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Abstract : The existing self-supervised representation algorithms mainly focus on the short-term motion
characteristics between video frames, but the variation range of the action sequence between frames is small, and the
depth feature expression ability of single-view data is affected due to semantic limitations, so the rich multi-view
information in video actions is not fully utilized. Therefore, a temporal contrast learning algorithm based on
cross-view semantic consistency is proposed to self-supervised learn the action temporal variation characteristics
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embedded in both RGB frames and optical flow field data. The main ideas are as follows: to design a local temporal
contrast learning method, adopt different positive and negative sample division strategies to explore the temporal
correlation and discriminative differentiability between non-overlapping segments of the same instance, and enhance
the fine-grained feature expression capability; to study the global contrast learning method to increase the positive
samples by cross-view semantic co-training, learn the semantic consistency of different views of multiple instances,
and improve the generalization ability of the model. The model performance is evaluated through two downstream
tasks, and the experimental results on UCF101 and HMDB51 datasets show that the proposed method improves on

average 2~3.5percentage points over cutting-edge mainstream methods on action recognition and video retrieval

tasks.

Key words: self-supervised learning; video representation learning; temporal contrastive learning; local contrastive

learning; cross-view co-training
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25 LTCL J5%, MGt e A s .
R 2 LTCL EEARFVIZH B E RS
Table 2 Ablation study of LTCL in different training stages
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Table 3 Ablation study of CVTCL with Top-K

VIR B SRR IR %%

YiiE  WRE BN Top-1 Acc/% R@1/% R@5/% R@10/%
v x  RGB 54.6 43.9 63.1 72.0
v x flow 69.1 54.7 74.1 81.6
v v RGB 57.2 426 62.9 72.5
v v flow 67.3 50.6 72.4 78.0

3.3.3 WEEINSHBGE S K B

EOFEZRBY B, 2 :REG)YFIA R (S) 4R ¥ K
TR A s A B2 IR RE AR B0, 0SS 2 B 1 52 T
FExEE, WESH K WE, FHLREME N RGB
I 2% F2 40 IEAE AU 2R 100 4 epochs, 25 R U15R 3 FR,
K MBUE N 0. 1. 5. 10. ATLLAE L, BMEE
P AR AL KO, BRI RO L, RIARIH S — A
P 3R 11 3 A5 P AR AR 0T DA R i TR A AR 1
RRR, IR IERARRE, BRI T b (E B
24 S ORI . (EREE EREAR 2, HHE T
R, BRASCEE R E K=5 #ATEIZ.

3.3.4 WiEhRHNSIZHIRERAB BRI

N Y B4R B K B RGB AT It X 2% B ] )1 45 1
AR, #IEAE UCF101 Fdi e Fib A7 A = AT 55,
WA R AZ B G A2 . Wil 3 A, BEdh R Rl
251 Bt epoch, Al 300 4~ epochs /& P~ 73 SZ B AL AT U
BB, ARG NS ANEIR, £ BIGEfEF,
[ —™ epoch [X 1] [ 72 — N WX 4% 4 55 — AN X 2 FE 4k 1
FEARBATBALARAL . BEZE P [FUIZR, RGB FIGIR M 4%
AR 2 M B R@k I 38R, 7E BN 2 8] HH AH [H]

Top-K BHERH PR

K LIIPN Top-1 Acc/% R@1/% R@5/% R@10/%
0 RGB 46.4 315 50.0 56.0
1 RGB 51.6 39.9 59.1 68.0
5 RGB 54.6 439 63.1 72.0
10 RGB 55.8 45.0 64.9 72.9
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Fig.3 CVTCL training process on UCF101
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1) e
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P
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P BAT 55 « A Cfd Fl UCF101 A1 HMDB51 s 5 (1)
MAREREA, 237 W EATTHI I ZREE T A1) K AN 5l 46
MPREA, A H R@k 1 NZAE S5 PP fhifE bR . 45

W% 5 s, CVTCL 7E RGB ##5 EHUS T 48.3%A1
19.6%H) R@1 t R AGE, AR EdE LIS 1 57.0%
F127.0% R@1 A6 2K B - &5 SR 3= B 3G i =3 350 s e ot
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ARG PE LA RS R AT 55 ERIRCR . Kl 4 FoR,
AR UCF101 split1 X4 fh ik B 5 AP0 A0 BT #¢
A, AT A TE N S8 v 2 2 15 B 2R 51 Top-3 il
AT B . TRAUE B, ARSCHTH 72 mT DLR 47 2R
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Table 4 Comparison of accuracy for action classification on UCF101 and HMDBS51

- kS b i " Top-1 Acc/%
t ELES A % UCF101 HMDBS51

MoCoP! 2020 UCF101 16 X112 C3D 60.5 27.2

VCOPB3 2020 UCF101 16 X112 C3D 65.6 28.4

CoCLRIM 2020 UCF101 32X128 S3D 81.4 52.1

PacePred!'s] 2020 UCF101 112X112 R(2+1)D 75.9 35.9

STSB4 2021 UCF101 16 X112 C3D 69.3 34.2

DSMPI 2021 UCF101 16 X112 C3D 70.3 40.5

TCLR[P 2022 UCF101 16 X112 C3D 76.1 48.6

TCGL! 2022 UCF101 16 X112 C3D 77.4 39.5

CACLB 2022 UCF101 16 X112 R3D 77.5 43.8

Ours-RGB UCF101 32X128 S3D 74.5 44.7

Ours-flow - UCF101 32X128 S3D 81.8 52.1

£ 5 UCF101 fl HMDBS1 $#H4 F AR R BT L
Table 5 Comparison of accuracy for video retrieval on UCF101 and HMDB51
UCF101 HMDBS1
ik Ay Hm e ) 2% R@1/% R@5/% R@10/% R@1/% R@5/% R@10/%
VCOPB3l 2020 UCF101 R18 14.1 30.30 40.4 7.6 22.9 344
CoCLR-RGBI 2020 UCF101 S3D 51.8 69.40 76.6 23.2 432 53.5
CoCLR-Flow!!® 2020 UCF101 S3D 51.9 68.50 75.0 239 47.3 58.3
PacePred!'®! 2020 UCF101 R(2+1)D 31.9 49.70 59.2 129 32.2 45.4
BEP7 2021 UCF101 R18 11.9 31.30 44.5

VCLRI[4 2021 UCF101 R50 46.8 61.80 70.4 17.6 38.6 51.1
TCLR[P 2022 UCF101 RI18 56.2 72.20 79.0 22.8 454 57.8
TCGL! 2022 UCF101 R18 234 42.20 51.9 11.7 28.9 40.5
CACLPB 2022 UCF101 C3D 43.2 61.10 69.9 17.3 40.2 53.8
TransRank-ST[8! 2022 UCF101 R18 46.5 63.70 72.8 19.4 45.4 59.1
Ours-RGB UCF101 S3D 48.3 68.10 76.8 19.6 433 57.0
Ours-flow UCF101 S3D 57.0 75.87 82.9 27.0 51.4 64.2
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Fig.4 Nearest neighbour retrieval results with CVTCL representation

4 i
ASCHEH T —FPHT 0 R A R A 2 5] T ik
CVTCL, @i it —N 2 AF 5% 140 2k sk Bk 2% > 5 5
RILITHIFER R . BRI HAE N S50 E 4R
X LA 2] 7, SRR AT VB SURHR B A A — B
P, IRIFIZARRE 1B I RAE s FL R A — s A
B BRI RS A O, B R R X L ST

S E Hk:
[1] WANG L, XIONG Y, WANG Z, et al. Temporal segment
networks: towards good practices for deep action

recognition[C]//Proceedings of the European Conference

on Computer Vision, Amsterdam, Oct 10-16, 2016. Berlin:

Springer, 2016: 20-36.

[2] TRAN D, BOURDEV L, FERGUS R, et al. Learning
spatiotemporal ~ features with 3d  convolutional
networks[C]//Proceedings of the IEEE International
Conference on Computer Vision, Santiago, Dec 7-13,
2015. New York: IEEE Press, 2015: 4489-4497.

[3] ABU-EL-HAIJA S, KOTHARI N, LEE J, et al
Youtube-8m: a  large-scale video classification
benchmark[EB/OL].(2016-09-27)[2022-11-16].
https://arxiv.org/abs/1609.08675.

[4] KAY W, CARREIRA J, SIMONYAN K, et al. The
kinetics human action video
dataset[EB/OL].(2017-05-19)[2022-11-16].
https://arxiv.org/abs/1705.06950.

[5] HE K, FAN H, WU Y, et al. Momentum contrast for
uns-upervised visual representation
learning[C]//Proceedings of the IEEE/CVF Conference

5, SRR AL (R R RO AR s B ok R
TG RIE R B R AT 55, SRIETHALAIRS 2 AR 31
fIPERE, 72 UCF101 1 HMDB51 AN B4 45 b o) 465
BOREATIOAE . At SIGUE R, AR ST VAR A iR
JE£ 3 S AT 22 R0 B VB RUATE 2% b B A Bl il 4T
Mo FELUGEITAE S, Kdks it 7t A A R AE 22 3]
JTERAS R 2 R R AR R A SRS

on Computer Vision and Pattern Recognition, Seattle, Jun

14-19, 2020. New York: IEEE Press, 2020: 9729-9738.
[6] CHEN T, KORNBLITH S, NOROUZI M, et al. A simple

framework  for visual

contrastive  learning  of

representations[C]//Proceedings of the International
Conference on Machine Learning, Jul 12-18, 2020. New
York: PMLR, 2020: 1597-1607.

[7] GRILL J B, STRUB F, ALTCHE F, et al. Bootstrap your
own latent a new approach to self-supervised
learning[C]// Advances in Neural Information Processing
Systems, 2020: 21271-21284.

[8] CARON M, MISRA I, MAIRAL J, et al. Unsupervised
learning of visual features by contrasting cluster
assignments[C]// Advances in Neural Information

Processing Systems, 2020: 9912-9924.

[9] CHEN X, HE K. Exploring simple siamese representation
learning[C]//Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, Jun 19-25,
2021. New York: IEEE Press, 2021: 15750-15758.

[10] HAN T, XIE W, ZISSERMAN A. Self-supervised

co-training for video representation learning[C]//

Advances in Neural Information Processing Systems,

2020: 5679-5690.

[11] PAN T, SONG Y, YANG T, et al. Videomoco: contrastive



10

Computer Engineering and Applications TH5 L T2 5 M H

[12]

[15]

[16]

[18]

[19]

[20]

[21]

video representation learning with temporally adversarial
examples[C]//Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, Jun 19-25,
2021. New York: IEEE Press, 2021: 11205-11214.

LIU Y, WANG K, LAN H, et al. Temporal contrastive
graph learning for video action recognition and
retrieval[EB/OL].(2021-03-17)[2022-11-05].
https://arxiv.org/abs/2101.00820.

QIAN R, MENG T, GONG B, et al. Spatiotemporal
contrastive video representation learning[C]//Proceedings
of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, Jun 19-25, 2021. New York: IEEE
Press, 2021: 6964-6974.

KUANG H, ZHU Y, ZHANG Z, et al. Video contrastive
learning with global context[C]//Proceedings of the
IEEE/CVF International Conference on Computer Vision,
Montreal, Oct 10-17, 2021. New York: IEEE Press, 2021:
3195-3204.

TAO L, WANG X, YAMASAKI T. Self-supervised video
representation inter-intra  contrastive
28th  ACM
International Conference on Multimedia, Seattle, Oct
12-16, 2020. New York: Association for Computing
Machinery, 2020: 2193-2201.

OORD A, LIY, VINYALS O. Representation learning
with contrastive
coding[EB/OL].(2019-01-22)[2022-11-05].
https://arxiv.org/abs/1807.03748.
DORKENWALD M, XIAO F, BRATTOLI B, et al.
SCVRL: shuffled contrastive video representation
learning[C]//Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, New
Orleans, Jun 19-21, 2022. New York: IEEE Press, 2022:
4132-4141.

WANG J, JIAO J, LIU Y H. Self-supervised video
representation

learning using
framework[C]//Proceedings  of  the

predictive

learning by pace
prediction[C]//Proceedings of the European Conference
on Computer Vision, Aug 23-28, 2020. Cham: Springer,
2020: 504-521.

SINGH A, CHAKRABORTY O, VARSHNEY A, et al.
Semi-supervised action recognition with temporal
contrastive learning[C]//Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
Jun 19-25, 2021. New York: IEEE Press, 2021:
10389-10399.

DAVE I, GUPTA R, RIZVE M N, et al. TCLR: temporal
contrastive learning for video representation[J]. Computer
Vision and 2022, 219:
103406-103414.

JIAO J, CAI Y, ALSHARID M, et al. Self-supervised
con-trastive video-speech representation learning for

ultrasound[C]//

Image Understanding,

Proceedings of the International

[22]

[25]

(28]

[30]

Conference on Medical Image Computing and Computer
Assisted Intervention, Lima, Oct 4-8, 2020. Cham:
Springer, 2020: 534-543.

XIAO F, TIGHE J, MODOLO D. MaCLR: motion-aware
contrastive learning of representations for
videos[C]//Proceedings of the European Conference on
Computer Vision, Tel-Aviv, Oct 23-27, 2022. Cham:
Springer, 2022: 353-370.

NI J, ZHOU N, QIN J, et al. Motion sensitive contrastive
learning for

self-supervised video

representation[C]//Proceedings  of  the  European
Conference on Computer Vision, Tel-Aviv, Oct 23-27,
2022. Cham: Springer, 2022: 457-474.

YAO T, ZHANG Y, QIU Z, et al. Seco: exploring
sequence supervision for unsupervised representation
learning[C]//Proceedings of the AAAI Conference on
Artificial Intelligence, Feb 2-9, 2021. Menlo Park: AAAI
Press, 2021: 10656-10664.

SUN C, MYERS A, VONDRICK C, et al. Videobert: a
joint model for video and language representation
learning[C]//Proceedings of the IEEE/CVF International
Conference on Computer Vision, Seoul, Oct 27-Nov 2,
2019. Piscataway, NJ: IEEE, 2019: 7464-7473.

ZHANG D, ZHENG Z, LI M, et al. Reinforced similarity
learning: siamese relation networks for robust object
tracking[ C]//Proceedings of the 28th ACM International
Conference on Multimedia, Seattle, Oct 12-16, 2020.
New York: ACM, 2020: 294-303.

ZHANG D , ZHENG Z. Joint representation learning
with deep quadruplet network for real-time visual
tracking[ C]//Proceedings of the 2020 International Joint
Conference on Neural Networks (IJCNN), Glasgow, Jul
19-24, 2020. Piscataway: IEEE, 2020: 1-8.

SOOMRO K, ZAMIR A R, SHAH M. A dataset of 101
human action classes from videos in the
wild[EB/OL].(2012-12-03)[2022-11-05].
https://arxiv.org/abs/1212.0402.

KUEHNE H, JHUANG H, GARROTE E, et al. HMDB: a
large video database for human motion
recognition[C]//Proceedings of the IEEE International
Conference on Computer Vision, Barcelona, Nov 6-13,

2011. New York: IEEE Press, 2011: 2556-2563.

XIE S, SUN C, HUANG J, et al. Rethinking
spatiotemporal feature learning for video
understanding[C]//Proceedings  of  the  European

Conference on Computer Vision, Munich, Sep 8-14, 2018.
Cham: Springer, 2018: 305-321.

ZACH C, POCK T, BISCHOF H. A duality based
approach for realtime tv-1 1 optical flow[C]//Pattern
Recog-nition: 29th DAGM Symposium, Heidelberg, Sep
12-14, 2007. Berlin: Springer, 2007: 214-223.

CARREIRA J, ZISSERMAN A. Quo vadis, action



2024-6-6

Computer Engineering and Applications 118N L5 M H 11

[33]

[36]

recognition? a model and the kinetics
dataset[C]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, Hawaii, Jul
21-26, 2017. New York: IEEE Press, 2017: 6299-6308.
XU D, XIAO J, ZHAO Z,
spatiotemporal  learning via video clip order
prediction[C]//Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, Long
Beach, Jun 16-20, 2019. New York: IEEE Press, 2019:
10334-10343.

WANG J, JIAO J, BAO L, et al. Self-supervised video

representation learning by uncovering spatio-temporal

new

et al. Self-supervised

statistics[J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2022, 44(7): 3791-3806.

WANG J, GAO Y, LI K, et al. Enhancing unsupervised
video representation learning by decoupling the scene and
the motion[C]//Proceedings of the AAAI Conference on
Artificial Intelligence, Virtual, Feb 2-9, 2021. Menlo Park,
CA: AAAI Press, 2021: 10129-10137.

GUO S, XIONG Z, ZHONG Y, et al. Cross-architecture

self-supervised video representation
learning[C]//Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, New
Orleans, Jun 19-21, 2022. New York: IEEE Press, 2022:
19270-19279.

WANG J, GAO Y, LI K, et al. Removing the background
by adding the background: Towards background robust
self-supervised video representation
learning[C]//Pro-ceedings of the IEEE/CVF Conference
on Computer V-ision and Pattern Recognition, Virtual,

Jun 19-25, 2021. New York: IEEE Press, 2021:
11804-11813.

DUAN H, ZHAO N, CHEN K, et al. Transrank:
Self-supervised video representation learning via
ranking-based transformation
recognition[C]//Proceedings of the IEEE/CVF

Conference on Computer Vision and Pattern Recognition,
New Orleans, Jun 19-21, 2022. New York: IEEE Press,
2022: 3000-3010.



	跨视图时序对比学习的自监督视频表征算法
	王露露1,2,  徐增敏1,2,3,  张雪莲1,2,  蒙儒省3,  卢  涛4
	视频理解是计算机视觉中的重要任务，近年来随着互联网技术的飞速发展，多媒体信息数据源源不断产生，庞大的
	1  相关工作
	1.1对比自监督学习算法
	1.2  多视图自监督学习算法
	1.3  细粒度的时序表征学习算法

	2  CVTCL算法
	2.1  实例对比学习
	2.2  跨视图全局对比学习
	2.3  局部时序对比学习
	2.4  算法实现

	3  实验验证与分析
	3.1  实验数据集
	3.2  实验设置
	3.3  消融实验

	3.3.1  验证初始化阶段各个对比损失的有效性
	3.3.2  验证所提局部时序对比学习的有效性
	3.3.3 验证协同训练阶段近邻数K的有效性
	3.3.4 验证协同训练挖掘正样本的有效性
	3.4  实验结果分析

	3.4.1  定量结果分析
	3.4.2  定性结果分析
	4  结论



