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Aspect-level sentiment classification model combining Transformer

and interactive attention network
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gent Information Processing and Emotional Computing in Jiangxi Province, Nanchang 330022, China; 3. Jiangxi Ruanyun Techno-
logy Corporation Limited, Nanchang 330200, China; 4. Jiangxi Heyi Technology Co., Ltd., Nanchang 330200, China)

Abstract: At present, most researchers use a combination of recurrent neural networks and attention mechanisms for as-
pect-level sentiment classification tasks. However, the recurrent neural network cannot be computed in parallel, and the
models encounter problems, such as truncated backpropagation, gradient vanishing, and gradient exploration, in the
training process. Traditional attention mechanisms may assign reduced attention weights to important sentiment words
in sentences. An aspect-level sentiment classification model combining Transformer and interactive attention network is
proposed to solve these problems. In this approach, the pretrained model, which considers bidirectional encoder repres-
entation from Transformers (BERT)), is initially used to construct word embedding vectors. Then, Transformer encoders
are used to perform parallel encoding for input sentences. Subsequently, the contextual dynamic mask-off code and the
contextual dynamic weighting mechanisms are applied to focus on local context information semantically relevant to
specific aspect words. Finally, the model is tested on five English datasets and four Chinese review datasets. Experi-
mental results demonstrate that the proposed model outperforms others in terms of accuracy and F.

Keywords: aspect term; sentiment classification; recurrent neural network; transformer; interactive attention network;
BERT; local feature; deep learning
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6) TIAN_M/TIAN_W: A SCHE H i il & Trans-

former 122 H.73 & 71 W 2% 1) 7 1 915 J& o 24
Al TIAN M Ml TIAN_W 435 5%7R TIAN fifi H] CDM
1 CDW HLiHI .
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Table 3 Experimental results of different models on English datasets

e Restaurant2014 Laptop2014 Restaurant2015 Restaurant2016 Twitter
Acc F, Acc Acc F, Acc F, Acc F
ATAE-LSTM 7720  — 6870 — — — — _ S
IAN 7860  — 7210 — — — — — EE
MemNet’ 80.95  — 7271  — — _ _ _ .
Non BERT RAM 80.61 69.79 73.86  70.93 80.78 68.89 84.37 70.50 69.39 67.35
MGAN 81.23 71.90 7539  72.47 80.78 68.94 85.28 72.53 72.56  70.78
TNet-LF 80.75 70.80 7621  71.49 81.47 68.79 85.03 71.49 74.55 73.31
MAN’ 84.38 71.31 78.13  73.20 82.65 69.10 85.87 73.28 76.56  72.19
BERT-SPC 84.36 76.91 78.56 7523 83.29 68.98 86.47 74.58 73.55 72.14
AEN-BERT 83.46 74.20 79.82  76.27 83.80 69.19 88.63 76.75 74.68 73.11
LCF-CDM 85.71 78.82 79.96  76.15 84.34 71.08 90.01 77.86 75.66 74.21
BERT LCF-CDW 85.94 79.28 80.23 76.34 84.91 69.23 90.66 78.29 76.73 74.72
MGMD’ 86.16 78.83 79.18  74.86 — — — — — —
RMN-BERT 8456 79.05 77.95 70.83 82.94 66.95 89.38 71.88 — —
TIAN_ M 86.81 80.71 80.57 76.83 85.79 72.57 91.40 78.46 75.72 7438
TIAN W 87.23 81.93 80.92 77.21 86.15 72.13 92.21 79.39 76.68 74.75

i1 3¢ 3 W %0, TIAN M #l TIAN W 7E 5 43
SRS E USSR AL R . TIAN_W [t TIAN_M
ok, JE 2 CDW 415 J7 i) 28 b SRR
FORACE HOZ R T, 1 CDM N2 5 5
T TR G ) R SCRAN E B 2 55 0, 7R
T RNN Ay rh, ATAE-LSTM. IAN, MemNet,
RAM R T 1 & S WL, 745 A8 4 1
S S5 RH A T T, B RNN 53 & P
a5, M TR E AR A HEE X . MGAN
1 MAN BUSENL 43 EROCR, 30k T 28 BIE R
JIWLHI A & . BERT-SPC fil AEN-BERT 1F
5 e SO A B0 TR BERT Y B4
R, B4 ] BERT i Il 25455 754 B % B 4 3l %o}
TR 5 R G TRk . TIAN_M A1 TIAN._ W
FEBR Twitter B4 45 I B TR 200, 76 Ho A £ s 4

¥4 F LCF-CDM #il LCF-CDW, W T if X AH
XoF 8 XoF 4t R 5 i 5 TR AR AF OC BE /N
T ICHA BB . RMN-BERT Xt EF 3Cit
A7 57 "B 2 B B FRT B B4 R A BRLIR) 22 [ A L] 3
BVE il A X 5, A0 b RMN-BERT, 748 3C
IR AE 4SSO AR B AR R IR Y
3%, FRW T 38 2k ARG fige B AR rh PR A B R] 22 ] )
J I A28 A SR o 2 R X B S RE T G M A 3K S
7 3R] A OG5 R SCHERAE , B IE T AR SO AL A AT

T B E TIAN X f SCf5 B b BRE 7, A
SCHE 4 S SO B 4 Bk 7 S0 5, Segnsh iR
mk 4 i, £ 4nTLUEH, TIAN HERE AL -
TIAN_M #1 TIAN_W 75 K Z 8 SCEUE 5 iy 5
B U SEARE T, B R b SCE R 4R LT
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Table 4 Experimental results of different models on Chinese datasets %
fm Phone Car Notebook Camera
Acc F Acc F Acc Fy Acc Fy
ATAE-LSTM 86.44 82.63 81.40 71.50 83.36 82.15 85.29 81.83
TIAN 89.74 88.14 85.96 81.58 84.52 79.08 88.75 85.87
Non BERT MemNet 89.89 88.39 84.91 79.54 86.45 82.72 84.95 81.24
RAM 90.51 88.83 86.67 81.27 86.57 83.22 89.10 86.85
MGAN 91.35 89.90 85.61 81.37 87.10 83.91 89.62 87.13
TNet-LF 91.88 90.69 87.37 82.79 87.24 83.97 90.83 88.53
BERT-SPC 96.02 95.34 96.49 95.44 94.84 93.82 95.67 94.87
BERT AEN-BERT 96.78 96.29 96.14 95.13 92.90 91.44 95.42 94.56
TIAN M 96.97 96.45 98.60 98.22 94.84 93.89 96.54 95.83
TIAN_ W 97.12 96.64 98.25 97.78 95.48 94.56 96.89 96.29

2.4 HRBLIIZRATE S 4

T S A SO S LAY 5 BE T RNN
REHY Y 2R [R], TIAN X B F Glove i Il 2545
RUEW) U6 A B Im] i A ) it [V, AR SCHE AR [R] )
GPU TR JE 2% > HE 42 45 BR8N 43 B AN [) 455 AU 7
Laptop2014 %¥iE & I 58 il — vk 2 AR 14 Y1 2R i [,
SEEEE RN 5 PR
£ 5 AEHEEL Laptop2014 HiEE F— s R B &

it 18]
Table 5 Training time for different models to complete
one epoch on the Laptop2014 dataset s
AL YL ]
ATAE-LSTM 284.35
RAM 257.64
MGAN 273.59
TNet-LF 361.08
MemNet 53.82
MAN 46.71
TIAN_M 44.52
TIAN_W 43.64

i %% 5 "I, TIAN_M fil TIAN_ W #5744 31|
YRET A B o AH R, HE T LSTM [ SR Ze i A, #4
RIYI bt () 51 o 31X =202 A Transformer 4
fith 25 Hh (%) 9 2 D LR A% s ) 52 2 B2 SR O (Ldl,), T
LSTM (B[R] 52 % B2 R O (L, d2), L /i A JF 51 Y
BB, d,F2 o5 i ) g e R B BT,
L tbd, /N o A SCHE S g ik B v, 1, 3% B R 85,

d, % E N 300, Transformer F2 A 7L Y| 25 SCAS Bf 2
FEATALHLAY, T RNN AR S 24 1517 (14§ A 75 237
b — B 200 b, AR 2Rt R R g2, B
TIPS R 38 0 T SR ) I hufe
25 HERSCIE

T B UE TIAN A AU rh & S B ) & 38 M
ARNAE S A BESCBEE LTI AL SE R, LI A
R 6 i, “w/o” R “RMH”, TIANM)
F1 TIAN(F) 433 22 7~ Transformer #ifid )2 H W {i FH
22 SRR R IIHLH AL FH RIS 22 2% . TIAN(L)
FEdi X M) LSTM 3BA% % Transformer #5874

FH 3% 6 AT H, bR T 7E RS RERR A I A1, TIAN_M
1 TIAN_W 7E 5 DO SCHR A EIHUS T i
SFEBCR . TIAN w/o MW 5256 25 BLig 2%, % B
CDM H1 CDW HL#I % TIAN £ 5 1 57 ik T2 BF 5%
K, XAIGE T A3 A CDM Fl CDW HLiil B A
%M. TIAN w/o Local 7F 5 AN 4UHE 5 T a0 HERR 2K
TR 3.11%~4.59%, R R BT SCRAERE S A
3550 i R A B TR T A I U A U 1) R BB D
TIAN_M w/o Global 1 TIAN_W w/o Global 7E 5 />
Bis 4 by dERR AR50 0 T FE 1.96%~4.38% Fil
2.25%~5.14%, 2 W] TIAN H 3¢ R BT SCHAE
SERAITFHMELER, &7 T SCRAEX 7
T3 B T A 2 AN AT B R . TIAN(M)_W 7E
Twitter 4 5 1 HUSASEE 1 43 28808, X AT &
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Table 6 Ablation experiment results %
e Restaurant2014 Laptop2014 Restaurant2015 Restaurant2016 Twitter
- Acc F, Acc F, Acc F, Acc F, Acc F,
TIAN(M) M 85.46 78.13 78.83 7447 84.21 68.35 88.39 75.06 74.09  72.67
TIAN(M)_W 85.65 78.74 78.98  74.82 84.76 68.54 88.42 75.41 76.73  74.67
TIAN(F) M 85.62 78.80 7775  74.55 84.37 67.37 87.92 74.39 73.81 72.94
TIAN(F) W 86.30 78.92 78.19  74.71 84.50 68.46 89.20 76.23 7395 73.12
TIAN(L) M 86.91 79.68 79.47  75.84 83.95 68.15 88.57 75.56 7337 7253
TIAN(L) W 87.34 79.89 79.94 7623 85.02 72.04 88.96 76.18 73.51  72.61
TIAN w/o Local 83.67 76.75 77.81  74.04 82.49 68.20 87.62 74.21 7294 7193
TIAN_M w/o Global 84.85 77.23 7822 7420 82.81 68.27 87.02 73.98 7325 7222
TIAN_W w/o Global 84.98 77.42 78.35 7448 83.02 68.60 87.07 74.06 7332 72.29
TIAN w/o MW 85.11 77.59 78.56  74.80 83.21 68.83 88.04 74.86 74.68 7331
TIAN_M 86.81 80.71 80.57  76.83 85.79 72.57 91.40 78.46 7572 7438
TIAN W 87.23 81.93 80.92 77.21 86.15 72.13 92.21 79.39 76.68  74.75
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