporal information. Experiments show that the framework achieves fantastic light-

weight effects. It proves the possibility to perform real-time action detection on multi-person scenarios with the help

of person detector and shows advantages in both speed and accuracy.

Key words : multi-personaction detection ; light-weight; mobile device oriented
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