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GTS-BERT* 70.22 69.30  69.75 58.20 53.39  55.69 61.09 52.97  56.74 67.51 67.38 67.44
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Abstract ; Aspect-sentiment triple extraction task is defined as recognizing aspectual terms, sentiment polarity, and opin-
ion terms in a sentence. Recently, researchers have proposed an end-to-end grid labeling method that effectively miti-
gates the problem of error propagation in pipelined approaches. However, the method ignores the positional relationship
between characters and local contextual information, which results in the model not being able to fully mine the local
sentiment features in the text, affecting the further improvement of performance. To address the above problems, this
study proposes an aspectual sentiment Triple extraction model that fuses positional features with semantic segmentation.
In this study, we first learn the contextual expression of each word through the BERT coding layer, and at the same
time, we add location coding to enrich the model’ s perception of location information. On this basis, the local depend-
encies between characters are captured using semantic segmentation network to fully model the contextual information of
the text and strengthen the local modeling ability of the model. The experimental results on four standard datasets,
Resl4, Lapl4, Resl5 and Resl6, show that compared with the benchmark model, the model proposed in this paper im-
proves the F1 metrics by 2. 82,3.8,3.59 and 3. 77 percentage points, respectively, and all of them achieve optimal per-
formance, which effectively proves the superiority of the method proposed in this paper.

Keywords : triple extraction ; semantic segmentation ;location coding;sentiment analysis; grid labeling



