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Multi-task Emotion-Cause Pair Extraction Method Based on Position-aware Interaction Network

FU Mingrui and LI Weijiang

Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China
Yunnan Key Laboratory of Artificial Intelligence, Kunming University of Science and Technology, Kunming 650500, China
Abstract The task of emotion-cause pair extraction is to extract emotion clauses and reason clauses simultaneously. Previous
methods regard emotion-cause pair extraction as three independent tasks of emotion extraction, cause extraction, and emotion-
cause pair extraction, which cannot effectively capture the connection between tasks. In addition, the existing two-stage models
suffer from error propagation problems,and the relative position distribution between emotion clauses and reason clauses is un-
balanced. This paper proposes a new emotional reason pair extraction model MK-BERT based on BERT, sentiment lexicon and
position-aware interaction module. The model first uses the BERT enhanced by the sentiment lexicon for document encoding. In
order to solve the problem of label position imbalance,a position-aware interaction module is designed according to the relative
distance between the emotion clause and the reason clause to capture the position information and construct the characteristics of
the emotion-cause pair. Then,through interactive encoding between the emotion prediction module and the reason prediction mo-
dule, the shared information among multiple tasks is fully mined. Experimental results on the Chinese emotion-reason pair extrac-
tion dataset show that the proposed modelcan effectively extract emotion-reason pairs and achieve good performance on positio-
nally imbalanced samples.

Keywords Sentiment analysis, Emotion-Cause pair extraction, Multi-task learning, Sentiment lexicon,Position aware
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S A BT H A RO BN 2, BRORDIR S 19 4 B 3 BN 200, A
SRR B R 4. FE S5 L AR SOK R 45 o 10 B4y 9T R A
10 f538 LI TE . ASCHE RS BE Po4 3 R R F1 434016 R
PEAG 8 A5

> correct _pairs

P= 2 predict_pairs 2D
o > correct_pairs

R= 20 annotated_pairs (28)
_2*P=*R

Flfip_._R 29

4.3 3FtbF*E
LA 1A TRY 43 A W i B R s 38 0 14 O i . R SO AR S
5 LT LR
1) W B Be s v
Indep: &% A Inter-CE Al Inter-EC P A4~A8 44, 5% F W5 b Bt
HEZR . &5 BILSTM X m) #£ 47 4 % . 743 3 1] BILSTM
Xof I8 & RN D IR ) AT A A R il BT U ) R DR I A

T,
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SR JE HEATIE 4 SR TC % A D

Inter-CE : 1| FH J52 P 4t BRI 5 00 >f g 5 175 45 4h B .

Inter-EC: | FH 1% 44 il B 351 D0 >fe e ik J52 81 4 B

MAM-SD: J& —Fh A 1 32 55 1) 2 4T 55 4 AL, 7T DA #L1
& i ORI 5L L e B 22 ) 1 28 ELAR

2) %ty 3 vits J7 1%

MTNECP: & — M5 — M 2AE 55 2= ISR, BELEE 55
LB AR S IR A7 R B A TR A B R AT D IR el B

TDGCH & — AN FE 55 e (9 B AL 2 38 0 A 327 5 A
10320 19 A 1) ) e PR3 A7 4 B AR g 1 D A

ECPE-2D:fJ % Inter-EC+ WC 1 Inter-EC+CR., & T
£ AT 4% 3 ,ECPE-2D i i £ R AE e d K itk — L ik 712
Vi 71 32 422

Inter-EC+WC. % F Inter-EC ()3 23R8, HE 04
HAY 2D-transformer AR LA [7] 175 45 Ji PR Xof =2 18] 9 AH B A A

Inter-EC + CR: 3 T Inter-EC 1 57 — 4> 3 5 s 465 1
ECPE-2D., &3 H 2D-transformer H T A [7] 1 4% 5
Xof 2 8] (4 AH AR .

E2EECPE: /& ECPE {15 WM 24T 55 = 2 ik, T
5 I8 T RSkl BB Ay — A B 42 U AT 55 o 3 £ Y A B 1 R A
SO J5 P 4k UK 42 28 % 4l L

RankCP:J& — A~ 5k T HE & B8, & A ) Z A1 i AH
S T TR A 14 R G A7 Bk A HEAT B RO HE )

ECPE-MLL: Z T ¥y st 0 Zhr2 % > I R WL LUE 25 Fi
Ji B S X J £ 79 A A 5l BB, A 0000 B B AR A e 28 2

UTOS™ i i % 158 — bR ic 7 % .6 ECPE 1T 55 &8
FE SCH G — 1 F SR IC ), IR 4R T — AN G — Ry ) B AR
P T 51 3 5 51 A5 TR K il DR 8 — 1 JF 31 A 4% [R) A

MTST-ECPE™/ 42 1 T —Fh Z 41 55 17 5 SR iC HE 4L . X AE
Z0n] L) oK 5 2 0 B S g AT B — AN B i bR ey b, TR
Filt A O B A 4
4.4 TREEFILLE

AN 7 2 e v SCHCHE 4R B S g5 R a2k 3 g,

LR H

1) SR 1 o B i A5 AR A 7 B B A AL, iy ) i A
RIGE 74> 25 IR B 2 AF 55 (R 19 38 B, DATIT OB 20 i 25 15 5 . A
L H AR, A 3¢ MK-BERT #i U7 ECPE [ fy F1 43 2 HL
R R, JAL P AR EAME T KRB B  GUEW] T H A
B . AR SCBLTUAE AT 55 16 45 i R b BROAE 5 B 340 T A
T5 ¥k AE W I E 55 45 43 L 4% B AP . M4, RankCP Al
ECPE-2D # EE L5 ECPE L Efes 2., WA, 78 5 K #h
B 2 B0 R A 19 0k — BRI 4% DR DR K il B L R B A 4%
J7 5 X Ja PRl BB 2 B 0 IR T A A . AR SRS I i IR
T R A UK 15 4 R R Sk ety B B O S0 7 240 A b e
PRI il B L i 5 1 4 b RO 32 v 4 A IR G il BT RE T
AHH,

D AEZ AT % . MK-BERT ¥ HUS T R4S 1 85, A
X7 AE F1 154y EAH LB EE,CE Ml ECPE L 45 Ay e fE
R, Ay I3 T 0.99%,1. 91% F 2. 39% , HIRHE T
MK-BERT W 3 FiiE 5540 BAE HJG - EE #8518 3 43 0 4
fEH B ECPE 5 CE 3K45% 5 im0 & (0 itk 45 & 7 Jk ) VL 1
WRFAMREZ G IEFAES LRI ER T BEFA.
SEAL R B BOA BL SRTE B T T R R R A B 2k
BERT fe A RO ¥ FiE B R AR 2R G801 . 5 MR R S i
1 75 ¥ A B o i T 0 A% BGRNE . MK-BERT X} ECPE {f: 45
W F1 404 W W47, & T MK-BERT fg A 5 FIH 3 A+
55 [B) 9 4 B 1 S 224 VIR AT: 45 1 1B 45 B 3% i . MK-BERT fig
i WA BN AR 75 1 R

3) % F1 M ge 7 i, & F BERT # J ¥ RANKCP
(BERT) #Il ECPE-MLL(BERT) J& H i ¢ 4 i w5 AR 8, A
SCHIRIAE RAA Pl T EARZ , N 2 SCHE AT ECPE 1+
45 22 0 3 A I AR o7 Sk B o S ) A A R X 3 R
AR TR R T SR B S R ORI A R T2
i AR AR A7 AN S ) [ R, I A kT it 8 s A AR 37 B A
A E A 0 ) ROR A S U E TAE SRR,
ARSI A FAE S LA RAF R,

#* 3 RETF BT SO S 2
Table 3 Experimental results of different methods on Chinese dataset
Sub Tasks Main Task
Models Emotion Extraction Cause Extraction Pairs Extraction
P R F1 P R F1 P R F1

Indep 83.75 80.71 80.71 69.02 56.73 62.05 68.32 50. 82 58.18
Twostep Inter-CE 84.94 81.22 81.22 68.09 56. 34 61.51 69.02 51.35 59.01
Inter-EC 83. 64 81.07 82.30 70. 41 60. 83 65.07 67.21 57.05 61.28
MAM-SD 85. 54 81.41 83.39 72.02 63.75 67.51 69.63 57.99 63.20
MTNECP 86.62 83.93 85.20 74.00 63.78 68. 44 68.28 58. 94 63.21
TDGC 80. 80 84.39 82.56 67.42 65. 34 66. 36 65.15 63. 54 64. 34
Inter-EC+WC 85.11 82. 37 83.65 71.33 62.85 66.72 71.18 59. 84 64.94
Inter-EC+CR 85.12 82.20 83.58 72.72 62.98 67.38 69. 60 61.18 64.96
E2EECPE 85.95 79.15 82.38 70.62 60. 30 65.03 64.78 61.05 62. 80
RankCP 87.03 84.06 85.48 69.27 67.43 68. 24 66.98 65.46 66.10
End-to-end TDGC(BERT) 87.16 82. 44 84.74 75.62 64.71 69.74 73.74 63.07 67.99
Inter-EC+WC(BERT) 86. 27 92.21 89. 10 73.36 69. 34 71.23 72.92 65. 44 68. 89
Inter-EC+ CR(BERT) 85.48 92.44 88.78 72.72 69. 27 70. 87 69. 35 67.85 68. 37
RankCP(BERT) 91.23 89.99 90. 57 74.61 77.88 76.15 71.19 76.30 73.60
ECPE-MLL(BERT) 86.08 91.91 88. 86 73.82 79.12 76. 30 77.00 72.35 74.52
UTOS(BERT) 88. 15 83.21 85.56 76.71 73.20 74.71 73.89 70.62 72.03
MTST-ECPE(BERT) 85.83 80. 94 83.21 77.64 72.36 74.77 75.78 70.51 72.91
MK-BERT 92.91 90. 25 91.56 79.06 77.36 78.20 77.48 76. 35 76.91
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Table 4 Result of ablation experiment

Models P R F1
MK-BERT 77.48 76.35 76.91
MK-BERT w/o lex 73.05 75.10 74.06
MK-BERT w/o inter 71.27 75.70 73.42
MK-BERT w/o PAIM 72.56 75.45 73.97

N 4 FTLLE W, BT A e, M R ER A AT T B,

DA L A B, MK-BERT w/o inter B F1 $5 4% T &
3. 49% , UL BA T3 i 2o UE # AN A2 SUVE R ) A 28 HL A A 28 AN IR
PR T 0 A5 e 14 A s L 5 A B )2 58 B R AR A A L AT AR K
2Tt P TAT 5519 2 100 A e B 15000 % 3 4T 45 15 45 DR B G
T A BN S 0 . 4 T Y 45 SR B T R T, B 2
EAFTEH BRI R,

2)MK-BERT w/o PAIM Y F1 #5845 FFET 2. 94% . 3% Uit
B A i 0 AT 45 B 5 L 3 ) 5 A T i Y
PAIM, 4~ /A) 75 9 15 1% 25 5 5 25 7 B #4050 48 °F il 1 1 44
e JIUNE RS- WAk K1 0 SO TA N is el N IO PR VA Rk S
PR BB A% 56 T H A oz TR P19 S — B0y A AT T o 1R
. — 5T, WA FAES EE M1 CE Z A 388 T BAG T s
B A B TR R BT AF AL TT I, 5 — 7 I, S R Y A
ECPE I py 4 gE L 08 T 4 ] 524> PAIM 347 F 4] R 7R AL
B, U3 B P PATM 433 %0 1% J8% 5 4] R Jit BR] g 8wl LA
B AT AT B A R SR ELAR 1% 2 R R R R,
— 2B R T 2 I DR Xl B

3)MK-BERT w/o lex i F1 #8435 F & T 2.85% , i 1. BH
T 3 A MR A B 5 A SRR AR 3 5 T A R R AT B T 4R T A
4.6 SHWHEN

AR S i BRI A A AR B A R X BE S [ — | /b
TEETEH O W B BREXT (cf . o) ki % ECPE 4 55 19 Il 45
A L AN J2 SR FH T A A 18 XA S 250

BICRIEES W HENGE #—-SHETTHERSEW
A S TR X6 A SCASE R 4 B i) 25 SR 6 TR
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F1 score
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Fig. 6 Effect of parameter W

MW AREN 4B RSO S T SRR . X UE B A
SCHR R /I 56 15 4 R R 0 T R A A B R A A
SR T AR LB AN ST 1 R A O AR SO R R g T 1 T S
A4 5 KOG R AL X
4.7 PAIM EH M

PAIM JZ Y AN 5] 2= 52 i 5 26 st DSl it JBCing /9 44 R L K]
B AR AN R PAIM 250N R R AT X L St 0. ke g
AN TR ASE B )2 50 %0 A58 TR 1 g BT 3 o 1) 52 Tl L 3 A 5 TR R )2
GO T RIAI R, SRR Y2 EER 2 e 42
BOR TR, WSS a3k 5 Brg .

#5 PAIM ZE MM
Table 5 Effect of the number of PAIM layers

Pairs Extraction

Layers

P R F1
1 73.82 75.26 74.53
2 77.48 76.35 76.91
3 73.20 75.09 74.12
4 73.37 74.81 74.08

WLLE G TE)2E0 2 i BB TR AR R . MR
W JZ= B B S B g, M REBOR B 25 . 2 PAIM B
BHGAF] 2 0F , MK-BERT 452 2 il BUIE 2 [ R 1 1 8 e 47
4.8 NEFRFEHEANIZIWILE

W% 6 BT, N T4 A5 Y R X o7 B R SRR AR A BE Ty L AR
SCR B Bao S50 [RRE 1) Jr ik o 16 U 4 A0 IR IR 7 g A X BE
BIRT 1 AR T HE A test e, VB R MRE AR . 58 5 94 7T LA
il MK-BERT 7805 A AE A B TR fEgh R, I
Ah, B PAIM (8 MK-BERT w/o PAIM L BRI &
5.04% ,3X Uk Bl PAIM 5 A B T 2% 4088 AS 1 4655 717 ok 11
[7] R,

6 TENLEAFHREA restya, B4

Table 6 Experiments on testys

Models test g, test
Inter-EC 34.28 67.83
RankCP 39.17 66.10
ECPE-2D 39.06 75.90
MK-BERT 45.46 76.20
MK-BERT w/o PAIM 40. 42 67.81

4.9 ZBIHH

ARSCIEBET 3 A6 F 2K 43 BT AR SCELRL 5 7E ECPE £ 45
P RE A I AR D) B AS SO T R AL 2 (R P e 22 S, R T
I T 3 A S TR A Y 0 4

AR SO 5 B B M BE R RankCP AEEIEAT LA, X T4
— A F » RankCP 1 4 3245 70 4K G AR 4 b fih B 15 28 R A
X Cegaes) o FFF2E AT AL P A1 45 DT ey veg) AR
(e 550 o BT RankCP ¥ 900 9 Xt 185 47 HE 45 K HE 4 A =
B X A0 Sy 15 2 D B X, T 92 il BB E B 0 A R XL A L
ZF TR ARG A, A XK MK-BERT A ) b il H
THAEEREMN ., EE =T, BT BT Y
TR R T v WL L (B Xl PSR e PPN O DS K VA N
K T3 RankCP JEi& U, i A< SC ) MK-BERT H F {0 & 4
SR A PAIM BEER g 51 0 45 J5 DR X 8 0 5 e % A AY 37
F A LB IO B SR . M BT R UR . 5
b 7 A B AR SO I S T A MR
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5K B MK-BERT w/o PAIM #H47 Hds. 7
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FIBCT 18 A IR Ceg ves) o 7R 55 =081 5+ Tl A 28 7= A
4 17 8 TR B A T DRI O RS 2 W T AN A A AR
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Table 7

Case studies of different models

Examples

Predicted results
Ground Truths

RankCP  MK-BERT w/o PAIM MK-BERT
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