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Abstract

Based on aspect sentiment analysis, most of its existing algorithms separate aspect word extrac-
tion and sentiment polarity classification separately, or perform only one of the tasks, ignoring the
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potential correlation between the two subtasks; or use pipeline method to analyze. They are
processed separately for two stages, leading to system error propagation and complexity. This
paper defines the two tasks as a sequence labeling problem. First, Bi-LSTM and CNN are used to
extract features, and then the feature interactive learning mechanism based on multi-head atten-
tion is used to further filter and extract features; and an attention-based interaction mechanism is
used to obtain the task potentially related features. According to experiments, the proposed algo-
rithm is more accurate than the current representative model in terms of emotion polarity classi-
fication and aspect word extraction on three public data sets.
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77 TH 25 175 8% 73 #r (Aspect Based Sentiment Analysis, ABSA), =& WAl A 3G 25 (R 1) B SR SCARAS
B, r AT, KRBEL AGNFIRE SR SO — AN T T R G B VE s BAER SR W P VR HEAT AR (1)
BT[] HE T, K —ERARIES M E SRS, BETFRIRN, BT SCARRE 7R
FERTAAH > N g AR T, Herb J7 15 A3 B e 8 43 A ) v B B Bl [ 25 i) A [
77 T I A, CABOZ USRI TR TT 2 —[2]. I H., B BB R EE B DA S A
IR A R, RIS B M ER A BEAL A WA DL 48 F- 2 I pEie . 8% RS 5800A, SR m
THIERAS R, BRI SEbR S 5, B B3], B P AN HERE [A] S R R R e .

TR T, FEAGWATAES: T ARG (Aspect term Extraction, AE)FIJy 2 1% 84>
J5(Aspect-level Sentiment Classification, AS). AE 2% £ % H 1)/& W45 & SCAH IR K I AT AR E; AS
A 55 DU) 2 S R % T Tl BE AT 15 BRI 1k 41 7 . 4512, “ Coffee is a better deal than overpriced cosi sandwiches”,
Hr “Coffee” I “cosi sandwiches” P77 THI A T (11 IR 4 40 Sl AR AR AV A

2. HXI1E

FELR I SCANG IR AT, 23 e B T B SN BE THLAR 2% 20, IRFE S Sk e 1 K& N LARVE AR LA
KRR TAE, INTILE BARE S OUSRS B2 B . SRR B 22 W 28 B FH T~ 5 T 2 1 Ik o, 3R
IR . BT, MASET T IR L 22 SIETT s B i e RE R L. Bt 8 W —1a 2
()15 B, B 25 BERT 5] A A Elmo 152 8 5535 5 I AL 52 R IS, A8 U Rz 2K v, (R AR T Glove,
A DRI i NS AR AR B R SUE R, PR S BN SUE BIA RN . Song [6]%F A $2H BERT-SPC A& {415
UG T4 B 55 A, RIS PERER DL, Zeng [7]%5 A\, R0 LCF-BERT MEALE I 45 & H 1R bl
] SEI—MURFAE I = 38 R SCEREENILH,  AE 7 TR J A B MR A B PERE SR T o 88 FH I e 22 o 2% 4 HY
HG, Z R KEWHCIZ M4 (Long Short Term Memory, LSTM), H 2 faj B () LSTM %5 5 2 77 T il f) 244
Tang %5 A\ [8]42 i 1) TD-LSTM AL FH AN 7 Th 7] B AR LSTM, AT 44 B ARfEA) B F SCH)iE
NFoR . [FIR, d 5INERZ AU, SR m s o) 7R B 5 TR SR AR RE T, AT 1 B pr i M e
AL A N[O HE — P ise B AN [ U T A 2 T ARSI 2R 1P BLSTM-AAM AR, AT $ i REAIE H HL e
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1Tk, UTER S IRE AR TS AR L. N Tk, ARMESIE, O A7 AR 1,
TR ZARSS U R, A SCHR AT 2 SRVE WU R 22 22 ST LA, 3l 5 0k 2 ) B I&E 1)
KL A7 TR 5 5 T A1 ARk, AP AR SRIBR AR Y, T HL 38 BRI 7 — 2, BB A B
ST LIRSS AL, SRR AR . eAh, A BERT AR & BT S0fE BRI A
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Figure 1. Overall architecture diagram of Att-Inter-MT model
1. Att-Inter-MT #28Y 2k 224 [&]

3.1 EFEX

KA TS5 € SONRITRREAESS . AE AR PR ERRZEJ9{B, 1, O}, Hr B Fn&EHi7 5 i ia] (1
B VR 7R PR B O $RR IR e 7 B 2RI, AS AR5 1t ARERR 2 N {PO, NT, NG, O}
Gy M ZRAE BRI AR YRR, PRI E B
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Opgerr = BERT(X) @)

3.3. FHEREEE

FHIEE RIS 2 JEXNE LSTM 23 A A TAE S5 B R UK &, LSTM Se i LA RNN A
LKA I A, 10 HLZZ M T RININ L AR R0 S MR A LU o6 J5E ¥ 2R S e W 2 I i L REAS e b 2
FP 9 SCAS R0 BE 5 18] A A ] R . AE AT 55 T A5 ORI R s Ay HE ={hf,~~-,h$} s AS MRS TR IER
AN H® ={hf,---,h$} o [FI, A — A2 EAN RS RUZ /N CNN 25, SREUA 5] )ROS R/IN 1 JR RRAE,
PRI TR IR . RO E 73 6 LK 5 T A S BRI AR oy i 3 B8 o2 —80 I BLZRHE
TERNZ ARG MRS ] BT LB RUR SR I A5 I RHIE R A H ={hf,---,hT°} o

34. BUYXZERENE

22 E BT R R AL A R AN RS AL A5 8], AT AN AR WA S5, SRS T T RS il
AR XEor . PUOMEFS R RS AR, XAl AE P BUUER IR, MR O TERER L. A7 14
T ASCRRIE A M BEAT O el g, A VR AL RO A R 0 L B G R IR R o %2 S 70 e
TAESS [ LSTM Al CNN Fifs RSl % 2R, il @i Rt r 4. K2 iR
JIbL s Ho A TR R AIHLEI(SDA), BEATIE R A5, o HaE i 22 S pll, Bl 2 it 5,

PSR RTE AR 2 45 % 2 B IR RHER R P, Beig 2 I 2R EE UEE . b AS (5 MiTH
R

Osc=|:Hs;Hc:| (2)

Otjecnse = WX OSC +b (3)

T
Attention(Q, K,V)=softmax[Q\7d7K ]xv (4)
k

H; = Attention (QW,?, KW,* ,vW ) )

MHSA =[H,, -, H, W, (6)

Of = MHSA(OSEnse) ()

HAH 2 AS TS5 LSTM AhriajBagskia &, HE & CNN HEHUR 2 R R 2 0] Y B ) 2. d, /R
BINGERT; A =AAFEBSHEEEWS . WE D WY BT, HEER Q, K, V 1ENM4E S
FER TR s T h S5, W, SHOEREX 2 Sk it A R AT A A #e;  OF ils SUA2 BRI
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36. MHE

Bt fe 20 i AR O AS BRZEAN AE FRAS, BE W] DAHT 4 4 P26 0 Softmax B 20K i KAE 13 BIAR%E
W] LA 26 A BE AL (CRF) . 2RI 5E CRF 1R ofi th IR Z, FLREOS RRAR AR 25 (A (R i, 2E T i
PRI T ARRE , X AR2E 7 HHAT 224, ReRBRREAIF o, . B AR5 8 NAZRIRE |, A
P25 O ASCRRBY AL BE CRF AE RIS &, AN TAESS B3 O HAR B B R PR L3RR, O,
IO, » CRF @i H AN 2 S bR AR IR 20 A1 o 505 8 FH 4 Re LU S22 i AS BR25 AT AE #7%% . CRF
MRS R, Horh WAL, b A

L(W,b)=2>",log p(y|hW,b) (10)
4. K RERZH
41 KWIFERESHIGE

ARSI R : CPU M Intel Core i7 8700K, GPU 4 GeForce GTX 1080, 477k /)Ny DDR4 16GB,
TR BN linux 64 . R 48, pytorch 1.5.0.

SRS SO E RN BERT Tl 2R B3R A3, 1] R N ] S 4E 2 dbert g 768; RFIEFEHUZ, LSTM
BT HCN 200, PRAGBREUESE A Adam, S ST R YIAGEA 0.001, CNN AL H £ 2 S5 &
H, B RS KN E N 24 34 4. 5. 5255 A Dropout_rate = 0.5, H& = BEAY 2 AL AR/ i 400 2 XU

4.2. KB REERTF gt

HAR M =A AR TGRS, 702 SemEval 2014 fE55 MBI A NG . % T IR EUE SR,
AH1 Dong %5 A\ [101H 4R K] ACL14 Twitter $#a £k o 12K B 48, 72 1 BN H] T 4IRL L B B TR 55
BT SN GRAE R s Bdle 4R A 2 AN T7 ] LSO R AR (RRA ThSZ A AR SR A %L
TSR FOR AT RAR AR RO R 7y, AT UIZREL R IAIE . 22 1 Fros Sy s 4R v AN S Bt vk o0

Table 1. Statistics of experimental data

*® 1 REBIREMRT

Positive Neutral Negative
Dataset
Train Test Train Test Train Test
Restaurant-14 2164 728 637 196 807 196
Laptop-14 994 341 464 169 870 128
Twitter 1561 173 3127 346 1560 173

DOI: 10.12677/csa.2022.121002 14 MR 5 R


https://doi.org/10.12677/csa.2022.121002

e S5

A, R RATSS i RIHER R (ACC) R FLEAE A SEIE I PP 4545 o
4.3. JFELSRIR R EER AT

N T LA DHTRERUEEE DL R I, 5 DN AR R AT 06 Sz 56

BILSTM [11]: XA LSTM, 45418 ik N BEAT 77 THi$2H .

DTBCSNN [12]: A& —FhE T s S SR 2%, el 2P ESE CRF J#E47 7 THI L

ATAE-LSTM [13]: 7E AE-LSTM ZEA L, 477 TR AR RN BEAT Hf 32, L[R2 s Y N
BEAT A5 AR 2 AT 55 I 45

PIPELINE-IMN: FT- IMN #2888 F it K 26 735 73 247 PRAME 25 )1 5k

MNN: A5 —Fh G — 7 Sl br i 20w SR 5%, (R B E AT 5 T BRI 175 88 3 2K

IMN [14]: f#HAC B84, S )oY ABSA ZAE 5B .

ASCHEH ) Att-Inter-MT #5858, 5 FIRFERRIAILE = AN AT 4R b, 0 Hseat g Rink 2.

Table 2. Comparison of model accuracy and Marcro-F1 score
2 HEEMRER F1{EXE

Laptop Restaurant Twitter
Model
FIAE % AccAS% F1AS% FLAE% AccAS% FIAS% FIAE% AccAS% F1AS%
BiLSTM 73.72 - - 81.42 - - 70.22
DTBCSNN 75.66 - - 83.97 - - 75.33
ATAE-LSTM - 68.70 62.40 - 77.30 65.05 - 69.43 63.47

PIPELINE-IMN 78.38 72.29 68.12 83.94 79.56 69.59 73.54 74.02 66.33

MNN 76.94 70.40 65.98 83.05 77.17 68.50 72.05 71.05 63.87

IMN 77.96 75.36 72.02 83.33 84.89 75.66 75.63 75.45 67.05

Inter-AE-MHSA  79.87 76.12 74.65 85.15 83.96 74.89 77.33 77.21 69.34

M2 TUEH, ZAESHA MNNL IMN RUASCRERAE IR TR 55 EITERERIL, RE00T AE
G, XU, T BRI AT PSR T AR ST (R A SRR RN, Gl AR SR IR, T
CLRIFIZIR R GETHE S PERE o 10 H, ASCRRAE T I BUE S5 MR, Wl R T e SRS, 1
Laptop ##i4E - LE MNN. IMN 25 2 AL SSHRBORIETH T 2%~3%; Ui B it 52 ELAL AT LASRAS 9 14E 55
ML S5 B AEIBCR, X5 TR SR R AT SR THE A .

5. B4

AR SCER TR LR A2 B T 2 Skyd s Sy L] R AE 2 B R A AL A A5 A
Bi-LSTM F1 CNN FRFESEEL TV 1 Att-Inter-MT ZAT S-S, B8 ¥ S F BERT Tl SR AL E Ay inl ik
NAERT R, SREME LT CE X H I sERR. 5, A4S Bi-LSTM Al CNN [HRFESREUT 72,
REEERER N 25, AT 2 3k 2 WL B RRIEAE B R -G SE BURRIE R 4T 2 4EFE I 22
3, PAEEEIRAREE o 5 E BT R AL 22 B SRR R R E R s, B i
HEPAFH AR R . ST Rt 2R, AR SCRBIE A FAES I PER L T e i i, 2 AE5%
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