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PosNet : Position-based Causal Relation Extraction Network

ZHU Guang-li, XU Xin,ZHANG Shun-xiang, WU Hou-yue and HUANG Ju

School of Computer Science and Engineering, Anhui University of Science and Technology, Huainan, Anhui 232001, China
Abstract Causal relation extraction is a natural language processing technology to extract causal entity pairs from text,which is
widely used in financial, medical and other fields. Traditional causal relationship extraction technology needs to manually select
text features for causal matching or use neural networks to extract features many times,resulting in complicated model structure
and low extraction efficiency. To solve this problem.this paper proposes a position-based causal relation extraction network(Pos-
Net) to improve the efficiency of causal relation extraction. Firstly,it preprocesses the text and constructs multi-granularity text
features as the input of the network. Then passing the text features into the position prediction network,and predicting the start
and end positions of causal entities by the classical shallow convolution neural network. Finally,the causal entities are assembled
according to the start and end positions by the assembling algorithm.so that all causal entity pairs are extracted. Experimental re-

sults show that PosNet can improve the efficiency of causal relation extraction.

Keywords Causal relation extraction, Position information, Text feature representation
. DG T8 2R S5 117 A1 % B 2 K1 SRR IR AS g R BB G — ) i, R 22 e
5

TR S o 30 4 285 J2= Y80 B SR8 OR ik ke R BORE Y B 25 B S

U4 L AR B i I B AR AR 400 ZE A I
b SCABAR TR T R TRR G R 0 0+ R B R o
PR TR B A BEOR B R AR SR AR T B X B O T G
BOR SR TR R SCFR X, B d SCAS v 42 4 8 4 22 1)
BB S A, T T BAR A ol AR BB Il 2 L XU B L R SR AE
A T A T N R RE A R R . SR T X AT
4 4 5 A2 G O T 5O P DR B0 37 3 T 9 I
it o, B2 R PR G R A IR R T W A A% IR Y B B SR

TE F AT A9 PR AOE 55w SOAR 2 18] /) SR SE &R RT 0
BAFR, Hoh, 8RR AR AR R W, AT DU A

RS H . 2021-11-26 & & H 1 .2022-03-11

A BLRBORAN o BRI IO 2 25 K 2 B8 0 R Y A IR 1 S B
I7i] B 2 550007 4 P 104 A 20 1T BE S B0 25 e I 45 400 o 1
8, T 52 W 4 BORLR

R TR A AT B v AR PR SR B IO 4% T R LU
JURT D WD SCAR G S o SUME BUF 8 1T SCORIR I RR AE 32
TN? 20 QAR S b T 4% TN BRI SR S ) OGS B R, LA
AT AR 250 235 ) Y 42 2 B 2 3 o0 ff e 1 00 45 1) A1) 45 4 L
L HE S 1 TR SR Sk 7

FT LRE L T H s R OC R A IROR L AR SR
THEF LR MR R R B % PosNet, H et &H

FaTUH K AR R R 4 i B H (620760060 5 22 80 A2 B I B BT I H (GXXT-2021-008) 5 %2 #4 & a BF % 31 1) 16 br Bl 4 & 15 % 30

(202004b11020029)

This work was supported by the National Natural Science Foundation of China(62076006), University Synergy Innovation Program of Anhui

Province(GXXT-2021-008) and Anhui Provincial Key R & D Program(202004b11020029).

WAEMEE AR (glzhu@aust. edu. en)



306

Computer Science THEMEL2 Vol. 49,No. 12, Dec. 2022

BB AR BB SCARHE , 28 J5 1] 2 M 1 ¥ )2 46 TR Bl 48 19 4% 31
B 2R S 1 A e 7 B e 3 o 2 R il B PR R S AR
MR HELL A & 1 TR , P 45 R 3 A ER 2 A .

(D) AR (Embedding Module) , A Sl () 45 (1
DB A SCAS e 4 22 0 1 SCAR R ATE o . SUASFRAE H 3
AERA AT R D B A A A Y Embedding (E) 5 2) 3
FHH X7 B 1% B 9 Relative Position Embedding (RPE) ;3) %
F #4515 B 1Y Character Embedding(CE) ,

(2) iz & M B He (Position Prediction Module) , # ##; A
A B 1 1Y) SCAS SRR A AL A B2 I %, TN A SR S AR A e
AOLE . ZEBPORAA P A IR CNN i JE Start Net #1 End
Net, 7377 FI T 5000 B8] 2R 5 0 04 I s o2 8 R 285 SR 2

(3 ZH 3 # e (Assembler Module) . i ] 2H 2% 28 34 2 4
Start Net Fl End Net 50 14 K 55 52 44 i 82 40 A7 15 20 &k
il BB A 4 S 1 PR R SR X

Multi-granularity
Feature

Token
Embedding

Sentences

Relative Position
Embedding

)

Character
Embedding

Causal Entity Pairs

<cause_1, effect_1>

—

<cause_2, effect 2>

Start
Positions

DEmbedding Module DPosition Prediction Module DAssembler Module

<cause_3, effect 3>

K1 PosNet &%y
Fig. 1 PosNet model

AW TAEM ETTTIRAHE .

(LB T — Fofr 32 T00 000 R0 O 5 4 e s 7 2 b A7 21 3 10
PR SRR v

() LT CTS RB 75 SCAR Z 18] /) N 25 48 L BE i
SCHUE , TR ERMBUL SRR RS ELREZ
i) ) D T A2 B

(338 LT AESN 1, 78 7100 A1 5% s 4k 47 & B, 08/
IE SR AR B M B P e 1R 25

2 MXTIIE

PRI 2R 56 R AUy 125 AT 43 O A8 2 DG JE R AL 4% 2 > W 2R
B A S DC T Y T BN TR R SR 6 R G AR Y UIA) L
A PR O AR T PR R O AR A A 5 ) DG E A B PR AR R
B FETHLGE W BT A g R el v 22 B 2% 15 3
S 5] SCASHY PR AL TG 20T 516 2 =1 18 SO B AT 52 B IR 2
ES VR
2.1 ETHEALENTZE

TS A PR S R A IBCT AR AR L Tecoo 45024l PR AR 2y 37
A e P AR G AR D A 0 i =X PSR AR X PR AR AT AR R

FE R B SCA RS T BAF A A IR o Luo 5 K S04
TR v 3 DR SR G 3R R O A 2 R S T A SRy TR SR 6 R 1
RS HE L U B0 e 0 2 ) S ) 2 R R AR e R
Zhao SN UM R L 45 G R SCRRAE A IR RRAE L B
REAE AP SR R R A AT R SE R B ER . Seol AT 4
2 DR R 6 ZRE ORI PR 1 SRR OT , B A 1R B PL 3 ML
FA P REE M, Lee 50 T — AN R 2 N 4, 8
sk PR 2R O R 0 B RUAT 3R R AT 4 AT DA AE 4 B 2 SCR Al
R R . Lee 27 1 LA A F o X #4809 ) 1 647 i, 12
H — 0 3 SR EE H 1 N 2 A R R IN JEE R
¥ PubMed %= 5 45 36 UE 7% )7 B M AT 34 Pk . Frattini 250
ET AR T —A B R B R S8 %07 ik m L
TR AU 1 T R B BOSE R (H LA A B3 AR BE W, B =
Sehrig . Heindorf 4507 A R SR ASE A Ay 222 1) — A~ A4 1 1A
KR K4S CauseNet, Al H F ISR IE BB 1A 2 4541 55
2.2 ETNRFEINFIE

AR E T LA 2= BB T kB 8 5 8 F S,
Kruengkrai 557 J I 45 S A v 2 37 PR SR 0 4 9 48 TR 4R ¢
F A A SR 5 1 F 22 2 45 B 20 TN 45 R 31 = 42 2 i) g AR
KFR. Zheng FEUVHR WM T — IR A M4 W 45 6 WA
LSTM % fift T8 5 52 O £ 92 44, 38 5 CNIN 43 28 25 AR R 5 4
ZIRIBIER LT M Z AL R ME, Zheng %12 # H)
T R A b SR o R R A il B ) G de S O 8
PRIEI) A, Zeng S5 fili FH A& il AL DA SCAS o &2 4k PR SR S 4
W HAH A ok I3 S 1R K R . Dasgupta 511 fifi ] Bil-
STM [ 45 30647 P SR A I, I ELKe 4l 50 H g AT 2R 40 g 2 oy P
RATBENE . Li 00— T — A AU 2 4, LSS5 R
MRS AREUH R e R IR F R R a7 AR O R A
B, LiZUSR T SCITE R4, % F ¥ 51 bk 7 05 ¥ . 4l
BiLSTM+CRF 2B H 3R 56 £, Sahu 4507 4 H —Fh [ & B
P R 45 o f P VR 22 D LR R AT A % L SE 8L T S 44 2 0] iy
S5 0 56 RAMBL . Zhao SV 2 4 KSR 56 R U 5% 46 oy
B 320 2 00N 0] R, R0 bR SCOAE R R AT R T IR DR R R,
Cao ZEMOVHR H — Bt 2 56 2 48 WU 1k, i B A 1) T A [ 4
PR R . Jiao %6200 BLHUB L AL e 182 B oP A IR 24, T
TR A i BB T BRI S, Kim 25221 A 1 S0 4R
HARZE Y FE S % R, Maisonnave 220 Fi 5 F BERT (1
TEER A2 R 245, 2 B 4 Bl D SR B 75 19 22 2 36 . Nasar
SEETHE L, M AR 2 e i A AL B B 4R 38 AT L A IR R OR
7R o B X A AR 1) A HE AT A RO DL A I Y A k4 3
A KR 1 R I K TR .

FE TR ICHE Y J7 325 X SCAS B A AU A R i 2R L H
Al AU, T R U R, ST LA S W O ik
W0 265 45 KA 35 SR 02 2 5 W o 0 300 TR SR 6 R il L — AT 55 1 45
PRVE SR S 50 Ak ik AN 5 A B, AR SCHE I PosNet,
456 WO 25 SCAS FRAE TN 28 LA TP 22 W 28 IR SR G 3R

3 EBRAER

AR 17 T 3R ICSCAS (9T SR AE AL B B L HE SR A
mE 2 R,



T 5 45 : PosNet: 2 T B A [R5 OC 2 41l B 2%

307

} |
Text I character |
Feature : embedding :

RPEIIIIIIIIIHG}HTIIIII?IIIII/CE

(c)

O] o=

r—————F——————

[ITTTITIL

Fo—m—-F

(a)

| Pre-trained Language Model |
B2 AR
Fig. 2 Embedding module
& 2 Ca) 2R TN 23] 1] S Sy T 0 A AR 51 Y O )
FERT7 15 e A L A TR0 AR AL AR R AT B R A 1)
#) Embedding(E) . #2518 5 R 80 h i A i R 215 21, 44
) 1Y 1) A N R M SRR

&l 2(b) 1] 3] ] &5 78 AR X 07 & AF B . T i) IR
Y AL () R 3] 1Y Embedding % A Self-Attention J2 .3t
B 157 Relative Position Embedding (RPE), iX # id] [n] 1 %
FHAR X (4 o & 353 77 2, W] DX 4318 78 ) o BRI IS 6 8O0 &R
KRBT B 1 UE B .

& 2 BRBUF AT PRFAE . S 1 2R BORL BE 55 40 04 1 SUAH
BB A S SRR 4 O AT R S BB A AL B
1534~ f) Character Embedding (CE) . BA4a] 1Y 7 45 P 45
AEAT DL B SCARRRAE SRR BRI Z S E A .

3.1 Embedding(E)

TS A B A Sy ) ), A A O Rl A N 2R
BT Z53E F AT 3R, Word2 Vec™ A5 1 3 1 44 # 7] 43 5
RIS GE TR AR B A% B A 18 B S — A1 1] 4k BER T 75
YI 2 1 75 A8 B 38 ok %) s R AT I R AT 55 K B R] B
SR [ A

1F “an agreed account” Fl1“on account of”3X W Bt SCAS i,
A~“account” WARF I T AR R . SR 17, 8 3 Word2 Vec £
RUAE B (19 WA~ “ account” Y 1) [] 1 58 42 AH [, 20w 1 i) A R
BERT #5445 £ (1) P 4~ “account” (1 1] [m] & 2 MR 38 LT SCiE 5%
AN AR e T iR 22 R R (H AR A SRR AR,

Albert™ & 7E BERT Rl b 5 v+ A 5 i 45 2 L 3 3 2 4
PRI 270 A i )2 2 Bk SRR TR IR A R B0 [ I A 2k T
BERT 24t £ NGz 48 0 [a] 8, PR b, 4% S 09 1] ) o 5 o
Albert B3R 4541 [1] 4 (9 4E 82 O 768,

3.2 Relative Position Embedding(RPE)

A 7 B 2 5 T LA g e 282 ML Transformer JG 325 8% %01 A 4]

TR G RRNBE, AEBINMAFINN 2= (2,

oo ) € RYVHEIHITFHIN 2= (21,2,,0,2,) ,2 €
R % , Shaw P HE 2 LY Self-Attention HHE AR 1 AT
RZE AR AL E AR R, B o (D RER/RE. o =
w_ s =wl (o) sof € RWH TR AFINFITE 20 Fl 2,
Z 8] B AR X7 B WL WE WY € RS S B EUERE .
o :I,WQ (o, WX +af)T
Jd.
efii

@ =, D
D etk
k=1

a:é%uMme

A SCAR (9 55— A 3 F R AR R A IR A A
FAE (£ 2k+1 4~iE) B Self-Attention Score, 344 HAE
R TR — MR LR EL A PR SR 56 AR A T R A B
T PR O S WL AT R R BRI E R LLP D R R A
BT R R B . MU 07 B 2 A 2 R — 5 T R P B =2 IR) G R
Je AL B S FR ) AR AR R A B SR 6 R R A B L
3.3 Character Embedding(CE)

A A LR O3S N Z A A B AL A YO8 SURRE L A
TG SCRFAE AR AN . AR Z B R RN E
L IR DR SR O R AR M LA . O T A SO Y AR AE
FooR A SO A B 28 I 2% A B BER) 1Y A KRR AE CEL b
A TR B L TR 2 0 LR

T S SRR A O A 38 0 T AR K A A
St 1A 5 AR R P U 28 R 45 At A 2 RS X A B Y
FREFRIE CE,

CE 5 RPE My B AH R, {0 48 & R R . AR SCR X 9f
$2 00 77 2 AR K Bz 4 AT 51 b B AN ) RPE 1 CE, $f 42
Je AT B AL A TR SO B AR B B R A
Kok AG B 8 HAE S AL 35 (1) SCA KR AE AL A 5 3500 )
25 FH TR T PN SR S R R R

O = R

1 2 14 e B0 b 4 7 vk T B TR IR AR ST A BT A S A I A
25 IR AR T A AN, SBOT RS B M E IR, — B
SCA B R 45 SR M — 0 DR AR Sk PR AR S
PR B o R AT 0N, T LA R AR G R B
4.1 MMERIZEALE

N2 T 45 43y & B S 347 38 3 « Start Net il End
Net, ‘BT 9 2% 45 K4 AH [ L 43 1) 870 B2 T00I0 PSR S 4% 1) IF b £3z
B RALE .,

A7 B T ) 45 B S5 R AN 3 TR . 24 A Start Net,
F2#B4> H End Net,

A2 T e 43 A G 2B R AT

(1) itk A B M 75 1 SCARFFAE /% A Start Net, 1 563l
I 2 B 2 I 46 6 SCACRRAE AT B 4 L SR ) 3 SoftMax 2
TEP B b B AL 1Y 4 2B L HEAT A SRR FI B A
J7 51 e AL A Ry RS SR TR G 6 . B IR AR AR
WREF R, AR A A RR, End Net WiH5H kS
Start Net 564> # [f] H3F 58 2 2 747 #47 , X 3 7E T End Net



308

Computer Science THEMEL2 Vol. 49,No. 12, Dec. 2022

F W i A Fe 51 v A R A R PR R SE AR A A R
(22K Step (1) HYH iF 25 R A A 35 PR 2 W 2% L SR ) i i
SoftMax JR TR X J K AT /3 K48 AR HIWT Step (1) T

0 AR A6 o U T i PR S Al R A AR SR, [ U SE AR
RS EERR . HRLBMEMABERR. X—LEP . Start
Net I End Net % X 43 J& [R5 F 45 5 SE A4 454 58 2 A1 A

Step (1) Step (2)
p— X =— x O
X2 x|
Text X3 ¥ [
Feature @ Xy = Xy |
= 5 X5 ~ = 5 5|
x| & § X6 § Xo || Xy
X2 S = X7 » X7 X2 Cause
X3 8 X | X3
X4 X9 Xo || Xy
X5 X10 Xio | Xs
— X
— - = =g
'\'7 X X2 X4
Xg ; — 2 -
I %, - v:,z - v:; L 9 Effect
X10 % =8 o S N X10
3 = 5 X5 ~ = 5 5|
= Xg 1 S Xo
B T o1 ] ] T
[ Start/End Posmonl # X7 # x7 ]
IE]Other Position | Xg xg [ |
ID Cause | X9 Xo ||
[EEffeet o Mol
S S w7
B3 A T ) 4 R TRk R T
Fig. 3 Position prediction network

4.2 HEFERZE
TEA BRI Start Net A1 End Net [ F00 A7 & )5 . 75 B4
% HIETR A9 D SR SR, B S0 0 7 B AE A Assembler 5
P, K A 5 R IT N B 2 X B AL E 5 SR 5 ARE 41 e Bk SR IR B
BT I AL 0 O R AT X 5 2 2 A R R AR S A s e S TR AR
SERAE A Ay AR SRR MRS R R RS IR . R
T AR BRI
Bk AR SR A R Rk
Wy s RS SE UG 5 B ; cause_startPos, effect _startPos; cause_endPos.,
effect_endPos
Bt IRSE RN causalityPairs
1. calculate extra position number Num,, Num,
. fetch score of each start/end position Scores. s Scores,

. get larger_collection between cause_startPos and cause_endPos

= W Do

. generate to_del_list=[td; ,tds .+ ]

. sort(to_del_list,Scores. ,ascend)

w

6. for pos into_del_list:

7. if(del pos make residual pos matched) {
8. delete pos from larger_collection

9. break }

10. for cs in cause_startPos:

11. for ce in cause_endPos:

12. find the nearest paired position:{cs,ce}
13. all_causes. add({cs,ce})

14. use the same way to getall_effects

5. causalityPairs= Assemble()

AR LR ERRBOEA S, AR B M E N E
2216 Num, 1 Num, , 1T858 15 W BR 09 47 8 $0i, SR &
00 I0  246 4y 4 09 4 4y R Scores. F Scores, (35 1 AT
%211,

SRIT S A T B DR DR S AR, A AN B 0 2 T B r
B REE AN E ARG Noom, #4385 55 W BR 07 8 449 3%, 54
I A A ] Scores, 1T V34 SoltMax 343, 315 3 F 4 &
ST HER (55 3—5 7). SRIUIK 3 V8 IR U, 4R v DK 5 T I
A B 20 A 3 2 U — AN 0 B2 A 0TI R R 7 T LR

J—

Tl A o7 5 A 2 M A VR T DR SR S SR T LA D) A Bk sk Ao
AR 6—911) . RO T VC fid B L A JF 8 B4R ik -
R BT S5 A L 2 %6 R R SR (B 10— 13 47D, 2R EE
P T AH R B AR B (5 14 47D,

I )5, Wt Assemble oRZZE AL A A B B R K &
X, I A Bl A AR (BB 15 47D

5 ki

EX 1(CTS &2&) 4 EWMESUA 1, Ml 1, CTS(Causal
Text Similarity) REE LR 1,5 1o A AR LB FE AR
FIIAL A, CTS.,, .,y €00, 110 T4l ik Wi Bt SC AR 22 [|] i B 2R
KRIEE AR TERX L2 -,

_h ﬂlz
TIoU, ., = L UL (2)
) z‘:l‘ll ZIZJ'
TSS, ..,, = CosineSimilarity LI 3
2 n/l 71,2
wy * TloUq, ., +w, * TSSq, ., »
CTSq, ., = TIUU“NZJ>O‘ : “

0, TIoUq, .., <<0.7
Horbr o s B SCA 1, 7 B S CA, TIoU,, .,y 3278 6 Fll 1, T
BOCAR B M BLUEE , TSS, .0y AR SZARMLBE RIR 1 F 12 1Y
SR LE o, 0 KR o 2 0 8 A Wi, 2 1B K
BE g J 2o 5 7 B w, A w, 40 9JE TIoU F1 TSS B AX

P BLCAR ¢, = “financial crisis”, ¢, = “financial crisis
broke out”, % TSS, .,, =0. 7,w, =0. 7,w, =0. 3, W AT i}
BiRH CTS,, ., =0.56.,

5 Jaccard ZEAH L1, CTS F %W B 25 18 SCAR Z 0] (19 4
AL RE AR SCRIRLBE . 78 T S35 A 3000 45 2 B 3l 5 R Y
2% VB BC A5 23 FN 3 VG BCAS 43 B0 15 >4 AL, 7T LS A HE 1
HO T Al b S L TR 3 A R BT 55

X 2GS 1) HUE LD SR S i e b o & o ot
Fi4) JE BRI X 4 8 £ 571 %0 1 (Penalty Window) , fE 51 % 1 ) &£ 4



T 5 45 : PosNet: 2 T B A [R5 OC 2 41l B 2%

309

30 [ /N2 B A Y, TIOI A7  R A5 S F  N E E T S AR
LS SCANY CTS RETYE . AR, CTS B 8% &
$90.5,

WA 4 FTs , G €0 Ry 05T S0AR, 21 €6 i 2R HE 1R R AE T &
P, R G AR €0 2l N 550 6 11 D9 0 T 07 75 4 ) 7 A
T SCA L, BT S EI AR CTS REIH A THET 0.5,
TR E 1 AT DA AS BN B T O 9 AR R
B A B2 B T SCAS 5 LS SCAR A — R DL R PR G
EQUN G

Left of )( Right of |( Left of | Right of
Window | Window J{Window ) { Window

End
Pos Pos Petnalty

Window
r

Penalty
Window

e e e e e e

Text 1 ~
/>1( TS mm) =0.5
-

Ground

OTTTTTITTTTTTTTTITTTTITITTITTITTIR
Truth Text ~_
C'TS, =0.5
Predictive _ ' (@@ =Y
e
Text 2 ITTTTTTTTTTTITTTITTTTTTTITITTT]

B 4 FESTE 0T MO ED
Fig.4 Penalty window
Xof /e - A B B SC A AR BRAT A3 26 IR R s iR
AL IR AL R IEREAR R ZE N 15 H A 30 5 B 2 S B AS bR 25
0, FEAS7 B T P 45 04 YN 2 ok 2 v, 2 TSR 4 2 8y, 5 2L
SRR E v, R WARE A 0., TH&ERE‘JI%%MKE%
A58 A A AR IR AL & T B 4 IE 0 1 N4 . AR SCHE ke
AR R TN A 1E A A B AR R O A7 1) S [ R B [
FRE ) R WX T A 2k AT R R, BT F WO A7 B R AR R
LS AV AR O R T A 48 N
BRI e Loss= Lossa, + Losspea s FoHT, Lossa, & X 5 K
A3 SIS 7= A I 5 R A8 SUR R R IO L o
LG PR, K N RREARBCR n R DR R4S 2L
By, R D DA SoftMax 1544 v, 4 J5 G B4 b
FEA TR ] TE AL . Lossyrea 2= X8 05 A7 B FIH A A7 8 43 28
B 7 A At 2k 2R o) X HL kAT T Ak

Lossg, = _— Z E[(l v ) log(1—y,; )+ v, logy,; |

i=1j=1

(5

f—L >

i=1j=1

Lossprea =

log v, » yi =1
log(1—y;)s »; =0(not in penalty window)
1—e ™3, 4. =0(in penalty window)

(6)
Horb N REARR o, BB DR, v, B A
ARTEHE j ADLE I AR v, B DFEARTESR j D
N7 ) TIUIN 5 28 53 85 0 ff ser I ABIE ] 5 TF f51) f A4 X B B

U https://www. kaggle. com/drtoshi/semeval2010-task-8-dataset
2 https://zenodo. org/record/3932442 # . YPel.cvkzaUk
3 http://wp. lancs. ac. uk/cf7ie/fincausal2021/

BT 1 ME L2, AR CTS ZR B o B {E R B
SEFESTE DR X T A A R ) ELA T A O AR
] 368 316 A TN A7 5 4 S 45 O AR L B8 ) A 5 0 R O
Sl R VA= TR 24N

6 KBWRERSH

6.1 SEIRHE
A X SemEval-2010 Task8"” H1 SemEval-2020
Task5? i B A1 S BL il 4 52 . FNP2021 Share Task2® 1%
AR R SORVERNY BB B RZHEAT A — 5
ZA ISR B g i 45 R 3k 1 R,
* 1 OBIRSIT

Table 1  Statistics of data

Dataset Number of Example
SemEval-2010 Task 8 1003
SemEval-2020 Task 5 3021

FNP 2021 998
Total 5022
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Table 2 Statistics of experimental results

Model Precision Recall F1 Time/ms
Rules+Bayesian 0.6042 0.5878 0.5959 —
CausalNet 0.6211 0.5372 0.5761 -
LSTM 0.6019 0.6730 0.6355 282
LSTM—+CRF 0.6407 0.7012 0.6696 310
BiLSTM 0.7744 0.7622 0.7682 367
PosNet(E) 0.7513 0.7327 0.7419 146
PosNet(E+ CE) 0.7927 0.7750 0.7838 175
PosNet(E4+ CE+RPE)  0.8111 0.8071 0.8208 187

I X H S a2 AL T LU DU R S e
(1)PosNet # i T — f JE v B2 A (1) #E 5 %, Rules +
Bayesian 1 CausalNet J& & T #5 2 JC fig (%) 3 v 455 780, o [R SR
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