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Text-Video Feature Learning Based on Clustering Network
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Abstract Comprehensive understanding of video content and text semantics has been widely researched in many fields. The early
research is mainly to map text-video to a common vector space. However,one of the problems faced by this method is the lack of
a large-scale text-video datasets. Because of the large information redundancy of the video data.extracting the whole video feature
directly through 3D network will lead to more network parameters and poor real-time performance, which is not conducive to vi-
deo tasks. In order to solve the above problems, this paper proposes that the local characteristics of video can be aggregated by
good clustering network,and the network model can be trained by image and video datasets at the same time to effectively solve
the problem of video modal missing. At the meantime.the influence of face mode on recall task is compared. The attention mecha-
nism is added to the clustering network, which makes the network pay more attention to the modes strongly related to the text se-
mantics,so as to improve the similarity value of the text-video and improve the accuracy of the model. The experimental result
shows that text-video feature learning based on clustering network can map text-video to a common vector space,so that text and
video with similar semantics are close to each other.text and video with different distances are far away. In this paper,the per-
formance of the text-video recall task evaluation model based on MPII and MSR-VTT datasets is improved compared with other
models. From the experimental result,it is fully proved that the text-feature learning based on clustering network can map the
text-video to a common vector space,which can be used in the text-video recall task.

Keywords Recall model. Modal fusion,Clustering network, Video understanding
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Table 1 Modal contrast
(AL )
Evaluation set Text-to-Video

Model R@l R@5 R@I0

Our 12.6 27.3 37.2

Our+ Face 14.1 29.5 40. 3
Our+COCO 13.4 29.2 39.6
Our-+ Face+ COCO 15.2 30.4 40.9
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Table 2 Model accuracy on MPII dataset

CHLA 2 %)
Evaluation set COCO images MPII Videos
Model R@1 R@5 R@10 R@1 R@5 R@10
Our—+Face 12.6 31.4 45.2 14.1 29.5 40. 3
Our+Face+COCO  32.8 66. 4 81.3 15.2 30.4 40.9
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Table 3 Model accuracy on MSR-VTT dataset
Cfin : %)
MPII Videos

Evaluation set COCO images

Model R@1 R@5 R@10 R@1 R@5 R@10
Our+Face 10.6 27.3 42.7 15.3 39.7 54.2

Our+Face+COCO  23.5 57.4 76.5 19.5 43.8 57.1
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