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1 Influence of temporal window size

We use a temporal window [t — 7,¢ 4+ 7| with 7 = 5 for keypoint matching and
refinement in all experiments in the paper. Here, we analyze the influence of
the temporal window size on the performance of human pose estimation and
tracking. We conduct this analysis on the PoseTrack 2017 dataset [1]. For this
analysis, we use ResNet-101 and ResNet-152 as detection and pose estimation
backbones respectively. Table 1 shows the results with different values of 7.
7 = 0 indicates keypoint refinement is not applied. From Table 1, we can see
that temporal keypoint refinement can improve the performance for both pose
estimation and tracking (7 > 0 vs 7 = 0). The performance improves with the
increase of 7. After 7 > 5, further increasing 7 does not help much.

2 Network structure

The deep convolutional neural network used in our approach consists of a net-
work backbone, a keypoint prediction module, a keypoint matching module and
a keypoint refinement module as shown in Fig. 1. We use either Resnet-152 [2]
or HRNet [3] as the network backbone. The structures of the three modules are
given in Table 2. Each module comprises three basic blocks followed by several
layers for producing the output. The keypoint prediction and refinement modules
have the same structure.
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T=07=17=37=51=7

mAP |76.1 76.8 77.7 78.2 78.1

MOTA| 67.3 68.1 69.2 69.6 69.8

Table 1. Influence of temporal window size.
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Fig. 1. Network structure.

Predicted poses

Module

Basic block (x3)

Output

Prediction

Deconv [x2,256], BN, ReLU

Conv [1 x 1,17]

Matching |Conv [3 x 3,256] (x3), Deconv [x2,256], BN, ReLU|FC [256] (x2), FC [2]

Refinement

Deconv [x2,256], BN, ReLU

Conv [1 x 1,17]

Table 2. Module structures. Deconv [x2, 256] represents a deconvolution layer with up-
sampling scale of 2 and channel number of 256. Conv [1 x 1, 17] represents a convolution
layer with kernel size of 1 x 1 and channel number of 17. FC [256] represents a fully
connected layer with 256 output units. (xn) denotes repeating a layer n times. BN
represents a batch normalization layer.



