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Joint Modeling Based on Multi-task Learning for Aspect Term Extraction and Sen-
timent Classification
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Abstract: Fine-grained aspect-based sentiment analysis involves aspect term extraction and aspect sentiment classi-
fication. Most existing research methods address them in an independent fashion, which lack a mechanism to
account for the relevant information between each other, resulting in training redundancy and waste of resources. To
solve the above problems, a joint model based on position embedding and graph convolutional network (PE-GCN)
under the framework of multi-task learning is proposed, which is an end-to-end approach to-the overall solution of
aspect term extraction and aspect sentiment classification. Firstly, the “model learns the semantic feature
representation of sentence through a bidirectional gated recurrent unit network. Then, it exploits positional
embedding to enhance the recognition of aspect terms in sentence, and uses the graph convolutional network to
generate a contextual representation containing syntactic information. Finally, interactive attention network is used
to model the semantic relationship between context and aspect terms, and the sentiment polarity of aspect terms is
output through softmax. Experimental results on the-SemEval-2014 public datasets show that the performance of the
proposed model has a significant improvement compared with other existing models.

Key words: aspect term extraction; aspect sentiment classification; position embedding; graph convolutional
network; interactive attention
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JE T 7 T ) 4006 B2 15 8% 43 BT (fine-grained aspect-
based sentiment analysis, ABSA) J& X 118 1 1) v 43
FEVEH 7 T 2 A B P R B AR, A A AR
55, B 7 RSB ORI TG e 2. o,
A TE B (aspect term extraction, ATE ) 2 k6 ¥ 15 1
) g B B PR O T T I IR 43 26 (aspect senti-
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PES i an , 7 /) F “ Although the food in this restaurant
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TG 5 LIS i 2R L B AT 5519,
Py Tl et QL B SN TN e e e s
— NP B bR ] 8, 2% 14 B AL 4% (conditional random
fields, CRF ) FI T4 2% ~J BRI 1A fifk the Jy T A 3841l H
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FEOESE SRR U AT USR5 48 s 5 B, 42 ) 2
T CRF i % UL B bn$& By % | fff i 1 €50 38 mT % A
(B8, Ma % NEHE T 9 bR i 1Y 7 ¥ AN RE 7 41
FI R A] ~F B AR & S, I HLTE A 3 AR 28 4 3t ] 1 it
FEAE SR BR P, 42 1 SR FH 11458 B0 70 0 28 K R iz 19 5. 3]
FEoR A S A 2% v, IR AL N 6 H
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W) AT X B AL BE . Zhang 55 AU H —Fh I F K 5
FEURf 225 ) 4% 1 17 JE 0 R B R 2 R ) ) 4 AR KK
#% (graph convolutional network, GCN) X} J7 [fi R 15 5
R SO R BE B AR G R HEAT T AR JE R
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AR T TH A Al BORN 7 TR 2% O R S AR AR
T g R R — A 55 B 3T 2 2D AT (R AR T AT
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2 GEIR IR B A BRI T R BB AR T o DR, 3
T2 A 55 2% 2 (IR G dE A R Jr TR TR A A )
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ABSAT: 55 #4750 — T, A5 A 40 55 PR A M 2 1 3 I
PR 2%, 1 )2 48 TN G AR 25, T )2 25 4 Bl
T R0, I 51 5 1 J2 P 4 B v G Rk T 0 A 55 1Y

PERE. Luo %5 NUHE G PR 25 4 i 2 2] B i #0R
FEA IR |, B R OB UF R 25 ) 2% (recurrent neural
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FH OB K S B2 12 /9 4% (bidirectional long short-term
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T T R R B S R S AR 28 I 2% (convolu-
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Tang &5 NP3 R — R th A i 4 i & 8 e e
H bR 2247 W 43, S8 )5 3 33 54~ LSTM (long short-
term memory ) B B3 5% LA F R 20 R AT R AT AR
sk A8 v o SR R A H bR iR A B B SO
W, 4 T PR B 45 44 TC_LSTM (target-connection
long short-term memory) #1 TD_LSTM (target-dependent
long short-term memory) . Ma % A\ P42 i —Ff 3 T
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WE5 18T J5 RS 91 SCRRIE , BT 1 S0
W SCRFAE , X0 P A RRAE R AT @l A, 32 18 X0 17 B Ay
Br e 5 B TE MG R B8 = 1 400K BE % I8 A3 BT 1Y) 1
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e A AKX
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3| =]
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Hrr, @ 238 S CEEREW
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Hovbr, tanh S AR LR G R, W, R b, 2R A 24
S8, a SR a MR, SRR R U w4
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f = iais; (18)
i=1
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FE XU

f‘u:zﬁis? (20)

e Ja B B SCR T TR B R a 290 AT B
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BT ZRi I iR . K Bik AR S 158K
LA TRAE R IR S=(s,,5,, 5,5, o K5 HHA
— A ML IF A softmax #EAT AR o 2K .
HI UG, 7 AR TEAR Ay B AR PR3 LA
P(y!lys, y-c,) = softmax(W s, +b,) (21)
Hodr, oy =yl W, A0 b, 3 5 3 s AU
FI B I, s, R ¢ A BT AR 2 1Y B EOIR 25 1) 6
B 1, FRERE ¢ A o in) i FLSE AR 2, F Adam 57k
PEAL 7 T A T Al B 55, 38 3 dse /A S0 B (LR R
O IZATE 55 AT I 2k
Loss(a)= —%;l, ln(P(yfI|y{f:,_]],ct)) (22)
FEHHGEERS RN, 22X B NEZ
JAL B A RN r AR EREE, fE
softmax T 7 T A 250, AF
P(yip)=softmax(Wpr+ b, (23)
Hofr, W R b S AR TS B, PeR” A
PE D 3 25 [R] AR 38 530 A1, d, 3RS 1 SRR 28 1 4R 4
K T Adam B3 1, T AR O A1 43 2 Al A2 X
R 2K PR IZAT: 55 A T I 2

d,
Loss(p)=—=Y In P(y/)+A]|6]], (24)
i=1

Horpr, 0 FREFTA PTINRSEL, 252 L ENARR R 5.
2.7 WA

AR SO P 1 R A T B A 55 101 % 22 [R) A A
XPACE , F TR — 2 3% T i ad . A S04
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GCNAHEZE A I ZE H b -

Loss = ,Loss(a) + 4, Loss(p) (25)
Horfr, A4, F1 A, 2T AR SR TN RSk

3 9
3.1 SRR

ST B ik PE-GCN B AU 1 A 28 M A SR Y
SemEval-2014 7> & 504 A2 kA 58 B0 50 IE 7% B0 H 4
£14% Restaurant 1 Laptop T &0 35k 1) FH 7 138, 208
FEAHR 40 2 Positive . Neutral 711 Negative 3 1~F5% (Bl
d,=3). BIRESITARME LR,
3.2 S UEEYS PR AR

AR5 >R H 300 4E i S5 Il 25 1% Glove [1] 12 *4)
L A SRRl A R Y A AR 2404 U~(-0.1,0.1)
453 A A TR IR AL, GCN Y 2505 B 1, A
BRI MR R I I b . BRI S BOR B R 2 PR .
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#1 B ESIl
Table 1  Statistics of datasets
Dataset Positive Neutral Negative
Laptop-train 994 464 870
Laptop-test 341 169 128
Restaurant-train 2164 637 807
Restaurant-test 728 196 196

*2 HBBEUEE
Table 2 Setting of hyperparameters

B ZHUH
) % A 4 B2 300
WL FHEAR S 1)tk 2 P 300
1k %% Optimizer Adam
2% >] 3 Learning rate 1E-3
L2 1E Mk R %k 1E-5
Batch size 16
YRR AL 50
Dropout rate 0.5

R 5 TR AR I S U %5 R ) o - FLEAE N E
W38 bR, X 7 TG B AT 55 K FH s - F1AE FTAERf %
(accuracy, Ace )JWERPEMNFabr. Hoxg LUTF .

. _ TP
Precision TP+ FP (26)
__ TP
Recall = TP+FN (27)
- F1 = 2% Precision X Recall (28)

Precision + Recall
d,
TP,
=1

Acc=—
(TP, +FP,+ FN)
i=1

(29)

d
F1=LS,-
s-F1 dc;(a F1) (30)

Hop, TP R E SR AR A SR, FN 2 Y BT A
S T LA 2 S B, PP R A IS A R
AT Ay >4 FAE A2 B
3.3 XL
N T PEAL PE-GCN BB (47 551 | AR SORF H B
1155 N 24T 55 (1) Z2 410 HASE AL A7 H g B b, Sk
[1-2,4-51)2 54T 45 Jy AR B, SCHk[3,6,9-10,19] 2%
Ty IR, SCHR[11-14,18 20 /= 24155 . Rt R
Baseline™ , X} 77 1 A 15 fh BUIR 55, & S8 RAE I 25
A B — A T AR A R R ) TR E A
FHTRN Y T T 4R o X A5 B AT 55, LI 2R 53 4
Hh SR 7] T S5 A0 2510 oA E AR T

CNN+LP®, — AW B EE 7 2] J5 e g | A7 AR
FHAT: 55 v i o o ol TR B 4 BRI 28 I 288 A 112 /)
b By 5 R AR 5 R 5 TS X (linguistic
patterns, LP) ik — b4 iz 0y ik i PERE

PSO-EN ( particle swarm optimization based ensemble
learning method )™, 37 78 AS [A] R AE 4 1 A9 45 Fl 43 28
S o BHDR T REB B i ) o K AR 4R,
i F1 T CRF 5 K T IR A A A 11 S 45 1] AL =
oy .

HAST (history attention and selective transforma-
tion )™ A Y 4 5 L A 235 R O ARSI B s B
M2, B SS5 3 Bh AR ic #6477 AR 3 1
5 TE ARSI [y s A SRR P AR AR 45 4 BRI AR A i
T T

LSTM (long short-term memory) ©, Ifi [i] J5 i 1)
KA HC RIS LA im) 7 Rs i) U 3R B
SCRIJT A Z M OC & , LU T 7 TS 1o 25

IAN (interactive attention networks)®, | Ff ¥ 4
BEH R ) WA A8 B BT ORIy TR Z 1] (Y 1 S
SRFR 5 T ARTE R T SR A T R BER1E R

AOA (attention-over-attention) ™, X J5 i A 1 F1
R SCHEAT A L, ) R T e T A R
Wt =z 18] B AH B AR, St [F] 27 o 7 AR 3R AR S
ESANN S ) S ) R s Rl H e S - 3157

ASGCN (aspect-specific graph convolutional net-
work) ", — i [a] 45 5 5 T A R R SR HE SR . TR
TR 1 ] A R 2% 2% ) ) 5 () i A ELR
BTG 2R o

BiGCN (bi-level interactive graph convolution net-
work) ", Bt 1 X AL AR U 2R R ey
I FH 2 0 ) ik P ] vk PRI B i) S LA 5L ROl 258
BfER .

CSAE (contextualized syntax-based aspect extrac-
tion) ™ VT BT 2l 1E bR 3G Ry T O
A ORE T TSR BT SCRAE, LIRS BRI

RNCRF ( recursive neural conditional randem fields )™,
P T A S BEALIZ LAY T RNIN X T -
LT [ G FR A T Gy I AR ) — b T R USRI
S LR B AL 27 T [R] isf27 >) RNN FT CRF 21

CMUEA (coupled multi-layer attentions) ", #2 i} —
PG 22 B IR IR R WA
A BT R, i T AR ROy
T A T R AR, HE 2 58 B 2R S AR Z )%
HBIEE.
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SpanMIt (span-based multi-task learning frame-
work) BB HY — B T B R Y 22 A 55 bl 28 ) 25 HE
A0 Gl IR R OR TR B R L B 2R R 2
B AR BT R R o R 8 TR R 2 [
4% o7 G R TR BRSO R

MNN ( multi-task neural network ), — i 7 i 1)
BT 07 G B A 24T 55t e 25 2 ST RESE .
THR A Ak P 7 1 A T A BRI B 4T 55, 9 R
FHEE B I HLEI 2% 2 7 -1 O R G R .

E2E (end-to-end architecture )™ 2 #% %0 L i 5] 3
PURIAL BEZ AT 55 2% 2 . R Bi-LSTM BHe 2% > )+
)7 A5 BT B0 ) - v A A Oy TR TE B 5. Bl
J&i , CNINBEH A E 3000 77 TR 35 19 Jm 38 AR E E 4 7
3.4 PIRETR S M

#3451 T PE-GCN #5814 5 BT 55 05 T AR i il
IR B R () L e 25 5 . AT LA Y, PE-GCN TR AE
AR 4R b i SC g PR RE 3 =y T LA R LEAR AL, X6)
F % 1 SR K HJT 1T 1Y Baseline A7) | 75 9 S B a4
Ioa-FUENFEBRTE T 44.3% , 3% £ I A SCHE )
PE-GCN #5 U AS 5 2 8% g (1 R AiF TR AN 30 3 75 9%
TR BEA RGBT o T LA T DLAR 2 R0 5 T A I Ty
FHAST R, o - FI(EF- BT T 3.23%), iX % B
A8 A7 BB AL P e e ALK o A A IR L IA R
XJEH T LSTM 22 2] M RECIR S & i 2 2
U A T SCAF S AR ME T B AR AU o R 245
7 T A T8 A OC ) UL R AR SCT TR 7 B e A AT
DXt 28 1) 2% 2% 2 1 A B ik 25 22E A 20 A G i
Z R % SRS B Hb A A ) - b i i) DL R L 1R Ry
fiE o %GR A 1AL 2% 2 15 55 B CSAE
PR o - FIESEE 3 TE T 3.54% , 3% & 1t F78 5 oA
T AR 55, 0 B ] ) RE A0S BRL TR S0 H AR 2
LA B 52 B S 30 %) ) o D) I R 48 1 ()
SR BN T Tz AR B B AL 2 T

463  PE-GCN Y3 Jy i A i hilt 3 ¥ bf be
Table 3 Comparison of PE-GCN and

7 B X F AR B R AR (9 52, (R , PE-GCN A 7Y
HR i B 3R] 2[R f4) A X BE B A AR LR AR T LT 3z
(B R ACER A7 5 e 1SR ) PR RE

F 445 T PE-GCN BRI 5 BT 55 5 TN B 7
FAH LRI LA A5 R . 58, PE-GCN 5 AU 7E 7 4
ByE 4 BT RE 5 ASGCN #ERI f1 H: REAH Y (B 5
AOA Il IAN &5 H At ALY AH L, 78 A0 4 - — 3
HUAS B A R0 R, 31X 76 W] PE-GCN 5 U it 92 1k fiE 7 B
o R, IETEAZ M2 0 LSTM AR I B v BE e B A%
% ANAUAK T PE-GCN #E A1 | ifif H.55 T AOA 5 %1 Fll
TAN AR 330U B 5 | AT T8 7 BIL ] T DA A% 5 7 )1 25
Hh R B O T R R O TR GE ) R SCE R AT A
23t LSTM AR L 7 Jy 1 17 J o 238 45 i i e B . i
Ak, 7E Restaurant 4 48 I, B TIFie 16 ) K 218k
SEAEE S, 1M BIGCN AR L {ff FH UL R [ 4 FH G 1 H i)
Z B LB B, X P AR 2638 e B sk, R e 7E
A FIE R S R R S I 0T, BIGCN 55U X Hb PE-
GCN T EAS T 34 AR

44 PE-GCN 5 Jy i 5 & 53 Rt %) be
Table 4 Comparison of PE-GCN and aspect

sentiment classification %
Laptop Restaurant
Task Model
s-F1 Acc s-F1 Acc
LSTM 63.09 69.28 67.47 78.13
Aspect AOA 67.52 7262 7042  79.97
sentiment IAN 67.38 72.05 70.09 79.26

classification  AsGCN 71.05 7555  72.02  80.77

BiGCN 71.84 7459 73.48 81.97
Ours PE-GCN 7264  75.92 71.61 80.66

F 545 T PE-GCN AR5 2 (T 55 AH A AL 1Y
Fedg b 5 . B4k RNCRFLCMLA Fil SpanMIt 5 7 i
I 556 A IR X T TS W R0 DL AR o AT B B, (ELATS
IR e SRS RN O TR R AT — 2D B I

45 PE-GCN 5 2T 55t Lk
Table 5 Comparison of PE-GCN and

multi-task %
aspect term extraction %
Laptopl4 Restaurant14
a-F1 Task Model
Task Model a-F1 Acc  a-F1 Acc
Laptop Restaurant
- RNCRF 78.42 — 8493 —
Baseline 35.64 47.15 Aspect term’ &
.. CMLA 77.80 — 85.29 —
CNN+LP 82.32 87.17 Opinion term
extraction ' '
HAST 79.52 85.41 Aspect term & MNN 79.91 7285 85.84 79.14
CSAE 77.65 86.65 Sentiment classification E2E 78.57 60.56 83.36 71.40
Ours PE-GCN 82.72 88.67 Ours PE-GCN 82.72 75.92 88.67 80.66
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5 T B RGN R S DR AR . e Ah X HE A
FH 1 B ML R B A 2 X 24 42 BRURRTIE 19 MNIN
AR F E2E BLAY  FE PR A E 4 4 b o - FUEF 3487
T 3.78%, MEMR R EETE T 7.30%, X KR A&
FECR 28 IO 24 AMURR I 12 BURY 3 43 SR AR Y | B AR R 65 7F
PERE b4 84 T SpanMIt B % | {H 5 PE-GCN 4 7!
FH M BB HOF N B2 LA AR 24T 55 2% > h R A
7 B4 A TR vk S5 A B AR R 2 e T B AR A
PR ) H R

3.5 iR

F T HE— K Ar PE-GCN 1% 4 2H 2 Wof A5 761 e
RMEBE RS ), A SORHZAR R 04T T IH Ao, B
.

Bi-GRU+MIA: #i %1 1] GRU JZ2 FIZZ BT & 1 )2
1%, GRU JZ2 HI 3k 27 2 AN ) F 118 S IE R, 58
H R ZE k2R 2 O R AL SCZ R S

Bi-GRU+PE+MIA: B I 7E Bi-GRU JZ J5 #r T
— AN B AR RS ARk O R o B B
SRR B TR AN R Y RS R

Bi-GRU+GCN+MIA: B 7¢ Bi-GRU 2 J5 Hr 1
T—MEEBEBRMLEZ, %2 B R SCZ ) r) Ak
WA R

PE-GCN : 48 3C 58 B [ AR BY | 2% f& T B ga] 2 [A] (1)
7 B AR B ) AR 5 2 WA A A R PE BE A 52 )

14 6 JiT 7/~ , Bi- GRU + MIA #5 %I 7£ Laptop Fl
Restaurant 3098 52 1) a - F1 {H I Ace YA J Hifth A
AU, 3 3% B ) F v S e 22 () A AR BT R S0
V] P4 A1) e A 56 2R AR S AN T 2 1Y) . W4 Bi-GRU+
GCN+MIAFHL HAE R AR T Bi-GRU+MIA B
A EATSAS e PE-GCN 7 | 53 3 B 8 R A7) vk Ol 5%
F A Bh R R ) e AR AR (ELAT) R BE 22 I L] 2 ]

1677
46 ik AT 0
Table 6 Ablation study results %
Model Laptop Restaurant

a-F1 Ace a-F1 Ace
Bi-GRU+MIA 79.99 69.33 82.16 76.67
Bi-GRU+PE+MIA 81.57 74.15 85.31 78.33
Bi-GRU+GCN+MIA 80.32 73.66 85.41 78.33
PE-GCN 82.72 75.92 88.67 80.66

MBS . Bi-GRU+PE+MIA I (¥ fETE Laptop
$s £ T Bi-GRU+GCN+MIA, 7& Restaurant 4§
g i PEBE R Bi-GRU+GCN+MIA I AH T |, 1% 3¢
I RR 5 T /) R AR DG &R, Laptop X037 B4 BB SRR
F G AT DL, A7 {5 5L R R 3k 85 ) X6 1 AR SR TR () 44
AFEEE,
3.6 GCNJZEnHr

SCEH GCN ZE05 ik & o8 L=(1,2,3,4,5,6,7,
8,9,10} , 7 Laptop Fl Restaurant £t #2 4 1 a - F1 {E
Fl Ace 43 51 & 3(a) fTFE 3(b) fT 7R . PE-GCN A5 7l
TE GCN R B0 1 )2 i P e R I i A , (H Rl & GCN IR
AR 38 0, S TR AR A s IR BOHR SR L BE AR AE —
FERTIE B BEAR 2T R, 7E GCNIRE 2 10 )2
B, A He e FEPE R, @ - F1ME 34T R 2.95% , M %
PR 1.95%, i F ol A 2S5, R = A o il
AL
3.7  FEBI 5 Br

M Laptop-test £ 4 £ H £ BUPF1E 1 A1) “The screen
is nice, and the images comes very clear.” FJ /v & 71
BT A #r, S5 R AN 4 Ry He i X3k B
TR, AR B 0 T A

MR 28 55 m] 0, 5 AR LS K 2 2 %% 1a) 5% 44 10
W B ILAE R Z &8 2 mldig il . i ana) - h i
“screen” Fl1“images” s*“nice” Ml “very clear” . M & 4

13 GCNJZ BORS FER PE fE i 5 i

Fig.3 Effect of the number of GCN layers on model performance
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Fl4 b SCHE S SR

Fig.4 Context position attention weight

AT LAV W 4 ik SE R B8 32 B TR 2 O0TE . A
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BRI “screen” Al “images” i P > 7 THI AR 15 43 iT
TR ACE , A, TR IORE S O TR A
T 15 B BT SCAR A, 9, “screen” FiT“nice™ A1 56 &
M 5, “images” Fll“clear” #H 5 BE A & , R B AT &
RAFH 20

& PO 38 15 47 “1 thought the price was great for
specs.” FAAEREE J7 1 i 2 0 2 vl AL A BH , 25 5 4
578 o XIS (8 BR |  705 12 1) 1) T 2 B g AN o
KT AR 2L

Fl5 ik RUE

Fig.5 Grammatical distance weight
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