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Question based importance weighting network for answer selection
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Abstract: According to the defects of the classic text matching model in the question and answer system,
a question-based importance weighting network for answer selection is proposed. At present, the exist-
ing answer selection model generally matches the question sentence and the answer sentence directly, ig-
noring the influence of noise words in the question sentence and the answer sentence on the match. To
solve this problem, the self-attention mechanism is firstly used to modify the weight of each word in the
sentence to generate a "clean" question sentence vector. The word-level interaction matrix is then used
to capture the fine-grained semantic information between the question sentence and the answer sentence.
It weakens the influence of noise words on the correct answer. Finally, the multi-window CNN is used
to extract the feature information to obtain the prediction result. The comparison experiments on bench-
mark datasets show that the performance of the BIWN model in the answer selection task is better than
the mainstream answer selection algorithm, and the MAP value and MRR value are improved by about
0.7%~6.1%.
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Fig. 2
based on Self-Attention Mechanism.
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Tab.1 The statistics of QA datasets
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IR /e uEAE /I AR 873/126/243  1162/65/68
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MP-CNNUT 288 7E CNN A SRl R 43 4%
JERA T BN R w5 (3) PWIMMY i 5 Ay
N ) REURN 28 22 1) 32047 8. 258 B AT F 38 ] RN 25 5
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Ko 1T A S X6 W 75 3] 4 i BIWN A5 784 IR fig
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R 2 HTF WikiQA F1 TREC-QA $iB &SR 45 Rat L
Tab. 2

Comparison of experimental results based on the

WikiQA dataset and TREC-QA dataset

WikiQA TREC-QA
Him

MAP MRR MAP MRR
APLSTM 0. 670 0. 684 0.713 0. 803
MP-CNN 0.693 0. 709 0.777 0. 836

PWIM 0. 709 0.723 — —
BiIMPM 0.718 0. 731 0. 802 0. 875
MAN 0.722 0.738 0. 813 0. 893
BIWN 0.729 0. 745 0. 806 0. 889
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BIWN KR [ 520 o AR SCFE AN UL AR A 25 4
RIS B0 T BEAT RS L S8 20 25 2R 0 3% 3
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Tab. 3 Comparison of word-level matrix experiments

Model’s Matrix Part MAP MRR
BIWN with W 0.729 0. 745
BIWN without W 0. 724 0. 742
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FCAE 55 R LAY TR 7 1 3R LA AT RS AN TR B9
EREFINZGR S8 W Al DU SE B8 g 3
73— AMLL R 25 1] R RSOR BE A
4.2.3 FmREIT Oy TR R th A
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