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Answer Selection Model Based on MLP and Semantic Matrix

LUO Liang' ,CHENG Chunling' ,LIU Qian' and GUI Yaocheng®
1 School of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China

2 School of Modern Posts, Nanjing University of Posts and Telecommunications, Nanjing 210023, China

Abstract Answer selection is a key sub-task in the field of question answering systems,and its performance supports the deve-
lopment of question answering systems. The dynamic word vector generated by the BERT model based on parameter {reezing also
has problems such as lack of sentence-level semantic features and the lack of word-level interaction between question and answer.
Multilayer perceptrons have a variety of advantages,they not only can achieve deep feature mining. but also have low computa-
tional costs. On the basis of dynamic text vectors,this paper proposes an answer selection model based on multi-layer perceptrons
and semantic matrix, which mainly realizes the semantic dimension reconstruction of text vector sentences,and generates semantic
matrix through different calculation methods to mine different text feature information. The multi-layer perceptron is combined
with the semantic understanding matrix generated by the linear model to implement a semantic understanding module, which aims
to excavate the sentence-level semantic characteristics of the question sentence and the answer sentence respectively; the multi-
layer perceptron is combined with the semantic interaction matrix generated based on the two-way attention calculation method to
achieve a semantic interaction module, which aims to build the word-level interaction relationship between the question and an-
swer pairs. Experimental results show that the proposed model has a MAP and MRR of 0. 789 and 0. 806 on the WikiQA dataset,
respectively, which has a consistent performance improvement over the baseline model,on the SelQA dataset, MAP and MRR is
0. 903 and 0. 911, respectively, which also has a good performance.

Keywords Answer selection, BERT model.Dynamic word vector, Multilayer perceptron.Semantic matrix
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Fig. 1 Overall architecture of answer selection model based on

multilayer perceptrons and semantic matrices
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Table 1 Experimental results of different models on WikiQA dataset
Xt 4 A MAP MRR
CAN(2018) 0.730 0.743
MVFEFNN(2018) 0.746 0.758
Comp-Clip+ LM+ LC(2019) 0.764 0.784
WEHM without WordNet knowledge(2020) 0.732 0.746
WEHM(2020) 0.770 0.788
DAMPM(2021) 0.761 0.772

# F BERT th# &

BERThase + Transformer Encoder(2020) 0.727 0.741
BERT}ase + Transformer Encoder 0.754 0.770
BER Thase +BiILSTM+ AP 0.730 0.747
BERThase + Transformer Encoder+ AP 0.767 0.779
Our model 0.789 0.806
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Table 2 Experimental results of different models on SelQA dataset
Xt b A MAP MRR
WEHM without WordNet knowledge(2020) 0. 849 —
WEHM(2020) 0.917 0.922
#F BERT #y# 4
BERThase + Transformer Encoder 0.870 0.875
BERThase +BiLSTM+ AP 0. 868 0.876
BERThase + Transformer Encoder-+ AP 0.873 0.877
Our model 0.903 0.911
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Table 3 Comparison of network module parameters
A 5 M E
Transformer Encoder(2020) 3548160
BiLSTM 2101248
AP 591360
Our model 1845312
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Table 4 Ablation experiments of semantic understanding module and

other contrasting models

A MAP MRR

BERThase +BILSTM 0. 642 0.661
BERThase + Transformer Encoder 0.754 0.770
BERT pase + 7 X2 fif 42 3 0.772 0.788
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Table 5 Ablation experiments of semantic interaction modules

and other contrasting models

#A MAP MRR
BER Thase + AP 0.530 0.534
BER Thase + 18 X & B 48 3t 0.773 0.790
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Table 6

Case priority ranking in each comparison model

|] % 4] . what can be powered by wind?

FHREEA

1 burbo bank offshore wind farm at the entrance to the river mersey

in north west England

2 the shepherds flat wind farm is a 845megawatt mw wind farm in

the us state of oregon

3 wind power is the conversion of wind energy into a useful form of
energy such as using wind turbines to make electrical power wind-

mills for mechanical power wind pumps for water pumping or drain-

age or sails to propel ships

4 wind power as an alternative to fossil fuels is plentiful renewable

widely distributed clean produces no greenhouse gas emissions dur-

ing operation and uses little land

5 wind power is veryconsistent from year to year but has significant

variation over shorter time scales

A b A A
BiLSTM+  Transformer Transformer Our R 4
AP Encoder Encoder+ AP model

3 3 2 4 0
4 1 3 3 0
5 2 1 1 1
2 4 4 2 0

5 5 5 0
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AL, X 15 B A SR B B A% 3 G TR0 0 2 FR 0 BB HE 4L
BUALAF A5 T A BB R 1) MAP Rl MRR 5 REFR bR #4350



276

Computer Science T HEHLFIZ  Vol. 50, No. 5. May 2023

HRIE ACET BERT BEAL, SCI T — > 8l 236 4 7
2 T AL G 2 SR B P B e )2 L I A H BT A
B Bl 25 SO T R L AR R R IR S AR R T —A
R 2 T 2 = EUARIL Y 2 5% 0 R AR 4 SR R L T R AL
5 10 SRR B AT S AR AR SCHE 8 I 1A s i 2 8
B WikiQA Fl SelQA $¥in 4k b oE A7 TIF W, S 86 25 R L 0,
AR SO ANA Lo H A S 2 B A AU RE R B B B A — i
P SR D A TE A

Rt Z Ab A SCAE SR 1 72 P A B T AR A AR AL B
g A0 ET SR T T R £5% B A R ) B SR A B Oy Y B B2
Mo T — A9 AR K e 51 A SRR R B4 Y B) . T
S AU FIECHE Ay DT TC , 76 2 58 6 AL 55 vh A 28 P A0 A R
Rt — PR T

2 % X #

[1] TAN M,DOS SANTOS C,XIANG B,et al. Improved represen-
tation learning for question answer matching[ C]J // Proceedings
of the 54th Annual Meeting of the Associationfor Computational
Linguistics. 2016 :464-473.

[2] MIN S,ZHONG V,SOCHER R,et al. Efficient and robust
question answering from minimal context over documents[J].
arXiv:1805.08092,2018.

[3] PENNINGTON J,SOCHER R, MANNING C D. Glove: Global
vectors for word representation[ C] // Proceedings of the 2014
Conference on Empirical Methods in Natural Language Proces-
sing(EMNLP). 2014:1532-1543.

[4] MIKOLOV T,CHEN K,CORRADO G,et al. Efficient estima-
tion of word representations in vector space[ J]. arXiv: 1301.
3781,2013.

[5] LIU R H,YE X,YUE Z Y. Review of pre-trained models for
natural language processing tasks[J]. Journal of Computer Ap-
plications,2121,41(5) :1236-1246.

[6] QIU X,SUN T.XU Y,et al. Pre-trained models for natural lan-
guage processing: A survey [ J]. Science China Technological
Sciences,2020,63(10) :1872-1897.

[7] TAN M,DOS SANTOS C,XIANG B,et al. Improved represen-
tation learning for question answer matching[ C] // Proceedings
of the 54th Annual Meeting of the Association for Computa-
tional Linguistics. 2016:464-473.

[8] CHEN Q,HU Q,HUANG ] X,et al. Enhancing recurrent neu-
ral networks with positional attention for question answering
[C]// Proceedings of the 40th International ACM SIGIR Con-
ference on Research and Development in Information Retrieval.
2017:993-996.

[9] HUANG J. A Multi-Size Neural Network with Attention Mecha-
nism for Answer Selection[ J]. arXiv:2105. 03278,2021.

[10] WANG S,JIANG J. A compare-aggregate model for matching
text sequences| J]. arXiv:1611.01747,2016.

[11] BIAN W,LI S,YANG Z,et al. A compare-aggregate model with
dynamic-clip attention for answer selection[ C] // Proceedings of
the 2017 ACM on Conference on Information and Knowledge
Management. 2017:1987-1990.

[12] YOON S,DERNONCOURT F,KIM D S,et al. A compare-ag-
gregate model with latent clustering for answer selection[ C] //

Proceedings of the 28th ACM International Conference on Infor-

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

mation and Knowledge Management. 2019:2093-2096.

LI1Z C,TURDI T,ASKAR H. Answer selection model based on
dynamic attention and multi-perspective matching[ J]. Journal of
Computer Applications,2021,41(11):3156-3163.

PETERS M E,NEUMANN M,IYYER M,et al. Deep contex-
tualized word representations[ ] ]. arXiv:1802. 05365,2018.
VASWANI A,SHAZEER N,PARMAR N,et al. Attention is
all you need[ C] // Advances in Neural Information Processing
Systems. 2017:5998-6008.

RADFORD A,NARASIMHAN K,SALIMANS T,et al. Impro-
ving language understanding by generative pre-training[ J/OL].
[2022-06-19]. http://cs. ube. ca/~ amuham01/LING 530/ pa-
pers/radford2018improving. pdf.

DEVLIN J,CHANG M W,LEE K,et al.Bert:Pre-training
of deep bidirectional transformers for language understanding
[J]. arXiv:1810. 04805,2018.

LIU Y,OTT M,GOYAL N,et al. Roberta: A robustly opti-
mized bert pretraining approach[J]. arXiv:1907.11692,2019.
LASKAR M T R,HUANG X, HOQUE E. Contextualized em-
beddings based transformer encoder for sentence similarity mo-
deling in answer selection task[ C] // Proceedings of The 12th
Language Resources and Evaluation Conference. 2020:5505-5514.,
CHEN Q,HU Q.HUANG ] X,et al. Can: Enhancing sentence
similarity modeling with collaborative and adversarial network
[C]// The 41st International ACM SIGIR Conference on Re-
search &. Development in Information Retrieval. 2018.:815-824.
LI W,WU Y. Exploiting WordNet Synset and Hypernym Rep-
resentations for Answer Selection[ C] // Proceedings of the 1st
Conference of the Asia-Pacific Chapter of the Association for
Computational Linguistics and the 10th International Joint Con-
ference on Natural Language Processing. 2020:106-115.
TOLSTIKHIN I O,HOULSBY N,KOLESNIKOV A,et al.
Mlp-mixer: An all-mlp architecture for vision[ J]. Advances in
Neural Information Processing Systems,2021,34:24261-24272.
LIU H,DAI Z,SO D, et al. Pay attention to MLPs[ J]. Advances
in Neural Information Processing Systems,2021,34:9204-9215.
SANTOS C,TAN M,XIANG B,et al. Attentive pooling net-
works[J]. arXiv:1602. 03609,2016.

SHA L,ZHANG X, QIAN F,et al. A multi-view fusion neural
network for answer selection[ CJ // Thirty-second AAAI Confe-

rence on Artificial Intelligence. 2018.

LUO Liang, born in 1998, postgraduate.

His main research interests include
deep learning and natural language pro-

cessing.

CHENG Chunling, born in 1972, profes-
sor, is a member of China Computer
Federation. Her main research interests
include data mining and data manage-

ment

CRAT G M 2E)



