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Table 4 Results of Noun Metaphor Identification

LAY Acc P R F,
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Capsule 0.878 1 0.8755 0.8582  0.8667
Transformer 0.8563 0.8959 0.779 5 0.833 6
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BERT+Transformer  0.9000  0.8964  0.8858  0.8910
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Y51 BERT REWS A R0CHE 3 44 1) By v A fA R gy 40
B A EHE . BERT+Transformer B9 F,{H % 5 0.891 0,
Capsule Fil BERT 43135 3] 0.866 7 #110.874 0, Y4405

(Dhttps: //github.com/google-research/bert.
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BemE B AT AR 5 B
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6], BERT+Transformer 75 5t GE 4% 45 H 1E 7 Tl
W 237 R IE R IAWAE SR, B 1 i SCAk A A& 2
Frh—AN SR R M AR E R, H R LA
T, AT a5 P S B d Y
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Identifying Noun Metaphors with Transformer and BERT

Zhang Dongyu1 Cui Zijuan2 Li Yingxia1 Zhang Wei' Lin Hongfei3
1(School of Software, Dalian University of Technology, Dalian 116620, China)
2(International Office, Dalian University of Technology, Dalian 116024, China)
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Abstract: [Objective] This paper proposes a new method to address the issues facing semantic information and
relationship representation, aiming to improve the recognition of noun metaphors. [Methods] First, we used the
BERT model to replace the word vector, and added position relationship among words for the semantic
representation. Then, we utilized the Transformer model to extract features. Finally, we identified the noun
metaphors with the help of used neural network classifier. [Results] The proposed model got the highest scores in
accuracy (0. 900 0), precision (0. 896 4), recall (0. 885 8), and F1(0. 891 0). It covered multiple key points to
improve the classification results of noun metaphors. [Limitations] The proposed method could not process the
Chinese ancient idioms, as well as rare or dummy vocabularies. [Conclusions] The proposed model could more
effectively identify Noun Metaphors than the existing models based on artificial features and deep learnings.

BERT
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