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Video moment location method based on cross-modal attention hashing
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Abstract: To enhance the accuracy of video segment localization and retrieval efficiency, a video moment location method based on
cross-modal attention hashing was proposed. Query statements and original video features were transformed into concise binary hash
codes through a hash learning model. A soft attention module was used to weight keywords in the query statements, and the video
hash codes and query statement hash codes were input into an enhanced cross-modal attention model to explore semantic relationships
between vision and language. A scoring prediction and position prediction network was designed to locate the starting timestamp at
the query moment. Experimental validation of the proposed method on two public datasets showed that the proposed approach
improved retrieval efficiency by approximately seven times.
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Table 1 R@ 1 performance comparison for the ActivityNet
Captions dataset AT %
R@1
L 1,=0.3 1,=0.5 1,=0.7
MCN"" 39.35 21.36 6.43
CTRL™ 47.43 29.01 10.34
TGN™ 45.51 28.47
TripNet ! 48.42 32.19 13.93
ACRN™ 49.70 31.67 11.25
VMLH" 52.15 34.50 17.16
ARSI 52.21 34.37 17.11
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Table 3 Comparison of average query time between models
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TEEAY R AT ]
CTRL"* 3.410 0
ACRN' 4.420 0
ABLR'*! 0.060 0
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Ours-full 0.011 7
Ours-vh 0.006 4
Ours-h 0.002 7

. B[R] A & 7 Il U5 AR AY (attention based location
regression, ABLR) . 5 15 7% M4 75 M 4% ( cross-modal hashing
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Table 4 Comparison of hash localization efficiency

ablation experiments PAf s
Charades-STA ActivityNet Captions
[FER TN i1 BTy
FE LI i) E S AsF[A]
32 i 0.008 9 0.009 2
64 i 0.009 7 0.013 6
128 i 0.018 6 0.023 2
None 0.072 6 0.087 5

11 : None 7R AR S A AR liA%
5 AT ENDRE R AR LR

Table 5 Comparison of hash localization accuracy

ablation experiments PR %
e Charades-STA ActivityNet Captions
T R R ol g ok

NS

1,=05 1,=0.7 1,=03 I1,=05 I,=0.7

32 i 41.57 17.32 50.11 30.23 14.80
64 i1 43.97 21.07 52.21 34.37 17.11
128 {i7 44.03 21.46 52.39 34.39 17.28
None 44.59 22.26 52.69 34.98 18.18
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