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Method of sentence similarity calculation based on dependency parsing
HU Yugqing, JI Mingyu, WANG Chenlong

(School of Information & Computer Engineering, University of Northeast Forestry, Harbin 150040, China)

[ Abstract] Dealing with the problem that different sentence lengths affect similarity calculation, this paper proposes the method of
sentence similarity calculation based on dependency parsing. Firstly, according to dependency parsing analyses the semantic
expression importance of each grammatical component in a sentence, making a rule of sentence feature extraction, which extracts the
major features of the long sentence and to supplement the important semantic information of the short sentence. In addition, it learns
sentence features by dilated convolution and deconvolution that are convolution neural network two models, and reduce full join
dimension the sentence features to get the result of sentence similarity calculation. Finally, the method is verified on three data sets
selected in this paper.
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Tab. 1 Changes of English short and long sentences under dependency rules
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Tab. 2 Dependency types and annotations in LTP
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Fig. 1 An example of lip syntax structure tree
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Fig. 2 Sentence length comparison after using dependency rule
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Fig. 3 Comparison between convolution and dilated convolution
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PEATY FEPRIBC, A T4 00 1 E AR DLE LB ] DL
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Fully connected layer with softmax
output

6 vectors Concatenated
together

Max pooling

Dilated Convolution
3 windows size(3,4.,5)
totally 6 filters

Sentence matrix
nXk

Sentence 1: The ice hockey goalkeecper is wearing a yellow jer
sey and is defending the goal.

Sentence 2: A hockey player in a yellow jersey is guarding the
goal

B4 FEF KERK Text—CNN
Fig. 4 Text—CNN that blends dilated convolution
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Fig. 5 Deconvolution structural model
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Tab. 3 Statistics of three data sets
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Tab. 4 Comparison of main evaluation indexes %

) MSRP %i#ii4E STS Hudladk BRER MR
R MERRE AR ORERE FI(E MERRR R OREE FUE R JREDR OFE FILE
Text-CNN!®] 0.769 4 09133 0.7578 0.8352 0.7635 0.6543 0.8186 07047 04545 0.6070 0.7955 0.5198
Mp-CNN'7) 0.7481 0.8879 0.7236 0.8120 0.7134 0.5576 0.7796 0.626 0 0.4568 0.607 8 0.796 6 0.521 6
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(b)ROC curve comparison under dependency rules
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Fig. 6 ROC curve comparison of MSRP data set
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Fig. 8 ROC curve comparison of intelligent customer service data set
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