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Employing relation extraction technology to jointly
recognize aspect-polarity pairs in a text

BU Ling-Mei, CHEN Li, LU Yong-Mei, YU Zhong-Hua
(College of Computer Science, Sichuan University, Chengdu 610065, China)

Abstract: Aspect-based sentiment analysis aims to identify the aspects mentioned in sentences and their
sentiment polarity, which is an important task in fine-grained sentiment analysis. The existing studies
use sequence labeling or span-based classification methods, having their own defects such as polarity in-
consistency resulted from separately tagging tokens in the former and the heterogeneous categorization in
the latter where aspect-related and polarity-related labels are mixed. At the same time, the existing
methods ignore the correlation between aspect-polarity pairs in sentences. In order to remedy the above
defects, inspiring from the recent advancements in relation extraction, we propose to generate aspect-po-
larity pairs directly from a text with relation extraction technology, regarding aspect-pairs as unary rela-
tions where aspects are entities and the corresponding polarities are relations and utilize sequence deco-
ding to capture the correlation between aspect-polar pairs. The experiments performed on three bench-
mark datasets demonstrate that our model outperforms the existing state-of-the-art approaches.
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1 3 = XS A AR PR DA O 2R M G AR B AR A 7
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T8I BT 1Y B A2 O AATHE SCAS th 3R 1)
AR, A TR DU A J s D £ 1 i o 1 T
AR B HRBUH P 1 S g2 A AR K A Rl
PR, R IR iR 2R BT
SCRS G AN ) -G, 380 F A s —BEOUAS HAES — A5
Tfi Caspect) o - X 25 % 1 SCAS H&A4 J) W 5L 7 Tt
PR F5E L, — BT S A& ZA R DT B
AT TR A7 ST ) W BB AS AR [R] PRI L 175 J8 43 A 1)
AIF S T B T pR ORI 2 ) 00K, Hevb )7 T
&> B ( Aspect-Based Sentiment Analysis, AB-
SA) & ARLFE 1% 1853 A1 1Y — W0 A 9EAT: 55

LY ABSA W0 AE Tl B A Sy
FIPAS ST I TAT 55 - IR R K 2 1 7 8
P FAF: 55 25 6 R AR U T 7 SRl P % HL 2
FETEAR DAL R IR, oAb FE 04T 5 Tl U o
AR S Sl B8R, o 17 5e ik iR skf
OB A DR 7 52 o FH PRI 2 (token) J3 81 A 14 A1
T B (span, &0 11— R B, fH R IR 18] F1 45
Riabric. ) WERG 402807 k. ScEk[12-14 143 55t
XoF 77 T A ORI A 23 2 At AN [R A T AR & L R H]
AR AR 3R 4T ABSA AT 55 . X B 7 85 0] DAl
$E 75 T A R TR AR B S SR T LG i R
HH 22> B R) R B0 T Sk g BRLR] S0 Sl HEA TR
PEFRE: T LATE I 175 A — ). anl&l 1 fr s i
S R PN B3R 19 7 T garlic knots, B}
IR v RE 2 garlic AR iE B (positive)
i knots #5130 T8 H% (negative) , M T 5 8 & 4>
garlic knots 1Y 1% B A B L. FE T span (1 )7
T S g I A T P R T RO —
Fhln) R K T AE 51 X% span ffi 1y { TPOS,
TNEG, TNEU, O }$r&k % 1, TPOS, TNEG
F TNEU 4351 3 75 46 1 195 B 2 5 AT R TF A R
HPERY T T S 1T O R span ANJ&— A &L
J5 T s SX AR AR 2 AR FR A7 AE S5 Jo ) A, o S50 A8 ufe
DL PIASAE AEA ) 0 A S5 S B AE R A 15 2. It
Hh AR EIR T IEE T — MR A T T2 )
MR AR AL T 288 T AN [R] J7 THAR M) 22 H] f
AHE DGR 3% SIS — ™) Hh A T A AR
e

WS KT ) e e SV SRl 18 16 0 el ST )
FHOEME A2 56 R AR W IR & AB-
SA RSN — 0 ¢ R, Hovh 75 TH A RS AR,

TET -7 SR A X i b R G A il BB AR B 1L
SCAS H O TS B M X (Employing Relation Ex-
traction to Aspect-Polarity Pairs Generation, RE-
APP) (RS, A SCHE 3 AN TF 1Y B e R SR k1T
T —RYN . GORR AR SCRYB R R 5 T 5 T
GUE ST BT 55 R PR RE  [R]de 3 3tk 1 1 FH 5 AR
PEXF Z 8] 1 OGIR RE A 4 5 ABSA E55 Y TERE.

Sentencel:

Pizza and garlic knots are great as well.
APPs:
( Pizza, positive) (garlic knots, positive)

Sentence2:
I love Windows 7 which is a vast improvement over Vista.
APPs:
(Windows 7, positive)  (Vista, negative)

B 1 &R H =6
Fig. 1 An example of ABSA

AR TRk A P I : (1 ABSA LS5
VA2 g — 0k Z A B AL A7l 52 SCA Fr oA [R] D AR
PEXS 2 (6] A A AR T se iR 7 B J7 2 R A A B 1
TR —BObR % S Rl (2) 78 3 AN 4R 1 ik
Ay 7 S5 B 7 A SCRERY AP RE.

2 MEXIE

R ABSA SeiEAT Jy Tl BCHRE R 45 8 1
THTSHEAT IR IR M 40208 o 3K A B B AR ) Ak 1 52
B, H RIS ST 55 ©E o i Fe #45. 2013
4, Mitchell %1% 1 e 2% 80U I 2514 Bl L% (Con-
ditional Random Fields, CRF) NEX & 25 01T P
bR [R5 3 K 205 BB AT 1 % He L (B S R
IR A5 bR 25 1A LI K 4R 7 iR B R BB AE. 2015
4, Zhang %5 4 Mitchell 250 (36l b iff— 2
|25 DO 28 A5 , K T V52 i 0 Tk e 3] i g 125 L
KTy 1 LA Ak, BUfS . Li 4 B8 2 i
)i TR E 221> BRI AS) ) 5 TR N S T R
L I 15 SR M T B AN — BN 3 BUZ T T )
175 SRR SV, T2 AE Ry S i i) A 5 A 1 ) R
T ZH AR R AR B AT R SR T X R T T
ANRETE A S BN — 3R] . T DAAE 2019 4 B
FEH IR T F N —1 span, IFE T span #9757
T R BN — SR AL Hu 550 5
AFET span (143 245 U span B 4 67 B RN 2
WALE ARG E X REAS span #EATHRMESR2E. (HIZ T
VEXT span A (o7 & FNES oA 8 (PR ok T R A 7
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(), AR I s & XA oy =& AT EC X Lin
ST T ke S IR Y 1, B T Hu AR
()i A 2Bk L 1 e o G T 45 SR P e T 1Y)
LR FNEE TR A B AR IR span, SR 5 1 13 ¥ ok
W A LA span, BLAR UEAT T WA LAY T AR AN 4
A B AT S AEATSIE A 37 A T RS UR 07 B RN 4 R o B
FION AR, B DR AR I fiff e — 38 (%) JE X6 (1] .

Zhou 25 M ERE span JFIRFH 22502588 L { TPOS,
TNEG, TNEU, O} i ik span (9251, @K%
BB S IR g S fE.

3 ES5%8

BT EDE A 1Y) ABSA B FEAELE Y 8] {5, A
SCRE I ABSA AL 55 90— o8 R ER Y i 2
A4 7 TR SEAAR i span (977 kAT, JLXT
I AR AR R O 2R 5 T TR SR %o WU 7R (O
TS LA 57 L 7 T 5 A & I B ) — T4l
3.1 EHBEX

HE—NR)F S={w s w s w, b B
FH n A FIR]ZH B A S AT S5 R AR SR A ) A
RSB S T A X G DL R AR M B
BESY={<s,e,r>|0<s<e<n,r€R},Htp,

(Windows 7, positive)

fiffhth )2

s Fl e &7 7 T %) S ia) e 4 07 B A2 R s
FETR 7 15 AL M. F = { POS, NEG, NEU} J&
5 B 7k 5 & . POS, NEG 1 NEU 43 5 2R 1
QR & L el T ¥ M Ry e e R R S vk 4103
SEERUUN R SRS R AR L NA =04, Bk
BRI 1. TR NA = e s th A & 45 i
BN NA WAEL R A ) A Sl in g 1.
3.2 IRHMER

ASCHEH A9 REAPP A58 i = )2 41 1, i 2
Ji7R. 55 —J2 b A2« 17 53R ] e A 90 R4k A)
T A ] 5 2 S b )2 AR TR i A E
FFRIFor Mt J 3 ) 7 B A5 L) 22 [ 1) 4 B 7
FH A BRI Y 1R ORI s e — 2 RS2 T
BHHLH A fAs 2 eE - F SCRE  RAS 2 A A
I35 o A il =T 4.

#& 1 REAPP BN\ 61 F
Tab.1 An example for input and output of REAPP

Term Content

Iy love; Windows; 73 whichy iss ag vast; im-

Input .
p provementg overg Vistajg. 11

Output (2, 3, POS) (10, 10, NEG) (12, 12, NA)

Aspect-polarity pair (Windows 7, positive) (Vista, negative)

(Vista, negative)

Hifith)z

[ 7 7 7 [ 7

Xo X1 X2 X3 X4 Xs X6 X7 Xg X9 X10 X11 X12
ALY IR I FIR I IR I R I FIR I RIRY YeIRY Yo

love windows 7 which is

bl ] bl ] bl b b ] b
I

a

vasl improvement over  Visla . NA

B 2 REAPP B A £ 4B
Fig. 2 The architecture of REAPP model
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B 7 T AR PR VR P A SR TE IR AR AT
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hE =[LSTM(a; -hE ) sLSTM (i ohE )] (D
3.5 fREE

AR LSTM A4 ik A m) ¥ 19 = e 4 iy
G R, XA ¢ LSTM & 5884/ K
XA G t —1 BAERE SRS 15 2 Y JRR AR
el 4n=k(2) Frw.

hP P =LSTM([v,— e, ] « W*,c2 1) 2)
Horp W RRES 2] B S50 e o ST I 203808 1 1
Tt AR LR e, iR 3) ~6)
.

m, =WFel |+ yn,, =WhE (3)
B =¢ tan h(m, +n,.;) 4
a; =softmax () (5)
e = 21::) ali X h¥ (6)

Horp WP 0" WO B 127 2] ISR 1E 733
i ¢ 2 FRIR 2 AR TR B i % figp A aod A
FEAY 3 AL Y03 =1 B IR MRS =t
20 AR X R AR L B 5 003 = 2 A T
WX G A 45 AR 5 ¢ 263 =0 Bk T A% B e, —
ASERAY T B R T B X 3 AN %) B
FEORAS R R ¢ %) 3 URBYZE R 5E L B 2R B
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Az R B O B (163 = D T B AE i NA
=LAl g, HAE ABSA AR5 4405 T A /&
BRI T AA S AT M € ROE Bk E
Ze¥8 DLI i 77 1 TR AR AR AR A 1 e A
Bl 3 F=(7)~(10) frow.

g =selu([RP;hF] « W +b%) h)

P =selu(hP « WM M) (8)
. 0, icE 9
"1, i¢E

p* =softmax([M Qq* ;4™ D (10)
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Fig. 3 Start position identification of an aspect
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Fig. 4 End position identification of an aspect
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(16) Frrw.

g =selu([h,shP ]« W+ ,;€[1,3] (14)
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|
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Fig. 5 Polarity classification of an aspect
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% 14 Sy, F. AR K R I AKBEA R K PG m- A x % 59 A
(D P, TOP.REST #iI TWITTER" | IiF T~ REAPP

1

B T <t
I‘l(»xs‘ :78 % Tz i—=1 Z,ZIIOg(P(:Y? ‘ yz ’Ii) )

4 TIHHHER

4.1 SEIHRE

an

ARTCAE 34> ABSA AR5 AT BE 4 LAP-
®2 ZREERIT

Tab. 2 Statistics of the datasets

BRI AA R, o 18T B A SCR TS Zhou
AU R B K Rl 4y Hoh TWITTER {4
SESCRAIE LB ST AR 2 R, AR ST
PR AR bR L SRS B R A [ R AR A A R
BEAh s FUA ST A4 77 15 B bR e e —BUA A
R R 7 T

LAPTOP REST TWITTER
Datasets
pos neg neu pos neg neu pos neg neu
training 883 754 404 2337 942 614
dev 104 106 46 270 93 50 — — —
testing 339 130 165 1524 500 263
total 1326 990 615 4131 1535 927 692 263 2244

4.2 XWiEE

ASCAH ] glove. 840B. 300d #) 4f A il ik A
(nlp. stanford. edu/projects/glove/) , Ifij fi i5 o5 &
FH R A S BEHLRT AR A S AR A SO Stan-
ford CoreNLP toolkit X} /a) T A it 8817 i# 47 POS
FriF (stanfordnlp. github. io/CoreNLP/) , POS
ARLEJE S 50, A U] 50 AN KR/ R 3 BB I
o8 RIS YR Ry 50, By AT T SRS
SR A HES 1Y) BELSTM 2% 2] (19, 1 [n] Fl 5[]
MIAEREHER IS 150 4, it um iy LSTM 48 2 ik i
300. AR SCHY 2= 2] 2B E Ry 0. 001, batch K/NK 32,
dropout & & M 0. 5, ] Adam k45,
4.3 EZiER

ARSOR BB A5 LA Bk i 75 1% «

(1) CRF-pipelined,joint, collapsed(2013)H1#, —
Fofr T Je ] LR A 2 RRIE Y CRE JP 41 4RiC
ks

(2) NN-CRF-pipelined,joint, collapsed (2015)
— TR CRF P UARTEAAEAR A M Y
JZ P8 A 5

(3) UNIFIED(2019)M, —Fhfdi B S An 25
3T B-LSTM #4173 SR I 7k

(4) TAG-pipelined, joint, collapsed (2019),
—MLL BERT Mgt #%, 3£+ CRF #1755 br i
AR Y 5

(5) Zhou-SPAN(2019) M%), A2 i 5T span [y

WA 7 A span il 5 1) 73 2 71 L 3 B A A
span 1 EME B

(6) HuSPAN-pipelined, joint, collapsed
(2019 —Fh L BERT A 4ufid#f (43T span (1)
D51 » 4 HR R 1R 7 B R4 TR X A O & X
(=N

(7) SPRM(2020)™7 ;% Hu-SPAN-joint™* )
et RS TAT S BT RAA Gnididh 2 LA S HK B G i
s AR AT 55 22 18] 1) A .
4.4 SRS

TE 3 ANFEMEEIRAE b T T8 B AR 1 o) i
SRR 3 fim . W3R 3 i B, it &S
FEHNBR A0 7 3R A L 3802 5 3T span (9 7 i AH
Fb L AR SO R 26 IH A% 4. SPAN-pipeline (2019)
1) Fy (i e TAG-pipeline (2019) #F 3 N E¥i4E -
SEIERTE T 1.55%.0. 94 % F1 3. 43% , Al LAF HY 3t
T span B 5 LR SUARE 7 1A B A PR, R o 3
FFXTHEEAS span SEATIE IO 25, AT RIGRE T S A
T 545 22~ BRI AR B 7 THT T A 1) 17 JR s
[, AR S B B T T XA span BEAT R PR 43
5 ol FH P B ASE B e 8 SCAS v AS () T - AR
PEXT Z B A AH EAE - 32 H 9 REAPP B AgCR
FAF TSR R TAG-pipeline (2019 7E 3 4~
B4 1Y FOE 2 0 & T 2.79%.6.09% Fl
6. 26% .1 A1 F& T span B4 K SPRM (2020) A
o, BARTE REST Bdi 46 b, A SCHY A o] R 441K
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%14

{ERSA R L SPRM = T 3. 21 %18 3 M8l sE B Fu B s 0. 58%6.,0. 90 % A1 1. 07 %.
%3 AEHREXHHEERER

Tab. 3 Comparison of different methods’ results on three datasets

LAPTOP REST TWITTER
Model

P/% R/%  F/%  P/% R/%  Fu/% P/% R/'%  Fu/%
CRF-pipeline (2013) 50.60  47.54 5293  52.28 5101 5164 42,97 25.21  31.73
CRF-joint (2013) 57.38  35.76  44.06  60.00  48.57  53.68  43.09  24.67  31.35
CRF-collapsed (2013) 50.27  A1.86  49.06  63.39  57.74  60.43  48.35  10.64  27.86
NN-CRF-pipeline (2015) 57,72 49.32  53.19  60.09  61.93  61.00 43.71  37.12  40.06
sequence  NN-CRF-joint (2015) 55.64  34.48  45.49  61.56  50.00  55.18  44.62  35.84  39.67
iﬁfﬁfg‘i NN-CRF-collapsed (2015)  58.72  45.96  51.56  62.61  60.53  61.56 46.32  32.81  38.36
UNIFIED (2019) 61.27 54.89  57.90  68.64 71.01  69.80  53.08  43.56  48.01
TAG-pipeline (2019) 65.84  67.19  66.51  71.66  76.45 73.98  54.24  54.37  54.26
TAG-joint (2019) 65.43  66.56  65.99  71.47  75.62  73.49  54.18  54.29  54.20
TAG-collapsed (2019) 63.71  66.83  65.23 71.05 75.84  73.35 54.05  54.25  54.12
Zhouw-SPAN (2019) 61.40  58.20  59.76  76.20  68.20  71.98  54.84  48.44  51.44
SPAN-pipeline (2019) 69.46  66.72  68.06  76.14  73.74  74.92  60.72  55.02  57.69
‘fﬁ:t:s;fd SPAN-joint (2019) 67.41  61.99  64.59  72.32  72.61  72.47  57.03  52.69  54.55
SPAN-collapsed (2019) 50.08  A7.32  48.66  63.63  53.04 57.85 51.89  45.05  48.11
SPRM (2020) 68.66  68.77  68.72 77.78  80.60  79.17  60.25  58.79  59.45
Ours (REAPP) 69.82 68.78 69.30 80.99 79.18 80.07 61.72 59.37  60.52

4.5 FHEHNERSN

N T TR AR T TP BE . A S T
REAPP 75 3 ANdladl 107 mhiiesy £ 4553 Fe
FIBRTE L B HE T span Y7 EEEATXS L A 6.
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f=}

_
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N
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REST

A6 FaimBsatibsdR

Fig. 6 The results of aspect extraction

ML 6 1 S 36 25 5 AT DU M AR SC ST A
LAPTOP.REST 1 TWITTER (44 % F\ (i
I3 K 84.93% ., 87.16% 1 74.31%., K SPRM
(2020019 F{E4RE T 0. 21%.0. 45% . 4. 46 %, X
UE B SCRE RS 7 181 TR A RLY. BE AR g T DA
%I, SPRM H k1 LAPTOP 1 REST | #2814

I fH 27 TWITTER I 3% ¥4 SPAN-pipeline
TS AR S AR R 22 AR £, X UL B SPRM Al
SPAN-pipeline —35 2% H 19 i3 A& XA WA B8 A i&
o7 I FR A £ o T AR SC AR T A3 W ) R
H AR AL  AE TR BTN X G0 32 H a5 /).
4.6 WMEDFEERSH
X T REAPP ABUTEE B k7025 T iy PEGE,
AR TR B E AR R 0 T AR R
SR BIMER R (Ace) L 78 3 DR AR T AR S i
W1 B AR T EE L, S5 R an & 7 iR,
95 —

TAG
@ SPAN-pipeline
\\ SPRM

=3 Ours

/

%
2

\

Accur acy/%
~
wn

_

.
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651 \
N = \\

LAPTOP REST TWITTER

B7 WAy ESER

Fig. 7 The results of polarity classification
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