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Attention—-based Weight Allocation Mechanism

ZHANG Ya-fei
(School of Computer Science and Technology , China University of Petroleum , Qingdao 266580 ,China)

Abstract; Recently , the deep learning technology based on neural network has been developed rapidly and widely used in daily life,such
as pedestrian detection, license plate recognition, face recognition and so on. Theoretically, the neural networks have the ability to
approximate any complicated functions abstracting from real world. However,in practice, it is impossible to reach this target. The reason
is that enlarging networks would cause over—fitting. To tackle this question, some researches design the neural networks structure guided
by person’ s priori knowledge to narrow down the function of every neural network module for increasing its performance. Inspired by at-
tention mechanism and regularization methods, we propose an attention —based weight allocation mechanism to optimize the network
structure. This method emphasizes or reduces contributions of some input data by distributing weights into different neural networks
modules , which is designed as a differentiable end—to—end neural network. In a number of experiments on citation networks and on some
public datasets, we demonstrate that the proposed algorithm has a better quality and outperforms other methods.
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