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[ Abstract] Existing studies on the extraction of aspect sentiment triples mostly employ methods based on sequence tagging
or text generation. These methods consider neither the interactions at the span pair level nor the application of syntactic
knowledge. To address these problems, this study proposes a.deep learning model based on dependency graph convolution
and text span search to jointly extract aspect sentiment triples. The model first learns the contextual representation of each
word in a sentence through the Bidirectional Encoder Representations from Transformers( BERT) coding layer. It then utilizes
a graph convolutional neural network to learn the dependencies and syntactic label information in words to capture the semantic
associations between distant aspect terms and opinion-terms. It also uses text span search to construct candidate aspect and
opinion terms and their feature representations. Finally , the model extracts aspect and opinion terms and sentiment polarity
simultaneously using multiple classifiers Experiments on the Aspect Sentiment Triple Extraction( ASTE )-Data-V2 dataset
show that the model improves F1 scores by 10.61,10.54,4.91,and 8.48 percentage points on the 14res, 14lap, 15res, and
16res subsets, respectively, as compared with the JET model, thus demonstrating its effectiveness.

[ Key words] Aspect Sentiment. Triple Extraction( ASTE) ; graph convolution neural network ; deep learning ; dependency
syntactic parsing; text span‘search
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Fig.1 Example of aspect sentiment triplet extraction
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F1
F A5 i
14res 14lap 15res 16res
ESYNM 73.01 61.58 62.44 72.31
w/o [CLS] 72.24 60.79 61.82 71.68
w/o LenEmb 71.86 60.47 61.51 71.24
w/o Dep 70.26 60.18 60.25 70.13
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Fig.3 Comparison of the number of graph convolution layers
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Fig.4 Comparison of maximum search length
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Example:Rice is too dry,tuna was n't so fresh either.

Ground Truth: (Rice, negative, too dry) , (tuna, negative,
was n't so fresh)

TwoStage : (Rice, negative, too dry) , (tuna, negative , was n't
so fresh) , (Rice, negative, was n't so fresh) x, (tuna, negative,

too dry) x

ESYNM w/o Dep: (Rice, negative, too dry) , (tuna,
negative,was n't so fresh) , (Rice,negative,dry) x

ESYNM: (Rice, negative, too dry) , (tuna, negative,
was n't so fresh)
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