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SlowFast information fusion action recognition network
based on deeply nested attention mechanism

Zhang Qiyao Sang Haifeng

(School of Information Science and Engineering, Shenyang University of Technology, Shenyang 110870, China)

Abstract: Video action recognition has been widely used in many fields such as video surveillance and automatic driving. SlowFast
network is often used in the field of video action recognition. At present, attention is used to enhance relevant information in SlowFast
correlation network. The combination of attention mechanism and network is to embed the attention mechanism among various
convolutional blocks of the network. If the attention mechanism is deeply embedded into the specific convolutional layer of the
convolutional block, the information extraction capability of the SlowFast network will be further enhanced. Firstly, a deep nested
attention mechanism is proposed, which contains an attention SCTM that can extract space-time and channel information, and further
strengthens the three information extraction capabilities of SlowFast network. In addition, the current multi-stream network fusion
information is not fully interactive and processed. A multi-stream spatio-temporal information fusion network based on cross-attention and
ConvL.STM is proposed to make the information of each stream in the multi-stream network fully interact. The improved SlowFast network
has achieved 98. 5% Top-1 accuracy on UCF101 and 80. 1% accuracy on HMDB51. Compared with the original SlowFast network, the
SlowFast spatiotemporal information fusion network with deeply nested attention has superior performance in information extraction and
fusion.
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DSFNet-DN x vV x x 97.3 78.9
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Gl ER

97 97.5 98. 1 97.9
DB1,DB2

%5 IR MR DNM A RTHE T, X Tl
B2 05 G B LSTM™ | bi-LSTM ¥ TCNP |
ConvLSTM 4 Fii LAY IR P05 B4R MU 05 00 be 4

xS 4 FERRBERITEE (UCF101)
Table 5 Comparison of four temporal information
extraction modules ( UCF101)

LR Top-1 B %/ %
ConvLSTM 9.5

LSTM 95. 1
Bi-LSTM 95.8

TCN 95. 4

BT LK LSTM, Bi-LSTM , TCN 3 R 7E i 715 8
FOFRECRE 71 7 AR 5 H 2 X 25 0] 45 8 pd AL B 1 i
SASU ConvLSTM, BT A ConvLSTM 2 i & SlowFast ¥
I TS 515 B AL AR



43 4 WRIERETERE ST SlowFast {75 SRS Sh7EU 4% - 165 -

i

7

AR SCER X H ET SRR 40 7 B ) AL AR

TRIZMER RS, 2 H T —F3 TR E iR E T B L
il SlowFast BF2S {5 BRE 4%, 85I ATREE I ETE
B SHLH, #E—EN5R T SlowFast P 2% i 2s 5@ B F
BPEEAE Ty, [FIF, R T e H Al 2 Mg b E B Rl A
it P FlEE B Z SR A8 B R T — R
FRNERESYE ConvLSTM A £ i it 25 {5 8 Bl & M 4% |
2R ML RN E BRI R 2 B, A SR
BRI 46 UCF101 %4 4 b 3l 7 5050 o o SR 42 T+ T
2.71% ,7E HMDBS1 $#i8 48 iR B MER K38 T+ T 9. 5%
RS E R AN GO AL T AR T

S 23k
[ 1] ZFAfe ,%ﬁi,gﬁ}@%‘ FLF 2D CNN F1 Transformer [

(2]

[3]

[4]

[5]

(6]

(7]

[8]

ANRSAER S L], B 00 B R, 2022, 45 (15)
123-129.

ZHU X H,ZHI M, YIN Y J. Human action recognition
based on 2D CNN and transformer [ J ]
Measurement Technology,2022,45(15) :123-129.
SIMONYAN K, ZISSERMAN A. Two-stream convolutional

Electronic

networks for action recognition in videos[J]. Advances in
Neural Information Processing Systems, 2014, 27.
CHRISTOPH F, HAOQI F, JITENDRA M, et al.
SlowFast networks for video recognition [ C]. IEEE
International Conference on Computer Vision, 2019,
2019(1) : 6201-6210.

SUN N, LENG L, LIU J, et al. Multi-stream SlowFast
graph convolutional networks for skeleton-based action
recognition [ J ]. Image and Vision Computing, 2021,
109 104141.

ZHANG S, LIU H, SUN C, et al. MSTA-SlowFast; A
student behavior detector for classroom environments[ J ].
Sensors, 2023, 23(11) . 5205.

DIAO X, XU Y. A SlowFast-Based violence recognition
method [ C]. 2022 6th Asian Conference on Artificial
Intelligence Technology (ACAIT). IEEE, 2022. 1-6.
ZHANG Y, IBRAYIM M, HAMDULLA A. Research on
cow behavior recognition based on improved SlowFast
with 3DCBAM[ C]. 2023 5th International Conference on
Communications ,
Engineering (CISCE). IEEE, 2023. 470-475.

WEI D, TIAN Y, WEI L, et al. Efficient dual attention
SlowFast networks for video action recognition [ J ].
2022,

Information System and Computer

Computer Vision and Image Understanding,

222 103484.

[9]

[10]

(11]

[12]

(13]

[14]

[15]

[16]

[17]

(18]

[19]

LI S, WANG Z, LIU Y, et al.
Transformer for video action recognition[ J].
Vision Computing, 2023 104740.

XU K, QIN Z, WANG G, et al.

fusion using fully convolutional two-stream network for

FSformer: Fast-Slow

Image and

Multi-focus image

visual sensors [ J]. KSII Transactions on Internet and
Information Systems (TIIS), 2018, 12(5) ; 2253-2272.
SN TR N = e S S S DG e Y s
FIR) I IR T B S A AG, DAY [ ] ML TR 5
2#,2023,45(3) ;470-477.

YUAN Y,HUANG L Q,YE F,et al. A real-time facial
manipulation video detection model based on ensemble
learning dual-stream neural network [ J ]. Computer
Engineering& Science,2023,45(3) :470-477.

SAMIEI M, CLARK J J. Predicting visual attention and
distraction during visual search using convolutional neural
networks[ J ]. arXiv preprint arXiv;2210. 15093, 2022.
CHEN K, XIE T, MA L, et al. A two-stream graph
convolutional network based on brain connectivity for
anesthetized states analysis [ J]. IEEE Transactions on
Neural Systems and Rehabilitation Engineering, 2022,
30: 2077-2087.

YUY, LIU F. A two-stream deep fusion framework for

high-resolution ~aerial ~scene classification [ J ].
Computational Intelligence and Neuroscience,
2018, 2018.

JElHE , 2 §ISF-. F T B ] 1R OB i AR B A R0
Frik[)]. EAMN MR R, 2022,41(10) ;72-79.
ZHOU X, YI J P. Human action recognition method
network [ J ].
Electronic Measurement Technology, 2022, 41 (10) .
72-79.

SHI X, CHEN Z, WANG H, et al. Convolutional LSTM

network: A machine learmning approach for precipitation

based on temporal context Foreign

nowcasting [ J ]. Advances in Neural Information
Processing Systems, 2015, 28.
WANG L, XIONG Y, WANG Z, et al. Temporal

segment networks: Towards good practices for deep action
recognition [ C ]. FEuropean Conference on Computer
Vision: Springer, 2016 20-36.

DU T, LUBOMIR B, ROB F, et

spatiotemporal features with 3D convolutional networks[ C ].

al. Learning

IEEE International Conference on Computer Vision,
2015, 2015(1) : 4489-4497.
CARREIRA J, ZISSERMAN A. Quo vadis,

recognition? A new model and the kinetics dataset[ C].

action

Proceedings of the IEEE Conference on Computer Vision

and Pattern Recognition, 2017 6299-6308.



- 166 - G R - C I T 38 &
[20] MA C Y, CHEN M H, KIRA Z, et al. TS-LSTM and [28] A48, /et BT EE R AR ERL A CNN-Bi-
temporal-inception: Exploiting spatiotemporal dynamics LSTM AARAT RIR BB ()], Bl 50 40,
for activity recognition [ J ]. Signal Processing: Image 2022,36(2) :89-95.
Communication, 2019, 71. 76-87. YUJ S, LU X L. Human action recognition algorithm of
[21] LI J, WEI P, ZHANG Y, et al. A slow-i-fast-p feature fusion CNN-Bi-LSTM based on split-attention [ J ].
architecture for compressed video action recognition[ C]. Joutnal of Electoronic Measurement and Insturmentation,
Proceedings of the 28th ACM International Conference on 2022,36(2) :89-95.
Multimedia, Seattle, WA, USA, ACM, 2020. [29] HUANG Z, XU W, YU K. Bidirectional LSTM-CRF
2039-2047. models for sequence tagging [ J ]. Computer Science,
[22] SU H, FENG J, WANG D, et al. TSI: Temporal 2015,DOI; 10. 48550/ arXiv. 1508. 01991.
saliency integration for video action recognition [ C ]. [30] BAI S, KOLTER J Z, KOLTUN V. An empirical
Proceedings of the IEEE Conference on Computer Vision evaluation of generic convolutional and recurrent networks
and Pattern Recognition, New Orleans, Louisiana, USA, for sequence modeling [ J]. arXiv preprint arXiv;
IEEE, 2022. 1-10. 1803. 01271, 2018.
[23] HUANG G, BORS A G. Busy-quiet video disentangling 1EEZ/N
for video classification [ C]. Proceedings of the IEEE 2T 2018 4E T eI RFHRAE¥ L
Winter Conference on Applications of Computer Vision, =Y VAR S B A =< 1 ) T A
Waikoloa, HI, USA, IEEE, 2022,1341-1350. WFE 75 18] R BE 22 > 5 hVEiR 9.
[24] ZONG M, WANG R, CHEN X, et al. Action saliency E-mail ; 2942084072@ qq. com
based multi-stream  multiplier ResNets for action Zhang Qiyao received his B. Sc. degree
recognition[ J]. Tmage and Vision Computing, 2021, from Yanshan University in 2018 and is now a
107 104-108. M. Sc. candidate at Shenyang University of Technology. His main
[25] RANASINGHE K, NASEER M, KHAN S, et al. Self- research interests include deep learning and motion recognition.
supervised video transformer [ C ]. Proceedings of the RiBIE GREMEE) ,2000 4T AL
IEEE Conference on Computer Vision and Pattern @ R 2FE IR 2F 2200, 2003 4EF AR ILIHTE
Recognition, New Orleans, Louisiana, USA, IEEE, ¥4 y KEFFRAG I+ 27, 2006 4FE T A db K3k
2022, 1-13. S L, TN T A SR, £
[26] THATIPELLI A, NARAYAN S, KHAN S, et al. Spaio- ‘ % . WFGETIE AT B3 K 55
temporal relation modeling for few-shot action recognition[ C]. SEE BRGNS Y S S IE S N 3
Proceedings of the IEEE Conference on Computer Vision AR
and Pattern Recognition, New Orleans, Louisiana, USA, E-mail ; sanghaif@ 163. com
IEEE, 2022. 1-15. Sang Haifeng ( Corresponding author) received his B. Sc.
[27]  SKHA, 2V, IARTE, . —FhBE T B8 H sEMG 43 degree from Northeast Normal University in 2000, M. Sc. degree

fift 55 LSTM i 28 B 25 AR 255 19 T H Ui r ik [T . 41X
BTN, 2021 ,42(4) :228-235.

ZHANG S, LI J T, BIE D Y. Gesture recognition by single-
channel sEMG decomposition and L[STMnetwork [ J ].
Chinese Journal of Scientific Instrument, 2021,42(4) .
228-235.

from Northeast Normal University in 2003 and Ph. D. degree from
Northeastern University in 2006, respectively. Now he is a
professor in Shenyang University of Technology. His main research
interests include intelligent video analysis, machine vision
detection and image recognition, autonomous driving environment

perception technology, and deep learning technology.



