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. In this work, we address the problem

. of anticipating egocentric human
actions in an indoor scenario at several
time steps. More specifically, we aim

Action
Semantic
Embedding

All previous models designed for action anticipation are trained with cross-
entropy using one-hot labels, leveraging only one of the possible future
scenarios as ground truth. To overcome this issue, we smooth the target
distribution enabling the chance of negative (yet still plausible) classes to be
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_ o _ This simple method can be seen also as a knowledge distillation procedure:
labels where, from a set of valid future realisations, only one is sampled.
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- We show that with our simple method we can systematically improve results
of state-of-the-art models on action anticipation.

GloVe Label Smoothing:
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precede the ground truth.

With this prior we reward
not only the the correct class
but also all other similar actions.
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