Learning Temporal Pose Estimation from Sparsely Labeled Videos
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e Pose detection in video is challenging due to video defocus, occlusions e Our goal is to propagate ground truth pose annotations across the e We train our PoseWarper model on the full PoseTrack dataset, i.e., when
and, motion blur. entire video from only a few labeled frames. frames in videos are densely labeled.

e Densely labeling every frame with multi-person pose annotations is e During inference, we can reverse the application direction of our e During inference, we use our spatiotemporal pose aggregation scheme to
costly and time consuming. trained model, i.e. warp ground truth pose from a labeled frame A to aggregate information from 5 nearby frames.

e Videos have high informational redundancy (the content changes little an unlabeled Frame B. e This allows us to achieve state-of-the-art pose detection results on

from frame to frame). PoseTrack17 and PoseTrack18 datasets.
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Dataset Method Head Shoulder Elbow Wrist Hip Knee Ankle |Mean
Girdhar et al. [48] 72.8  75.6 65.3 543 63.5 609 51.8 | 64.1
Xiu et al. [56] 66.7 73.3 68.3 61.1 67.5 67.0 61.3 | 66.5
Bin et al [23] 81.7 834 80.0 724 753 748 67.1 | 76.7
HRNet [27] 82.1  &3.6 80.4 73.3 75.5 753 685 |717.3
MDPN [57] 85.2  88.5 83.9 77.5 79.0 77.0 71.4 | 80.7
PoseWarper 81.4  88.3 83.9 78.0 82.4 80.5 73.6 | 81.2
Girdhar et al. [48] - - - - - - - 59.6
Xiu et al. [56] 649 67.5 65.0 59.0 62.5 62.8 579 | 63.0
PoseTrack17 Test Set Bin et al [23] 80.1 80.2 769 T71.5 725 724 65.7 | 74.6
HRNet [27] 80.1 80.2 769 72.0 734 725 67.0 | 749

PoseWarper 79.5 84.3 80.1 75.8 77.6 76.8 70.8 | 77.9

High Level Approach

e We introduce the PoseWarper network that operates on sparsely

annotated videos, i.e., pose annotations are given only every k frames. PoseTrack17 Val Set

e Given a pair of frames from the same video—a labeled Frame A and

an unlabeled Frame B—we train our model to detect pose in Frame A
using the features from Frame B.

1. Training (Unlabeled — Labeled) ‘ | AlphaPose [58] 63.9  78.7 774 71.0 7377 73.0 69.7 | 71.9
Ny YN PoseTrack18 Val Set MDPN [57] 754  81.2 79.0 74.1 724 73.0 699 | 75.0
S ﬁ-th-;‘{!f'm | | PoseWarper 799 863 824 775 79.8 78.8 73.2 | 79.7
P Erame (ime 0 PoseWarper (time t+1) FlowNet2 (time t+1) AlphaPose++ [57,58] - - - 662 - - 650676
PoseTrack18 Test Set MDPN [57] - - - 74.5 - - 69.0 | 76.4
Method Head Shoulder Elbow Wrist Hip Knee Ankle |Mean PoseWarper /89 844 809 768 75.6 775 718|780
-, VA Pseudo-labeling w/ HRNet [27] 79.1 86.5 81.4 747 814 794 723 | 79.3
"""""""""""""""""""""""""""" Predicted Pose in Frame A Optical Flow Propagation (Farneback [55]) 76.5 82.3 743 69.2 80.8 74.8 70.1 | 75.5 :
--------------------------------------------- Optical Flow Propagation (FlowNet2 [29]) 82.7 91.0  83.8 784 89.7 83.6 78.1 | 83.8 Interpretlng our Learned Offsets
PoseWarper (no dilated convs) 86.1 91.7 88.0 83.5 90.2 87.3 84.6 | 87.2
PoseWarper (1 dilated conv 85.0 91.6 88.0 83.7 89.6 87.3 84.7 | 87.0 . . . . . . .
POSCWarfer ((2 dilated COHVS)) 858 004 888 840 910 884 %60 | 880 e Understanding what information is encoded in our learned offsets is challenging
PoseWarper (3 dilated convs) 86.1 92.6 89.2 85.5 91.3 88.8 86.3 | 884 . . . . . . L _
PoseWarper (4 dilated convs) 863 026 8§95 %50 010 888 864 | 886 due to high dimensionality of the offsets, i.e., we are predicting 17x3x3=153 (x,y)
PoseWarper (5 dilated convs) 86.0  92.7 89.5 86.0 91.5 89.1 86.6 | 88.7 d iSp| acements for every piXEl.
U | | ‘ B(imet) ! Featires o  pe— e It appears that different offset maps encode different motion, thus performing a
nlabeled Frame B (time eatures Relating the _, Feature Warping . . . o . o . . . .
,,,,,,,,,,,,,,,, Two Frames ea“reTarp'"g Spatiotemporal Pose Aggregation at Inference sort of motion decomposition of discriminative regions in the video.
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e We leverage dilated deformable convolutions to learn how to warp 3 ~GT (7x) 3 ~GT (7x)
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e The warped heatmaps from Frame B are then used to detect Pose in a 0 190~ 200 3000 2 4 6 8 W 4
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e Our learned offsets implicitly learn motion cues between Frame A and Data Augmentation with PoseWarper Frame t+5 Channel 123 (x,y) Chl 199 (x,y)  Offset Magnitud
rame t+ anne X,y anne X,y set Magnitudes
Frame B, R e We augment sparsely labeled video data with our propagated poses as
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) | i) ~fl- diaton =6y | Fredded Pose e We then train a standard HRNet-W48 pose detector on this joint data.
l L 22Som ||| Det.conv é——»@aé 80 . T 80 . . . e Our approach reduces the need for densely labeled video data, while producing
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Piference €3 333Blocks | -// S 75! =75/ e Our state-of-the-art results on PoseTrack17 and PoseTrack18 datasets also show
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x - Laton =20 "™ ctabon =20 g /a0 & ~GT (7%) that our PoseWarper is useful even when training videos are densely labeled.
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K <70 ~GT (1x) P < 70] —GT E1x; +PGT( ﬁ e The source code and our trained models are available at:
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