z]t X} . 2} FineParser: A Fine-grained Spatio-temporal Action Parser for Human-centric

PEKING UNTVERSITY Action Quality Assessment (Oral)
s Jinglin Xu!, Sibo Yin2, Guohao Zhao?, Zishuo Wang2, Yuxin Peng?t
7= 33 "E 45} £ A rg‘ ISchool of Intelligence Science and Technology, University of Science and Technology Beijing
QT B university of Science and Technology Beiiing 2Wangxuan Institute of Computer Technology, Peking University

Motivation Method
L] ACthn Quallty Assessment ( AQ A) alms tO evaluate the eXGCUt]OH FineParser: Fine-grained Spatial-temporal Action Parser Fine-grained Spatial-temporal Representation Learning
quality of a specific action by predicting a score after analyzing the - o —
—_— y ,J 2 | AN Static visual

11 T :
inasnnnl

//f
—
asisnnnln

performance of the action 1n a video. It is a crucial technique direction
in video action understanding and holds extensive application prospects
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