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Abstract

In the early tasks of Aspect-based Sentiment Analysis, the feature selection was mainly carried out
manually with a high human workload, and traditional machine learning models such as support
vector machines and Naive Bayes model were used for sentiment classification. However, with the
rise of neural networks in recent years, a variety of neural networks have replaced human work,
and experimental efficiency has been greatly improved. Because of the need to tap into informa-
tion about the views expressed in people’s texts, this paper studies and analyzes the application of
various models in Aspect-based Sentiment Analysis, concluding that the semantic relationship
between aspect words and context has a great influence, and that the models are applied to that
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aspect to obtain the best results.
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(7, TR RS LR AN R o AR 2 18 B A A it e 45 SE DA S, s N, EIEITET, — 2
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2. BxI1E
21. BGNBFEIFE

T KO BT AR S8 75 9 K EORT A2y 5 3] JL PR D RN T 38 A GEML a7 21 B VA [4] -
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ST TR BN I AT M A, AN [R] AR B 0 AN 5] A AL 3 R AE 19 7 vk e 3 1 v i 3R 1 22 i L LK,
HEET LA ST AR A B i, BB RA T BARRT &, nT DUAE U S [5] BHFAE, 4 m] b
B ) F AR RAVE RIVE L, e CAE AR AN Bl (R 5 R P, RRAR Gy e n i i 5 1 B
TR FR,
22. REFEIFE

Word2vec [6]F1 Glove [7]#F2 1 #x AR, Word2vec 0] LL4r AP Al seBL AL CBOW Al
Skip-gram, CBOW il b SCOF A A R Bl 4 e, tein “easyai ()N TEREMESE” , @i HAl
TSR TG = A R, T Skip-gram s id i 2 BT SR TI ER SO, bedn “ Qs rI00 7, Ed
TR B HES N EE . 7E Word2vee B A A, Glove sigkg i, 1Ey Skip-gram BEAYIEE R . H
WRIRFE S 2177154 CNNL RNN Il LSTM 4§, [E#% ELMO [8]F1 BERT [9]#UAHZk S, BERT fEIR £ 4L
P DRI T RIFAMERE, BRI 2 1 NG, BT BERT MR HE ok M 2 i A BTt

3. =8
AL G TN T IR FE 22 S B 77 VRN T 07 T A A, AT B S RIRT L
3.1. ETFingapgr53k. SVM F Bayes

BT A ARG M e — AN, S B A A RS S T RN, N — M), AT
RN B, R IRIRHE AR 2, B BE BEREAT 4T 4, SVM I Bayes 72 733l ELFE FH Y sklearn
H 1 SVM I Multinomial NB .

3.2. E2E-ABSA

WmrKE 1, FHEASE LA Transformer 2 BERT AR H AN ) - F CRKIR:
H_L={h_(L_1),--,h_(L_T)} (1)
Horp H_L AR F E SRR,
B B RN SR EE, TR 5 -
y={y 1.,y T} 2
Horhy TR FHIbRSE, N K E T CERETE E2E-ABSA J2 5, A2 U B BRI ) 7 A FR 25 .
I T IR R E2E-ABSA [10])Z2 /0 it, BIZRMEJE . B Ee L% B i W 48 F 2k B L7 .
3.3. TC-LSTM #1 TD-LSTM
LSTM [11] &K 4 T4 NS LSTM A7 b, 1] TD-LSTM [12]#H LT LSTM [eksh 4, s H
Fria I 3T softmax KRR TIB81T 0GR, EIIREa R A A1 + Jrifia, A4 2 7 iiE + f)
¥, IR N B TA LSTM, IR N BIA LRI 5, SEREMREL B bR iR A < iE U5 R,
PRFFBR e 26, TD-LSTM M4 M E & 2 Frx.
TC-LSTM 244 HArial A %15 X5 R 5 E N Mg &, ¥ v target “FIME B 58N 3T B
TC-LSTM &5t Eanl&l 3 frw
3.4. BERT_SPC #1 TD-BERT

BERT_SPC [13]/&& 45 /7 i sk A bR SCRAFON R 7xE 73R4 55, £ BERT I MilFEAT RN, 5 (AT
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Figure 1. Overview of the designed model
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Figure 4. TD-BERT
4. TD-BERT

77 THI S AR (155 AR A D 4 A

TD-BERT [14]# CLS f AT AT 1 208, A7 AF2 M CLS JFasH N, 12 B J7 i f A
#| Max pooling )z, /b 7AHSE TAF&. TD-BERT ZtEaiE 4 Fs.
3.5. GCN

GCAE [15]7#F ATSA LRI F 24 CNN BIZERE_Ln T —ANT 300, I3 HLH] 5 7458 i H o7 T %
ROE M NE, HAZHET CNN MRS, v DLIFATILATEAE, X T ATSA ERIN B, B2 H T
—MLE 2 AT R B, T REAREI 7 TH ] 1 B 1% . GCN B2 FH 78 ATSA Hh g/ I an i 5 Fros .

3.6. BERT-pair 1 BERT-single

BERT-single fii \ )2 — M)+, X — AN 747 73 K AE 5
BERT-pair [16]5& N H 4 AMT55-44 ABSA T35 5 o 6] 7R AT S5, /- A WE 4 NE)F55 50 KAT

QA_M:  HFsJ7 AR i) ) F e —AMhh) o
QA B: &INIFRZAEE, BAHAM AT EX 2724 =AM 7, 0B AT
NLI_M: G4 Bh A 2 W A .
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Figure 5. Application of model GCAE for ATSA task.
[E 5. GCAE £ ATSA £ &H8IRN A

NLI_B: #fiBha)+ MEE ] A48 Rk 1 & i P )
4, SCUGSYHT
4.1. BAREFMITMNISHR

B4y SemEval 2014 Task4.
Bl b i SCPR K 22 (SemEval) A 2014 SE 4, BRAE$51 4 AT AR LI AR B4 8oy AT 5%, IEAAREL
Yo, APl B BTk A 2 A 2 SemEval-2014 EAT %% 4 A RIEHRESE, XN T E i@

BEAT SEEG X EE
TEVP FR bR T T, 340K T HETf 2R (Accuracy) fil FL E A # 2 IR Fx o
Acc=(TP+TN)/(TP+TN + FP + FN) (3)
P=TP/(TP+FP) (4)
R=TP/(TP+FN) (5)
F, =2xPxR/(P+R) (6)

Hop B 230 TP RoR IEFAK IEFEA, FP RoR R IEFEA, TN ZoR BRI AFEA, FN RoRHiiRm
FREA, Acc NRETMHERIZE, PONEHER, R NESRE, FONEHERME SR NE.

4.2. SKBER

Table 1. Traditional machine learning methods
%= 1 RGNB/FEIFE

Models accuracy
SVM 85.6%
Bayes 85.8%

3 1 NFEG NS 5 2 B 7 IR B BT I HERR 2R, SVM 2 FH (1 sklearn B[ svm £2, Bayes 7& H 1)
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L F

sklearn T naive_bayes H.f{] MultionmialNB {1, #J % i SVM HI Bayes HJ#ERfZAHZETC L, 15 T3] A0
FIVEGER R LB A, VERR B SVM Al Bayes .

Table 2. Deep learning methods
=2 REFEIFE

Models Restaurant (Accuracy) Laptop (Accuracy)

GCAE 74.51% 64.37%
BERT_SPC 85.27% 79.47%

LSTM 76.43% 66.61%
TD_LSTM 75.98% 67.87%
TC_LSTM 75.00% 65.20%
TD_BERT 86.16% 77.74%

%% 2 hHEWRE fe i 9 TD_BERT, AKXy GCAE, 7T W SL56 704 .

Table 3. The results of BERT-pair
% 3. BERT A1 F X HEFER

Models F1 4 way (Accuracy) 3 way (Accuracy) Binary (Accuracy)
BERT-single 91.06% 82.92% 86.12% 92.83%
BERT-pair QA_M 91.66% 84.19% 88.48% 93.74%
BERT-pair NLI_M 92.06% 84.39% 87.66% 93.85%
BERT-pair QA_B 92.35% 85.36% 89.41% 94.31%
BERT-pair NLI_B 91.56% 84.4% 88.0% 94.7%

% 3, F1AER R 5 =N BERT-pair-QA_B, ik A BERT-single, #H2<2 4T W25 507 o

Table 4. The results of E2E BERT
3% 4. E2E BERT &R

Models Precision Recall F1
BERT-linear 74.26% 73.92% 74.08%
BERT-tfm 71.11% 74.28% 72.65%
BERT-crf 71.58% 71.51% 71.54%
BERT-gru 71.10% 72.49% 71.78%
BERT-san 72.98% 74.55% 73.75%

4, F1f&N BERT-linear, #¢fik N BERT-crf, & #T WSL4 /3 #T o
4.3. LI STHT

SRS AR H] BERT BTl A 5 56 v £/ 5 0 v T A T ZRBE AL R E A ¢, BERT-SPC Ak
BERT MR MURMZ AL, WiWI BERT HEZLRS, HAgE 2D VrER .

*https://github.com/hellonlp/sentiment_analysis_dict.
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G 5 R TMAEM KK TTEML, ESINEERMANIEZ, H1TF2 0 RGEE N NRERE,
M TIRES I, Emr @, NAREREREDHE NN SEL, 6 ENERNIES R
ERE ST RIRFE SR ELRE J1[17]

LSTM F ol A A AR N, ek i iR os 5 T 5 3L F 0Bk R, ok
FoRJT A G AR, — M) RTREE 2N 5T A . ASE DT TH N AT REE A R AR, AN F T TH
W5 H BN SCHIER R AT REA A, AN FIA (5 S BN, A T R0 B v R SR R T 1A M 1 A
XE LSTM iz, TC-LSTM Al TD-LSTM HEUE 1t LSTM & il HERf .

K4 BERT G H AE MM, HEHIEEZ, rbl BERT HHEMZEELL TD-LSTM Al
TD-LSTM &, ifi H. BERT AJ ASZI) 3FAT i+ 5404k .

XFF ATSA BRI, GCN BB Z H T — AN & 2 A7 T FIERUZ, 58 ae A3 7 T ] 1 17 12
Wk, PIA2AET CNN 8L, BT AR DUIEAT IR 5, BT LAgAT IRl T TD-LSTM.

BERT-pair. BERT E2E-ABSA Fll TD-BERT iX = # W AT LLE tH 7R 4 A\ i i H 5028 (1) BERT -pair 1
TD-BERT Lt BERT E2E-ABSA XUREF, FIvJEHZER BRI 7 —A E2E AE 5545 =247 B, Jo
IR AR LR SO A 2 RIE OR R, HOR A OM BERT, i/ H/E BERT J5iRINT FIHE
%

¥ BERT #4)it pltf) 7 XT 55 B8 A AR B 5 T A] 5 3 1 RS0l LR R, bl BERT-SPC 1 BERT-pair
P IEA ) BERT RURELF, 1M TD-BERT 048 T HIARIER, —MZ&M CLS FFia%i A, 1 TD-BERT Bk
i CLS BE#E 7 AN B oKt 2, 355 77 HA (9 9%, 5 B8 PRI J7 THI 4] (9 AH D18 SUE ., B A
TD-BERT IR el DA bt fe REAAR I 7 THI ] A b ST SCZ TR] 1R 5% R R R S8R B U 1), AR SR U 1
4 BERT-pair il TD-BERT.

5. 45RiE

L FE 1 RO AT 5 A I R AR B, R BE R R BT 2 RN 1 T T A% T SR Ax T
77 T8 V] A7 AR A A S = XA 7 T 1 SR e N K LR REAT TS, R AR G A 2 T 1A S
THEAN S P TG ST IHNEFTRR RN AR 2, I8 IR 5 S 713 m] LR K N T B
FERFE S 215, KDL BERT JRILH RIFAIMERR, 2T BERT MBI AEIF IR, HAES XX
LA BEAT DO I 7 S ST T R, JE I S PR R AT AR LY AT Rl Dt [18] ABRAS
BAFRIROR, AEXPRAEREAT AN R (4 A BE 75 1 75 AT B 2 BT, W AT BERT Jffl& HERBA R
RBEATAUET, ATCOY BERT AR A #8072 050 XA AE A5 BORHR BT T HEAT S R, X T4 7
RGO IR R AT DL, B4 ERERELA) 7 2 AN TR 5 BT SCIRIAIE SR S, O SRATT E A
. FERIRETTH, K2 MR IOCHIESE, JF S S CRE BT 2 .
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