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Deep learning network model for multi-hop problems

in machine question answering
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Abstract: Multi-hop question answering (multi-hop QA) is an important and challenging task in
text question answering. Aiming at the problems that the existing methods are afflicted by
weak reasoning ability and low accuracy in answer finding when solving multi-hop problems, a
deep learning network model was proposed in the name of AGTNet (albert graph attention
network) for multi-hop problems in the field of question answering. Firstly, parameter sharing

and matrix factorization techniques were employed in the neural network hidden layer, and then
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the dot product calculation method was used to predict the answer. Finally, the labeled data
sets were applied to train and verify the AGTNet model. The experimental results show that
the F, value of the model on the test set reaches 70. 4 after training. Compared with the existing
multi-hop question answering reasoning model, the proposed model boasts better entity-level
reasoning ability, which can effectively improve the multi-hop question answering reasoning
ability, so as to improve the response speed and accuracy of the question answering system.
The results of this study provide a theoretical basis for research and development of question
answering system and multi-round dialogue robot.
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Table 1 Experimental results of different models in

complete items of the HotpotQA test set
distractor items of the HotpotQA test set

HEAR EM F,
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TAP2* 39.77 69.12
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AGTNet 69. 66 81.15

3.3.1 HERE

VAL RS R G R B AR SR TR G AR/ ERE R INEMRERPBGE RN
Bk VP4 AGTNet (A M . G 28 S A8 0S8 P SCHp R 5 50 b 4 & i ok 9 8 22 PRt X At il AR 3R
TR BN . APPSR G B R IR S ik B 59. 400 8 it SRS 10. 9% il QFE
Y 34.6% .,
3.3.2 SR 5

AR H I AGTNet SR/ EM A & Fy i b #08  tAny Fsi . i F 2 Bk n) 2F /9 X o
1E T 0] B0 5 By A6 7 i b A AR A i R [m] R 2 2 5 ) B A 1 G R B A5 S 0 R R B OB
RUAR ME 4R 2 [n) 0 5 B v =2 (8] B SR B . SR T, AS AF 5 82 1 A B AL AGTNet 23 MR i 4k R 8 7 & B AH ¢

4 4 iE

ARBIFGEHE T A B R A PR KA 1) 22 B i) 25 ) R, AR 1 R A Atk U e f F ALBERT (5K
PAFl BB, 4 BT SR A T 4 1 S ) 1 e R A R WL R DA K 3 A 1) SR R A B KT
ARWFFEHE 1) AGTNet FRIZE HotpotQA FHE 4 L7145 S T RAFM I ZR25 5. R T AGTNet
WA S0P . SR 1 N 6 A 2% 1) ) FUR 2 HE BRI, AGTNet [ 312038 58 k0 A 75 58 5 o AR 9% I 1 25 7 HL
HYREE  J5 2 A ST rp R DL i A R R AR B B S AT R . AN A LA RS Z R A L A5 AT
JE RN T RRAE A9 RAE A BOK £ & ALBERT (%5 6

5% 30K

(1] Es 5%, B RERE REMARLT] B FHOR S8 L. 2019(5) . 174,

[2] RAIPURKAR P. ZHANG J, LOPYREY K. et al. SQuAD: 100,000+ questions for machine comprehension of text
[J]. Advances in Neural Information Processing Systems,2017,1(8):5999.

[3] SEO M, KEMBHAVI A, FARHADI A, et al. Bidirectional attention flow for machine comprehension[ J]. High
Technology Letters,2017,23(2) :179.

(4] W% BT WRE¥IMETFRIEREW I K] T EESTRE.2019,34(12) .88,

[5] WELBL J, STENETORP P, RIEDEL S. Constructing datasets for multi-hop reading comprehension across

documents[ J]. Transactions of the Association for Computational Linguistics,2018,6(8) :287.



5530 A8 L AF B X LR ]2 Hh 22 Bk TR TR R 2 T R 25 A 425

[6]

[7]

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]
[19]

[20]
[21]

TALMOR A, BERANT J. The web as a knowledge-base for answering complex questions[ C]//Proceedings of the
conference of 2018 the North American Chapter of the Association for Computational Linguistics. San Francisco:
Margan Kaufmann,2018:269.
YANG Z, QI P, ZHANG S, et al. Hotpotqga: a dataset for diverse, explainable multi-hop question answering[ J].
Semantic Scholar,2016,2(4) ;4.
SONG L, WANG Z, YU M, et al. Exploringgraph-structured passage representation for multi-hop reading
comprehension with graph neural networks[ J]. Communications of the ACM,2020,63(11):139.
DHINGRA B, JIN Q. YANG Z, et al. Neural models for reasoning over multiple mentions using coreference[ ] ].
International Journal of Computational Intelligence Systems.2020,28(12):2704.
KIP F, WELLING M. Semi-supervised classification with graph convolutional networks[]J]. Computer Science,
2015,9(13) :4.
QIU L, XIAO Y, QU Y, et al. Dynamically fused graph network for multi-hop reasoning[ C]//2019 Proceedings of
the 57th Annual Meeting of the Association for Computational Linguistics. Boston: Kluwer,2019.58.
TU M, WANG G, HUANG ], et al. Multi-hop reading comprehension across multiple documents by reasoning
over heterogeneous graphs[ C]//NAACL HLT 2019 Conference of the North American Chapter of the Association
for Computational Linguistics. Washington: IEEE Computer Society,2019:13.
SCARSELLI F, GORI M, TSOI A C, et al. The graph neural network model[J]. IEEE Transactions on Neural
Networks,2009,20(1) :61.
VELIKOVI P, CUCURULL G, CASANOVA A, et al. Graph attention networks[ C]//52nd Annual Meeting of the
Association for Computational Linguistics. Piscataway: IEEE,2017.125.
VASWANI A, SHAZEER N, PARMAR N, et al. Attention is all you need [ C]//2017 Advances in neural
information processing systems. New York: IEEE Communications Society,2017:257.
LUONG M T, PHAM H, MANNING C D. Effective approaches to attention-based neural machine translation[ C]//5th
International Conference on lLearning Representations ICLR 2017 Conference Track Proceedings. Columbus:
McGraw-Hill, 2017 :48.
WA TR e A 23, TR A 2 R A F AR GE S AL B g i LT . o SCfF B AR . 2021,35(3) ¢ 1.
KIPF T N, WELLING M. Variational graph auto-encoders[ J]. Computer Science,2014,7(11) ;5.
LAN Z, CHEN M. GOODMAN S. et al. ALBERT: a lite bert for sell-supervised learning of language
representations| C |//Proceedings of the IEEE International Conference on Computer Vision. New York: IEEE,
2020.:166.
HOCHREITER S, SCHMIDHUBER J. Long short-term memory[ J]. Neural computation,1997,9(8):1735.
MANNING C D, SURDEANU M, BAUER ], et al. The stanford corenlp natural language processing toolkit[ C]//

Proceedings of 52nd Annual Meeting of the Association for Computational Linguistics. New York: IEEE,2014:98.



