COLUMBIA
UNIVERSITY

A
Columbia University
Overview: Training details of Segment-CNN: 1 powon: explicilly consider temporal overiap in the
» Motivation: Localizing actions in untrimmed lon : g el R o
videos, such as those ir?surveillance, can save > Proposal network: e
tremendous time and costs. - Two categories (background and being action) (Pf(z ”)) ]t >0

N |dentif didat ts that tai {
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Segment-based CNNs:

— Network architecture: C3D [Tran et al.]
Training: Proposal — Classification —

> Localization network:

Motivation: NMS might remove segment of small
score but of large overlap with ground truth.
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* The overlap loss term rewards segment with higher

temporal overlap with the ground truth
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Experimental results on THUMOS14:

» Comparison with state-of-the-art systems:

 Mainly use FV encoding of iDTF and frame-level CNN features
« Some work leveraged video-level classifiers trained on multiple features

NoU threshole i evaluiation] I I I ISR IO U
1.5 0.9 0.5 0.3 0.2

Karaman et al.

Wang et al. 19.2 17.8 14.6 12.1 8.5
Oneata et al. 39.8 36.2 28.8 21.8 15.0
Segment-CNN 47.7 43.5 36.3 28.7 19.0

» Efficiency analysis:
 Speed: GTX980. ~1s per batch. ~0.5s to process 1s video.
« Storage: less than 1 GB. do not need to cache intermediate features.

» Impact of individual networks:
* Proposal: S-CNN (19.0%) VS S-CNN w/o proposal (17.1%)
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