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Abstract: Existing video-text retrieval methods fail to effectively model temporal information
and relevance information in a unified manner. To address this issue, a video-text retrieval
method based on a cross-modal attention mechanism was proposed. Firstly, embeddings of video
frames and text were extracted using a large-scale pre-trained image-text model, and knowledge
transfer was leveraged to alleviate the heterogeneity between different modalities. Then, a joint
text-frame cross-modal attention module was introduced to simultaneously encode temporal
information among video frames and relevance information between video frames and text,
enabling the capture of more competitive video representations. Finally, the cross-entropy loss
function was used to constrain the model training. Comparative experiments for verification
demonstrate that the proposed method can effectively capture temporal and relevance information
of video frames, achieving competitive performance on the microsoft research video to text
(MSR-VTT) and large-scale movie description challenge (LSMDC ) datasets.
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Fig. 2 Architecture of video-text retrieval model based on cross-modal attention mechanism
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mechanism
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Table 1 Text-to-video retrieval results on
MSR-VTT-7K
LT R@! R@5 R@10 MdR MnR
ActBERT!® 8.6 23.4 33.1 36.0 —
Howto100M™ 14.9  40.2 52.8 9.0 —
ClipBERT® 22,0 46.8 59.9 6.0 —
All-in-one®™  34.4 65.4 75.8 — —
CLIP4Clip®  42.0 68.6 78.7 2.0 16.2
X~Pool” 43.9 72.5 82.3 2.0 14. 6
Ours 44.6 73.1 84.0 2.0 12. 4
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Table 2 Text-to-video retrieval results on

MSR-VTT-9K
TR R@l R@5 R@I0 MdR MnR
MMT!M 26.6 57.1 69.6 4.0 24.0
FROZEN!"! 32,5 61.5 71.2 3.0 —
All-in-one®!  37.9  68.1 77.1 — —
MAC™! 38.9 63. 1 73.9 3.0 —
Clover™ 40.5 69.8 79.4 2.0 —
CLIP4Clip®  44.5 71.4 81.6 2.0 15.3
RVTR?" 45.8 73.0 83.5 — —
X-CLIPY 46. 1 73.0 83.1 2.0 13.2
X~Pool” 46.9 72.8 82.2 2.0 14.3
STAN! 46.9 72.8 82.8 2.0 —
DGLP 47.0 70.4 81.0 — 16. 4
TS2-Net™  47.0 74.5 83.8 2.0 13.0
TABLEP" 47.1 74.3 82.9 2.0 13.4
Ours 47.2  73.1 84.3 2.0 11.3
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Table 3 Text-to-video retrieval results on LSMDC
Xl R@l R@5 R@I0 MdR MnR
MMT!M! 12.9 29.9 40.1 19.3 75.0
FROZEN™! 15.0 30.8 39.8 20.0 —
RVTR? 19.2 38.0 47.0 — —
DGLP 21.6 39.3 49.0 — 64.4
CLIP4Clip®  22.6 41.0 49.1 11.0 61.0
X-CLIP"! 23.3 43.0 56.0 — —
TS2-Net®™  23.4 42.3 50.9 9.0 56.9
STAN! 23.7 42.7 51.8 9.0 —
TABLEP" 24.3 44.9 53.7 8.0 52.7
Clover”¥ 24.8 44.0 54.5 8.0 —
X~Pool™ 25.2 43.7 53.5 8.0 53.2
Ours 25.4 43.8 54.2 8.0 52.8
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Table 4 Ablation experiment results of different K

K R@! R@5 R@I0 MdR  MnR

1 41.5 68.8 78.6 2.0 13.5
2 43.4 70. 8 81.6 2.0 13.5
4 44.2 70.5 81.2 2.0 14.1
6 43.3 71.0 80.9 2.0 14.0
8 43.5 69.7 80.3 2.0 14.6
10 43.1 68.9 79.9 2.0 15.2
12 42.2 69.5 79.5 2.0 15.5
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Table 5 Experimental results of temporal information

encoding
HAY R@l R@5 R@I0 MdR MnR
L 44.5 71.4 8l1.6 2.0 15.3

T EgwiS 46.8  72.5 82.4 2.0 14.2
At g 47.2  73.1  84.3 2.0 11.3
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