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Using Reinforce Learning to Train Multi-attention Model

LIU Chang® LIU Qin-Rang'

Abstract
with the convolutional neural network, AM has many advantages: fewer parameters, the amount of computation being

Attention model (AM) concentrates computing resources on specific areas of the input data. Compared

independent of the input, higher tolerance for noise input, etc. Generally, the focused area is smaller than the input image
and target. However, if the focused area is too small, it will lead to more iterations and a low efficiency; besides, it is
difficult to recognize multiple targets in the same input. Therefore, this paper proposes a multi-focus model. However, if
on multiple focuses in parallel. This model uses reinforce learning (RL) to train, and scores the behaviors of all focuses
uniformly during training. Compared with the single focus model, both the training and recognition speeds are improved

by 25 %. At the same time, the model has good generality.
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Fig.1 Recognition process of RAM
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Fig.3 Recognition process of multi attention model
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