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MICRO-BLOG EMOTION ANALYSIS BASED
ON RAE + DROPOUT

EF RAE+Dropout {8 &R BRI l
Recently, text emotion analysis is one of the most popular research hotpots in the field of
natural language processing, Furthermore, micro—blog emotion analysis has received extensive attention in
academia and industry. Micro—blog emotion analysis aims to judge the positive, negative and neutral emotion
of the speech delivered by the user for an event. In this paper, firstly, the shortcomings of the original model
were illustrated according to the standard RAE model, and then an improved model, which is a joint model of
RAE + Dropout was put forward. This model aimed to prevent the problem of over—fitting as well as improve
the speed of model training by Dropout technology. At last, The RAE + Dropout model was compared with
the RAE + POS model, the standard RAE model and the SVM model respectively. The experiment results
indicated that: RAE + Dropout model has the best accuracy and F1 value, which are 0.82% and 0.64% up on

the results of the standard RAE model, especially the RAE + Dropout model has an obvious advantage in the

high-dimensional word vector representation.
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