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A local attention network for aspect-level sentiment analysis

ZHANG Shuo', BU Wei’, WU Xianggian'

(1 School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China;
2 School of media Technology and Art, Harbin Institute of Technology, Harbin 15001, China)

[ Abstract] Considering that the context content closer to the aspect words may have a greater influence on the sentiment of the
aspect when analyzing the emotion of the aspect, an algorithm based on the local attention mechanism is proposed to classify the
emotion of the aspect level based on the distance factor. Input can be divided into global text, aspect, and the local text. Extract
feature of the three sequences by self—attention, and then apply interactive attention on global text and aspect to update global text
representation, apply interactive attention on local context and aspect to update the local text representation. Finally, the global text
and the local text representation are joined into the input classifier. Experimental results show that our results are superior to the
aspect—level sentiment analysis algorithm proposed in the past two years.
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Fig. 1 The chart of local context
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Fig. 2 The framework chart of our algorithm
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Tab. 1 The statistics of dataset

itk TR o T
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Tab. 2 Comparison of K in local context length
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