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Abstract We propose a new framework for learning first-person action categories without supervision from a
first-person point-of-view video sequence. In the past, first-person motion, namely ego-motion, has been treated
as unwanted noise and is usually removed to improve action recognition performance. To the contrary, we show
that ego-motion, far from being unwanted, is actually a vital source of information for understanding first-person
actions. We implement a Dirichlet process multinomial mixture model for the two tasks of (1) learning low-level
feature clusters online and (2) learning first-person action categories. In our experiments, we use a video of dynamic

outdoor actions to show that the use of ego-motion is both effective and necessary for discovering first-person action

categories.
Key words Ego-motion, First-person vision, Dirichlet process, Unsupervised Learning
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