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Contextual QA Pairing Method Based on Attention Network

Lu Wang, Lu Zhang, Shoushan Li, Guodong Zhou
(School of Computer Science and Technology, Soochow University, Suzhou, Jiangsu 215006,
China)

Abstract Nowadays, most studies on QA are based on formal text while there is a large number of QA pairs with
informal text in social media. Because of informal text may have the situation that question text has several ques-
tions and answer text has several answers, we propose a new task: QA pairing, which means for each question, to
find sentences in answer that are relevant with the question. First, we build a novel QA pairing corpus with infor-
mal text which is collected from a product reviewing website. Then, in order to solve the nosiy problem in infor-
mal text, we propose a novel QA pairing approach, namely contextual QA pairing method based on attention net-
work. Empirical studied demonstrate the effectiveness of the proposed approach to QA pairing.

Keywords informal text, QA pairing, contextual, attention mechanism
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Fig.3 Contextual QA Pairing Method Based on Attention Network
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Fig.2 Overall performances of different approaches to QA pairing

Macro—F Accuracy
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LSTM (Bowman"*, 2015) 0. 628 0. 639
SCNN (Zhang™, 2015) 0.614 0. 635
Attentive LSTM(Tan", 2016) 0. 625 0. 649
MULT (Wang™”, 2016) 0. 652 0. 677
BIMPM (Wang™", 2017) 0. 660 0. 685
CIs 0.678 0.704
AM 0.671 0. 697
CPMAN 0.710 0.728

R 3 A BB R A IO T RE
Fig.3 Performances of different approaches to QA pairing in each category
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MaxEnt 0. 487 0. 494 0. 491 0. 696 0. 690 0. 693
LSTM (Bowman™", 2015) 0.514 0. 626 0. 564 0.743 0. 647 0. 692
SCNN (Zhang™’, 2015) 0.510 0. 541 0. 525 0. 717 0. 690 0.703
LST§E¥§S&%;%16) 0. 529 0. 534 0. 532 0.721 0.717 0.719
MULT (Wang™”, 2016) 0. 569 0. 551 0. 560 0.738 0. 752 0. 745
BIMPM (Wang™", 2017) 0. 582 0. 553 0. 567 0. 741 0. 763 0. 752
CIS 0.611 0. 565 0. 587 0. 752 0. 786 0. 768
AM 0. 599 0. 560 0. 579 0. 748 0. 777 0. 762
CPMAN 0. 632 0. 647 0. 640 0. 785 0. 776 0.781
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