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1. Problem



Task of Temporal Action Localization

frame-level annotations ?

In a fully-supervised approach, the training needs
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time-consuming, expensive



video-level annotations ?

Q1. What is the ideal representations?
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Background Cricket bowling Cricket Shot Background

Q2. How to get the representation without frame-level annotation?

« no interference of backgrounds
mp Action assembling for separated instance-patterns
« correlation among actions

= RNN for multiple instance-pattern generation
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7. Method
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Generalization of Class Activation Mapping (CAM):
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Repetition Alignment
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- Experiment



Sub-module Study:
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Table 1: Effects of sub-modules on THUMOS’ 14
Sem VvV vV V[V v V[V
Sparsity v VoV v
Coverage Vv Vi NV
RAM J v V|V
Ave-mAP(%) |39.0(43.8 42.4 43.8|43.3 44.0 447 47.0
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Overall Results
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Table 2: Comparison with state-of-the-art on THUMOS’ 14

. AP@IoU
Supervision | Method 01 02 03 04 05
Richard (Richard and Gan 2016) 39.7 35.7 30.0 23.2 15.2
Shou (shou, Wang, and Chang 2016) 477 43.5 36.3 28.7 19.0
Ye-ul’lg (Yeung et al. 2016) 489 44.0 36.0 264 17.1
Yuan (Yuanetal. 2016) 514 426 33.6 26.1 18.8
Ftu Shou (Shou etal. 2017) — — 40 1 294 23.3
Supe-l‘vised Yuan (Yuan et al. 2017) 51.0 452 36.5 27.8 178
Gao (Guo. Yang, and Nevatia 2017) 54.0 509 44.1 349 25.6
XU (Xu, Das, and Saenko 2017) 545 51.5 448 35.6 289
Zhao zhawoetal. 2017) 66.0 594 519 41.0 2938
Yang (Yang et al. 2018) — — 44,1 37.1 28.2
Chao (chaoetal 2018) 59.8 57.1 532 48.5 42.8
Alwasssel (Alwassel et al. 2018) 496 44.3 38.1 284 19.8
Lin (Linetat 2018) — — 53.5 45.0 36.9
Wﬂﬂg (Wang et al. 2017) 44.4 377 282 21.1 13.7
Weakly Smgh (Singh and Yong 2017) 36.4 278 195 127 6.8
Supervised | Nguyen (Neuyen etal. 2018) 52.0 447 355 258 169
Shou (shou et al. 2018) — — 35.8 29.0 21.2
Paul pauiet ai. 2018) 55.2 49.6 40.1 31.1 22.8
Ours 68.8 60.0 48.7 34.7 23.0
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