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Abstract

Most existing self-supervised works use a single spatial or temporal pretext task. A single pretext
task, providing single supervision from unlabeled data, is insufficient to describe the difference
between spatial features and temporal features for video representation learning. In this paper,
we propose an attentive spatiotemporal contrastive learning network, which learns discrimina-
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tive spatial-temporal features with self-attention by contrastive learning between multiple spa-
tial and temporal pretext tasks. Different spatial features are learned by multiple spatial pretext
tasks, including spatial rotation, and spatial jigsaw. Different temporal features are learned by mul-
tiple temporal pretext tasks, including temporal order, and temporal pace. We represent video as
multiple different features for each pretext task, and design pretext task-based contrastive loss to
separate the spatial feature and the temporal feature learned in one video. The pretext task-based
contrastive loss encourages the different pretext tasks to learn dissimilar features and the same
pretext task to learn similar features, which can learn the discriminative features for each pretext
task in one video. Experiments show that it outperforms existing self-supervised learning methods
for behavior recognition on the UCF-101 dataset and the HMDB-51 dataset.
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Figure 1. Multitask comparison learning example diagram
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Figure 2. The multi-task comparison learning method consists of the following four modules. (a) Multi-task data expan-
sion module. (b) Attentional feature extraction module. (c) Agent task loss module. (d) Contrast learning loss module.
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Table 1. Comparison of multitask and contrastive learning

= 1. BESZSXEEFE SR

TR Z5 I I UCF-101 HDMB-51
fRIAT S5 ok (%) (%)
SJ \/ 78.6 39.2
SR Y 79.0 42.0
TP Y 79.5 413
TO y 80.1 40.7
SI+TP \ 75.2 36.6
SI+TO V 74.2 372
SR + TP \ 75.4 38.2
SR + TO V - 76.3 37.9
SJ+TP \ \ 80.4 43.5
SI+TO \ \ 80.7 41.1
SR + TP \ S 82.2 44.6
SR +TO \ \ 81.7 42.6
TO + TP + SR + SJ \ - 74.9 39.3
TO + TP + SR +SJ \ \ 86.9 543
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XFEE 2 S SR T AN L B IR S, WITSEEl 7 S S, R S IR AT 2 ) B S A
PRI IE o e 1B BE A TO + TP + SR + ST PURR R AT 55 FHBE A 433 2 ok 3R 45 e AR 1 BE(UCF-101 A
86.9%, HDMB-51 A 54.3%).

Table 2. Comparison of attentive STA Block’s contrastive learning

2. BFEEENERAIXT L F SJ LB

Self-attention UCF-101 (%) HDMB-51 (%)
Without 86.9 543
SA 87.4 55.4
TA 87.0 56.3
SA+TA 88.4 57.6

B 25 B IR R BRI RE IR . 42 2 45 T ANFERREE N AT N IR AR . B s R R Y
I ATIGEIE 2 RS2 R, B E AR MO B R R . ELAT I R) 3 2 A AR 2R 2% STl ) f B 1) S R
A LA 5 LA B R S A RAE, BP0 IE 3l . IR IR 1R 25 R) 5% R FHIT TR) 26 842 FLAM D,
5 L33 T BRI AR (UCF-101 4 88.4%, HDMB-51 4 57.6%).
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Table 3. Comparison of state-of-the-art self-supervised methods

3. mAHBBEE AR

. T 5 F-101 HDMB-51
Jiik Backbone i;l % 7,;: UC(% ) %)
3D RotNet [1] 3D ResNet-18 Kinetics-400 76.6 47.0
3D ST-puzzle [7] 3D ResNet-18 Kinetics-400 65.8 33.7
LSFD [18] C3D Kinetics-400 79.8 52.1
SpeedNet [5] S3D-G Kinetics-400 81.1 48.8
TBE [19] I3D Kinetics-400 87.1 56.2
CoCLR [20] S3D Kinetics-400 87.9 54.6
Video Jigsaw [2] CaffeNet Kinetics-400 55.4 27.0
ERUV [21] R(2 +1)D-18 Thumos14 68.4 319
PRP [4] R(2 +1)D-18 UCF-101 72.1 35.0
COP [3] R(2 +1)D-18 GTEA 72.4 309
PacePred [11] R(2 +1)D-18 Kinetics-400 77.1 36.6
TCGL [22] R(2 +1)D-18 Kinetics-400 81.2 50.1
TaCo [12] R(2 +1)D-18 Kinetics-400 81.8 46.0
CPNet [6] R(2 +1)D-18 Kinetics-400 83.8 57.1
Elo [15] R(2 +1)D-26 Youtube 84.2 53.7
TCLR [10] R(2 +1)D-18 UCF-101 84.3 54.2
CMD [9] R(2 + 1)D-26 Kinetics-400 85.7 54.0
STOR [23] R(2 + 1)D-18 Kinetics-400 87.6 56.4
Ours R(2 +1)D-18 Kinetics-400 88.4 57.6
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Figure 5. The output heat map of the 5th stage of attention feature extraction module
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