Attention-Oriented Action Recognition for
Real-Time Human-Robot Interaction

ICPR::

25th INTERNATIONAL CONFERENCE
ON PATTERN RECOGNITION

Milan, Italy 10 | 15 January 2021

Toald
%

FHEAAY

XI'AN JIAOTONG UNIVERSITY

Ziyang Song?, Ziyi Yin!, Zejian Yuan?,
Chong Zhang?, Wanchao Chi2, Yonggen Ling2, Shenghao Zhang?

1Xi’an Jiaotong University, Xi’an, China

Tencent it

2Tencent Robotics X, Shenzhen, China

Task
Recognize the interactor’s Challenges
actions from video stream e Specific scenes and camera
viewpoints
l e Real-time recognition on the
& Si 4 L ineli mobile robot platform
,‘”\\/ 7\ fl [ Two-step pipeline e Effective and explainable
start time « o st fie l e Pose estimation . network structure
| action category: making pause gesture | time / frame e Skeleton-based action
H‘lggvlc‘n{ signal  allowable short delay " reCOgnition
Method
(" Overview
An attention-oriented multi-level PA stage mj
network framework — Pre-Attention Pose
— m’, Network (PAPNet)
EE Siex D Resize L R > = e Learning to roughly
) i i focusing on the
§ 2 AGANet I 640480 interactor with Pre-
g g pe P Attention
2R 5 P e Concentrating
= PAPNet T \ PAPNet & - resources on
.'é Pose stage "‘-.‘ Pose stage “'\. 4 * 4—.{-[ ‘ ?Stimating the
O "". — \ Li ¢ A interactor's pose at
% PAstge | | /I siago \ \ J high resolution
a | [ o b 5 U Pose stage accurately
.I\-"'Tﬁz;j// /I ‘-‘"TSiz:j'/ 4 /B Encoder /P4 Hourglass /Il Prediction module [l ROI crop
\ 1 1 T T ) \ ” ” )
( )
e SD stage TD stage s,
) . N [ ” [ H = Attention-Guided Action Network (AGANet)
\| = g % Tl ‘7 [ *l B e Two stages respectively devoted to
' 4 g 9 9 o ) spatial pose representations and
S ol : ) Sy temporal motion patterns
b oeorim e Local Spatial-Temporal Attention (LSTA)
g ' to focus on important local structures
globel pooling e Global Semantic Attention (GSA) to
logistic rogreasion combine multi-scale temporal motion
© concatenation features
upsampling
\ J
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