Deep Kinematic Pose Regression
Xingyi Zhou', Xiao Sun?, Wei Zhang',
Shuang Liang?, Yichen Wei?

I'Fudan University, 2Microsoft Research, 2 Ton o11 University
Hzhouxy13, weizh} @fudan.edu.cn, *{xias, yichenw } @microsoft.com,
Sshuangliang @tongji.edu.cn

i —
= s . | 3 H: t 9. o
T | inematic ’ 4
——+ | CNN |[— — | FClayer |— | g oge o)
| layer
........ —~ - : - gy
- - —
. | _ Joint locations
Input image Convolutional Motion loint T
features parameters locations

Figure 1: [llustration of our framework. The input 1mage undergoes a convolutional neutral network and a fully connected layer to output model motion parameters (global position
and rotation angles). The kinematic layer maps the motion parameters to joints. The joints are connected to ground truth joints to compute the joint loss that drives the network
training.
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