1% B2 £ % Hi /N Vol. 11 No. 2
2022 FF 3 A JOURNAL OF INTEGRATION TECHNOLOGY Mar. 2022
5IZH& R

KR, M. H T B A A2 P 46 1) 2 1 UL B B PR 9T (D). SRR, 2022, 11(2): 67-78.

Liu X, Yang M. Research on conversational machine reading comprehension based on dynamic graph neural network [J].
Journal of Integration Technology, 2022, 11(2): 67-78.

ETaSEHEMNENSIE LS FIZIERMTR
xom ko e

'R E B BRI AR R Y 518055)
P(rp ER R BRI AR 2 R 518055)

B 'R, BTN RSB OT FUAT BE ERE, (EIX SRR A 4 R T R R
e DL R B B R B AT R B R, EXS BUR SO AT HEEE N, K2 BSOS BB R R I P
B, TR PR ZR ] SR 2 18 5 BT R AR N T iR BRI, %S0 Ao 5 T B B e
M%%AﬁﬁM%%ﬁ@%ﬁﬂ H5E, RRBCOART ISR, R AVES R 55 5 2 18] 18 SOk Rt
AT ARJE IR R AR, R T AL A AR B BT SCIR AN RS 5 2 T B A R A5 B (1 SE A
T RIRARR AT Rl G s B 20 F PP 2 0 2 S B0 2 SRR TN o (RN, 2 B ] R A 0 o 1 e A o
B A IR A e AU 2 U D S B HERE IR, REA RO SR 1 B AR BN 1 I i . SR s
REH, FEMADHALR 2Tk (CoQA AT QuAC) ERIL 1 H B PERE .

XA iR SE s B L
FEISES TP 399  XEMRER A doi: 10.12146/j.issn.2095-3135.20211122001

Research on Conversational Machine Reading Comprehension Based on
Dynamic Graph Neural Network

LIU Xiao? YANG Min"

'( Shenzhen Institute of Advanced Technology, Chinese Academy of Sciences, Shenzhen 518055, China )
*( Shenzhen College of Advanced Technology, University of Chinese Academy of Sciences, Shenzhen 518055, China )

"Corresponding Author: min.yang@siat.ac.cn

Abstract Machine reading comprehension models based on deep learning have achieved remarkable
success recently. However, these models have significant defects in constructing long-distance and global
semantic relationships, which affect their performance in reading comprehension tasks. Moreover, when
reasoning over passage text, most of them simply regard it as a word sequence without exploring rich

semantic relationships between words. In order to solve this problem, this paper proposes a new system
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effective graph structure named Dynamic Conversational Graph Network (DCGN). Firstly, named entities
are extracted from the text, and the semantic relationship between syntactic structure and sentence is used
for modeling. Then, the context-embedded representation based on serialization structure and the entity node
embedded representation based on graph structure are fused by semantic fusion module. Finally, dynamic
graph neural network is used to realize machine reading comprehension. The model dynamically builds
inference graphs of questions and session history during each round of conversation, which can effectively
capture the semantic structure information and the history flow of the conversation. Experimental results

show that the model performs well on two recent session challenges (CoQA and QuAC).
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Jessica went to sit in her rocking chair.Today was her birthday and she was turning 80. Her
granddaughter Annie was coming over in the afternoon and Jessica was very excited to see her.
Her daughter Melanie and Melanie’s husband Josh were coming as well. Jessica had...

i 1: Who had a birthday?
% 1: Jessica

2% 1: Jessica went to sit in her rocking chair. Today was her birthday and she was turning 80

[7]# 2: How old would she be?
%2 2:80
2k % 2: she was turning 80.

ZE 3: Yes
i) 5 5

k3
H

[} 3: Did she plan to have any visitors?

¢ | £8Z& 3: Her granddaughter Annie was coming over

7] 4: How many?
%5 4: Three

2% & 4: Her granddaughter Annie was coming over in the afternoon and Jessica was very excited
to see her. Her daughter Melanie and Melanie’s husband Josh were coming as well.

7] &% 5: Who?
%% 5: Annie, Melanie and Josh

282 5: Her granddaughter Annie was coming over in the afternoon and Jessica was very excited
to see her. Her daughter Melanie and Melanie’s husband Josh were coming as well.

El1 CoQA #iERHAI
Fig.1 Example of CoQA dataset
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Table 2 Evaluation results on the QuAC test set

piEi] F (%) HEQ-O (%) HEQ-D (%)
BERT+HAE 62.4 57.8 5.1
FlowQA 64.1 59.6 5.8
GraphFlow 64.9 60.3 5.1
FlowDelta 65.5 61.0 6.9
RoBERTa 67.1 62.8 7.8
RoBERTa-DCGN 69.1 64.3 9.0

F|, DCGN R CoQA ¥iflidk LB &t T
ISR R TR R AR . 5 R I T T 2%
JEAETY) GraphFlow BEAUFH L, A SCHERY v DLFE 4f
Hb 2 ) SEAR Z TR R R RS 0] F 2 T RvE S,
PSS S, T A B X ) A S B R A 7
SR, FIRE, MF 2 ATLAE H, DCGN i
£ QuAC H¥iadE BT HART L. Mo, A0k
DCGN #5 %1 5 3%F RoBERTa il i A 47 T
Pbag, UERH T AR 53T RoBERTa Tyl 45k
B ERE R AT )1, HEER SRR A A
Ho DN TR BRI () B BN T S 56 AUR B
RV, (RIS UESE bk AT BT i 2 56 5K 56 1IE AN [
RPN TR BRI . A SCX DCGN 8
B A AT B B B B i, SRR 3
Fis o

B 3 S5m0, MR Sk B Rl G e

F 1 EBIE CoQA MK E EETUHM F, &
Table 1 F, values of the model in each field on the CoQA test set

i) JLEME (%) ¥ (%) HEEIE (%) BiiE (%) g (%) MR (%) BEXE (%) B4 (%)
FlowQA 73.7 71.6 76.8 79.0 80.2 67.8 76.1 75.0
SDNet 75.4 73.9 77.1 80.3 83.1 69.8 76.8 76.6
GraphFlow 77.1 75.6 77.5 79.1 82.5 70.8 78.4 77.3
FlowDelta 75.9 75.6 80.1 82.1 82.3 69.8 78.8 77.7
BERT w/2-contex 76.0 77.0 80.5 82.1 83.0 72.5 79.6 78.7
BERT-DCGN 78.5 76.2 80.1 82.8 83.3 71.5 78.9 79.2
RoBERTa 80.3 80.8 83.3 84.1 82.6 75.5 80.6 81.6
RoBERTa-DCGN 82.2 82.7 85.6 85.9 85.1 77.6 83.1 84.3
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Table 3 The model ablation experimental F', values on the

CoQA test set
7Y F (%)
DCGN 84.3
Fp Sk B A AR 82.1
TR AR 80.9
A B R 5 A 81.6
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