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Fig.2 Model diagram of video-guided machine translation with spatial-temporal attention (SAT).
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Fig. 3 Enample detection using Faster R-CNN on a frame of a video.
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Fig. 4 Local feature extraction process of target detection obtained from Fig.3.
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Tab.2 Vatex public test set experiment

Model S~ D 8
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Video-guided Machine Translation by
Spatial-Temporal Attention

Abstract : Video-guided Machine Translation as one of multimodal neural machine translation

tasks,which target is generating high-quality text translation by tangibly engaging both video and
text. But most of the existing methods , only relevant segments were selected to guide the machine
translation based on the temporal structure of video, which only have still a lot of information in
the selected fragment that is not relevant to the target language. So in the process of translation,
the spatial-temporal structure of the video is still underutilized to mitigate the lack of detail or
translation errors in machine translation. In order to solve this problem, we propose a
spatial-temporal attention (SAT) method to address such problems. We proposed the attention
model can not only select the most relevant segment of time and space with the target
language,but also further focus the mostrelevant entity information in the segment and
automatically focus on the most relevant spatial-temporal segments given the sentence context, the
entity information of concern can effectively enhance the semantic alignment between the source
language and the target language, so that the details in the source language can be translated
accurately. The method in this paper is based on the Vatex public dataset and the
Chinese-Vietnamese low resource dataset in the laboratory. The BLEU4 values on Vatex and
Chinese-Vietnamese resource datasets were 32.66 and 18.46,respecticely, which improved 3.54

and 0.89 BLEU values compared to the temporal attention baseline method.

Keywords : Spatial-Temporal Attention;Video-guided Machine Translation;Detail

Missing; Temporal Attention;Spatial Attention



