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As visual features, we extract motion features using
ConvNet models trained on UCF-101 dataset (split 1)
with multi-frame stacking optical flows[4].
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Small MinPts — dist corresponds to
a region with high density.

Shots with low LOF are considered as
relevant shots and ranked to the top.

Shots are selected from all
clusters to guarantee diversity of
selection results.

Experiments and Results

Experiment 1: Dataset Construction mm

* Data: Web videos (YouTube) bals:(kel;cwza” 30 35 tenr?zl_zsvmg 38 37

* Actions: 11 actions in UCF11{2] diving 25 19 trampoline_jumping 42 44

* Precision rate = percentage of relevant oolf swing cg - volleyball spiking 36 as
shots among top 100 shots [3] horse riding 49 48 walking 25 11

 Baseline[3]: VisualRank based method soccer_juggling 76 72 Average 43.2 41.1

 Dataset: UCF11]|2]

Experiment 2: Action Classification

* Precision = average of 25-fold validation
* Training data: standard data[2] & shots
automatically obtained in Experiment 1
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