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ABSTRACT

Recent temporal action proposal generation
approaches are based on temporal convolutional
networks. In this paper, different from this, we
propose to use LSTM for sequential modeling on
actions. The propose method based on LSTM
evaluates snippet relatedness to define temporal
action intervals. Snippet relatedness indicates which
snippets are included in the same action instance. By
conducting experiments on the THUMOS-14 dataset,
we demonstrate the superiority of the proposed
method. We also analyze our method in diverse

aspects.
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Table 1. Performance comparison in terms of AR@AN
on THUMOS-14 [5].

Method @50 @100 @200 @500
BSN[3] 37.46 46.06 53.21 60.64
MGG[4] 39.93 47.75 56.71 61.36
SRG[2] 42.19 49.72 56.71 63.78

Ours (LSTM) 40.63 48.32 53.88 60.57
Ours (BiLSTM) | 41.34 49.14 55.60 63.11
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generated from the proposed method.
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