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Answer Extraction Method for Reading Comprehension Based on Frame Semantics and Graph
Structure

YANG Zhizhuo' , XU Lingling' . Zhang Hu' and LI Ru'**

1 School of Computer and Information Technology,Shanxi University, Taiyuan 030006, China

2 Key Laboratory of Computational Intelligence and Chinese Information Processing of Ministry of Education,Shanxi University, Taiyuan 030006,

China

Abstract Machine reading comprehension is one of the most challenging tasks in the field of natural language processing. With
the continuous development of deep learning technology and the release of large-scale MRC datasets, the performance of MRC
models keep breaking records. However, the previous models still have shortcomings in logical reasoning and deep semantic un-
derstanding. In order to solve the above problems,this paper proposes a reading comprehension answer extraction method based
on frame semantics and graph structure. This method first uses Chinese FrameNet to match candidate sentences related to ques-
tion semantics. Secondly, the entities in the questions and candidate sentences are extracted,and the entity relationship graph is
constructed based on the dependent syntax and semantic relationships of entities in the sentences. Finally, the entity relationship
graph is introduced into the graph attention network for logical reasoning,so as to realize the extraction of reading comprehension

answers. Experiment results on Dureader-robust dataset show that the proposed method achieves better results than the baseline

model.

Keywords Machine reading comprehension, CEN, Entity relationship graph,Graph attention network, Syntactic relations
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Fig.1 Chinese examples of machine reading comprehension
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B TR R, M SCSC RS vh e B8 5. AL AR B 3 AR AT 55 0
TRHES 15 5 PR DL SA A AR 2 T O 2 B R IR e AL A
) 2 BRAR 2 — IR B B B SR A 55 R BIR 2 ) B
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PR 2 ] BORTE 1R SCAF B AR IOy T B A e o 1 DB e
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b B T AR A 1 e R R A B
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FRE ] 35 Ry B S R 3 5EF 19 A SR SOAR B 7E M BURK i AR
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Fig. 2 Schematic diagram of model frame
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Fig. 3 Example of candidate sentence extraction based on

frame matching
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16 02 A e 09 /0) 54 g % e /) 1 42 L i A S AR G 3R BT R A A
PRI SCAS i A
3.2 ERMEXREMEER

A SR T AR K 22 B9 Stanford CoreNLP T H 43120 it
) 44 18] 24 L R DL SCE AT Z 8] B A A AR AR R R AT IR
Ol s LA 5 44 381 L 44 1) R R PR Ol SR . AR SR TR T i A
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Table 1 Results of model comparison experiment
BT . %)

Model EM F1
Albert 68. 45 80. 82
Ernie 69.02 80. 84
BERT 68. 87 80. 87
BERT_wwm 69.01 81.07
RoBERTa 70. 64 81.12
XLNet 70.68 81.21
DFGN 70.59 82.92
Our model 71.07 83.80
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Table 2 Results of model ablation experiment
LA 00D
Model EM F1
Our model 71.07 83.80
-CFN&-Word2 Ve dected sentences 70.59 82.91
-Syntactic relationgg. 69. 87 82.56
-Semantic similaritygdge 70.27 83.32
Keyword querygdge 70.19 82.80
-Edge weighted 69.79 82.57
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Fig. 4 Influence of reasoning layers on model performance
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