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Table 2 The Performance of Aspect-Level Sentiment Analysis Models

A AR B R (%
fen - 175 SR PR 3 (% ) .
Restaurant Laptop Twitter

Wang %5132 LSTM 74.3 66.5 66.5 &

Tang 45133 TD-LSTM 75.6 68.1 70.8 WA

Wang 4321 ATAE-LSTM 772 68.7 - J7 R A )

Ma Z21] IAN 78.6 72.1 - bick AL A RE V=W

Liu %534 BiLSTM-ATT-G 79.7 73.1 70.4 iR K RE =W

Huang 213 AOA-LSTM 81.2 745 - LX) B

Fan %136 MGAN 81.2 75.4 72.5 ZRLJE R B )

Zheng 25137 LCR-Rot 81.3 75.2 72.7 AR AR B I0] TE 3E
g

LiZ0B HAPN 82.2 77.3 - BRI

Song 4131 AEN-BERT 83.1 80.0 74.7 23k BRI

(74 : Restaurant Fll Laptop #5422k H SemEval 2014 Task 4140); Twitter §UHE 42K H ACL 201441 [ A P P8 B ik Al —25.)

K3 ARIHLER I B ARAS T AE SQuAD B4R iR
Table 3 The Performance of Machine Reading Comprehension Models on SQuAD

(= HEEAY Exact Match(%) F1(%) HEN
Wang %14 Match-LSTM 64.7 73.7 T
Xiong 25144 DCN 66.2 75.9 (U EE=wil
Seo 25117 BiDAF 68.0 773 PAERE =Wl
Gong %14/ Ruminating Reader 70.6 79.5 MEEASEN=wi
Wang %142) R-Net 72.3 80.7 Self-Matching % & /1
Peters %5 40) BiDAF+Self-Attention 72.1 81.1 M FEE S+ AR
Liu %147 PhaseCond 72.6 81.4 K2Q+H =N
Yu Z:148) QANet 76.2 84.6 DMRIERE S+ AT
Wang 449 SLQA+ 0.4 87.0 PrRE I+ AR

(7 BG4 Ry PR (single model) MA4E L )

F4 A NLIBRIAE SNLUE A A2 8t
Table 4 The Performance of NLI Models on SNLI

= AR YIZEEMER R (%) MIREERR (%) T
Bowman 50 300D LSTM Encoders 83.9 80.6 G
Rocktaschel 5/ 100D LSTM with Attention 85.3 83.5 U]
Lin %527 300D Structured Self-Attentive Sentence Embedding - 84.4 EMe =W
Shen 45128 300D Directional Self-Attention Network (DiSAN) 91.1 85.6 FEM A TR
Cheng 45122 300D LSTMN Deep Fusion - 85.7 HEE ST
Im 45061 300D Distance-based Self-Attention Network 89.6 86.3 SE IR { S
Shen %52 300D ReSAN 92.6 86.3 BENRG AR
Parikh 253! 300D Intra-Sentence Attention 90.5 86.8 HEBEH+NHERESN
Tay 4554 300D CAFE (AVGMAX+300D HN) 89.8 88.5 HEEI+NTEE T
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Table 5 The Performance of NMT Models on WMT 14

o 1a .
- - R . BLEU(A))% ‘ %U[/IVEEF%%(FLOT)‘
Y1l Y-k Ye—fH ek
o GNMT+RL 24.6 39.92 2.3x10" 1.4x10%
Wu %5159 LSTM
GNMT+RL(ensemble) 26.3 41.16 1.8x10% 1.1x10?!
e ConvS2S 25.16 40.46 9.6x10' 1.5x10%
Gehring 4560) CNN
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Vaswani &6 Transformer(big) ZLHFEEN 28.4 41 2.3x10"

Ko JRYEE AR A I EAT 5 LR B

Table 6 The Performance of Hierarchical Attention Mechanism on Some Abstractive Summarization Tasks
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Nallapati 4 CNN/Daily Mail LREET 32.49 11.84 29.47
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Review of Attention Mechanism in Natural Language Processing

Shi Lei' Wang Yi’ Cheng Yingz’ * Wei Ruibin'
l(School of Management Science and Engineering, Anhui University of Finance and Economics,
Bengbu 233030, China)
2(School of Information Management, Nanjing University, Nanjing 210023, China)
*(School of Chinese Language and Literature, Shandong Normal University, Jinan 250014, China)

Abstract: [Objective] This paper summarizes the evolution and application of attention mechanism in natural
language processing. [Coverage] We searched “attention” with the title/topic fields of WoS, ACM Digital Library,
arXiv and CNKI from January 2015 to October 2019. Then, we manually screened the topic literature in the field
of natural language processing, and obtained 68 related papers. [Methods] We first summarized the general
attention mechanism, and sorted out its derivations. Second, we thoroughly reviewed their applications in natural
language processing tasks. [Results] The application of attention mechanism in natural language processing
focused on sequence labeling, text classification, reasoning and generative tasks. There were adaptation rules
between tasks and the various attention mechanisms. [Limitations] Some adaptations between the mechanisms
and the tasks were obtained from the overall performance of the model. More research is needed to examine the
performance of different mechanisms. [Conclusions] The study of attention mechanism has effectively promoted
the development of natural language processing. However, the mechanism of action is not yet clear. Future
research should focus on making attention mechanism closer to those of the human beings.
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