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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 AP 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.

Keywor ds Answer selection, BERT model, Dynamic word vector, Multilayer perceptron,Semantic matrix
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Table 1 Experimental results of different models on WikiQA dataset
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Table 2 Experimental results of different models on SelQA dataset
MAP MRR
WEHM without WordNet knowledge(2020) 0. 849 —
WEHM(2020) 0.917 0.922
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Table 3 Comparison of network module parameters ’ °
9 9
Transformer Encoder(2020) 3548160 ’ AP ’
BiLSTM 2101248
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° Table 5 Ablation experiments of semantic interaction modules
: ’ ) and other contrasting models
BiLSTM!!  Transformer Encoder'*), BILSTM
MAP MRR
Attentive LSTM BER Thase + AP 0.530 0. 534
. BERTpase + 0.773 0.790
s BiLSTM 256, s
word2vec BERT s 5 s AP, s
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Table 4 Ablation experiments of semantic understanding module and °
| 3
other contrasting models 46 ROIFR
MAP MRR
BERThase + BILSTM 0.642 0.661 ’ ’
BERThase + Transformer Encoder 0.754 0.770 s MAP
BER Thase + 0.772 0.788
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Table 6 Case priority ranking in each comparison model

: what can be powered by wind?

BiLSTM+  Transformer Transformer Our
AP Encoder Encoder+ AP model
1 burbo bank offshore wind farm at the entrance to the river mersey 5 3 ) N 0
in north west England
2 the shepherds flat wind farm is a 845megawatt mw wind farm in ' 1 5 ; 0
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- - ) | . .
. . . . . 0
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- 2 4 4 2 0
ing operation and uses little land
5 wind power is veryconsistent from year to year but has significant 1 5 _ _ 0
b} b}
variation over shorter time scales
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