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Introduction Two Stage Training: Pretrain then Finetune

Background: Temporal action detection (TAD) aims to identify the temporal interval (i.e., the start and end points)
and the class label of all action instances in an untrimmed video.

Motivation: Most SOTA TAD methods rely on large number of videos with exhaustive segment-level annotations.
Existing methods adopt an intuitive strategy of combining an existing TAD models and a SSL method. This strategy

Stage-l: Unsupervised Pretraining:We introduce a pretext task based on a novel notion of random foreground.
With a randomly masked feature sequence, our pretext task aims to predict jointly (1) the temporal mask with the

start s and end e (Fig. 4(b)), (2) the temporal position of each snippet after shuffling (Fig. 4(c)), and (3) the
reconstruction of snippet feature (Fig. 4(a)).
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Main Results

Model Architecture Results on ActivityNetvl.3 and THUMOQOS14
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TAD methods typically struggle at estimating accurately the boundary between foreground and background segments.

We refine them by obtaining hard and easy examples from the action boundary based on the structure of Class Branch
(Fig 3(a)) and Mask Branch (Fig. 3a(b)) and calculate a infoNCE contrastive objective between them.

Ablation Studies

Effect of SPOT in Feature Space.

Analysis of localization error propagation SPOT model w/ and w/o unlabeled data.
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