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Abstract Causality represents a kind of correlation between cause and effect, where the happening of
cause will leads to the happening of effect. As the most important type of relationship between
entities, causality plays a vital role in many fields such as automatic reasoning and scenario generation.
Therefore, extracting causal relation becomes a basic task in natural language processing and text
mining. Different from traditional text classification methods or relation extraction methods, this
paper proposes a sequence labeling method to extract causal entity in text and identify direction of
causality, without relying on feature engineering or causal background knowledge. The main
contributions of this paper can be summarized as follows: 1) we extend syntactic dependency tree to
the syntactic dependency graph, adopt graph attention networks in natural language processing, and
introduce the concept of S-GAT (graph attention network based on syntactic dependency graph) ;
2) Bi-LSTM+CRF+S-GAT model for causal extraction is proposed, which generates causal label of
each word in sentence based on input word vectors; 3) SemEval data set is modified and extended,
and rules are defined to relabel experimental data with an aim of overcoming defects of the original
labeling method. Extensive experiments are conducted on the expanded SemEval dataset, which shows
that our model achieves 0.064 improvement over state-of-the-art model Bi-LSTM+ CRF+self-ATT in

terms of prediction accuracy.

Key words  causal relation extraction; graph attention networks (GATs); sequence labeling;

syntactic dependency graph; bidirectional long short-term memory (Bi-LSTM)
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Fig. 1 LSTM cellular structure
1 LSTM 41 4544

WG, M AG B x, 5 L — i 2] RO Z
ok, #E BREL sigmod BN BT TR EFNE
B f.



VR AT A < 5 T AL T R I 2% 1 R 2R 56 AR i R

163

fi=oW, « [h,_ .x,]+b). (2)

RIG R T ET R E i 5N A R

M2 C, B AT IH A0 RS € S B R
iR A C,.

iIZG(Wi . [h1—1 9x[:|+b,‘)9 (3)
C,=tanhW¢ * [h, 1 x, ] +be), D
Cz:fz .Cz l+iz .ér- (5)

54
L PR sigmod 13 B i A B o, BT A RS C,
3 tanh 25 o, M A5 B 2 A BT 21 BROELZ B
Hoh,.
o,=c(W, *[h, ,,x,]+b,). (6)
h,=o, * tanh(C,). 7
2.2.3 X2 M 4 (Bi-LSTM)
LSTM eS8 K Wi 26 i e %ol iy 4 4k (B A —
LB 7 51 FR AT 55 v ik 7 B IR R I B A HiE . Bi-
LSTM i #i Ay LSTM 557 18 (1) LSTM 4 i, o]
D[] B 8 sk 25 R0 e B A 5080 R AiE o DA T 35 B
ERUE R HE I 2 R .

Output

Forward

Bagkward

Input

Q represents LSTM cellular structure.

Fig. 2 Bi-LSTM structure
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The CRF layer is represented by the lines connecting the output layers.

Fig. 3 Bi-LSTM+CRF model structure
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The adjacency matrix of the syntactic dependency graph
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Fig. 6 Attention coefficients
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hi: Hi( la(zaf‘cjwkhj)9 (1D

JEN;

Hob K RSk i A B0, W g B A0 R AE 4 A B B
ol JEITE b-th R ACE RBLK A E ALY
TR I HLEN X 1) B R 0 5 T R AT AR L 34 L
FRAEAR 25 R S GAT WG 1 2GR k8t

K
h :a(%z Eatyw’*h,), (12)

E=1j€EN;

XF T R TR T 4 {45 3 4 45

LK =3 Rl anE 7 Bi/ sk, ~hs 2 by HAH
T ECEE e HE) L3 FAE T kL3R
3 ERE b ST T R DDA G BUBCT S E
WRr X LR e

h,
%2 (CH
g Concat/Av
13 \7 7777777777 :
& h I ———— > A
Ay
hy Qs
s

The three different arrows represent three separate attention calculations.

Fig. 7 Multi-head attention
K7 ZKEED

3.3.4 B IMENHr
S-GAT WRfa|E 44 OCIV|IFF' 4+ |E|F),

Hrp F 2 Bi-LSTM Fe ik 2= it (% 5 AE 4 B2 (i) [n]
AR CF R NGR JE AR ISR, |V R AR KA
Pl 0T 4 A B8 CBRI 43 5 am) BANB0 D) S T E )k
WA il (AR S-GAT B[] & 44 BE (5 43 Ky
2 P EEE R BE R E R SRS
%) B[] 52 2% T2

TR B ) R, A TR AR T ) 4 T
FZE N OFF), H RIS A AR A7 B
HEMENIRAMAESLC B OUVD Wit EEh
FH RG22 OCIVIFF).

T A R, B A ) AR A A 3 3 %8 7 1 A~
i Y Bi-LSTM [k 2 i o e b A R I 40 7 21 45 1
A IMBCR A 5 4k 5 1 FRAE 4R D B 5
BRI E 25 OCE[F).
3.4 Bi-LSTM+CRF+S-GAT # &

ARG T HN AR AL G Bi- LSTM + CRF
5 S-GAT #H T Bi-LSTM+CRF+S-GAT #i#l,
WA ZER I 8 TR ¥ LSTM Layer+ Linear Layer
+S-GAT Layer #2391 23t (block) . & N J2 .4
UL N RCT T T R SR PO VA S PR B A

D AR5 A S AR ER A+ )T
A3 A B A 28 N 4 2 B URRAE , D) R )k o A )2
A AR A

2) WML )E RIS GloVe f5 8 X} 43
i) J5 B R) AT I AR R K AR S ST R
A6 R AE 5] B, 308 4 BIELSTM B 4% 42 48 18 X A5
B TR BRSO BOR) TR 2 SCRHIE L T
PRICE B TE R PR OC R

3) Ak Ay B 2 R A B A AT A A b
RN A ARAE R AR R 3.2 9 b A= Bl A AR A TR Y
5 VA R I ) AR 2 B L 8 i T A S )
F18) B ) AF XTI, B 18] [ 4 IR Ry BT 1 3, e Pk B
e Ry IR R 8.

4) SGAT JZ2.% Bi-LSTM [ i )2 % 8 b £
PR JZ 2 A0 T 1 J2 ORI R AR AR B3R 3K iR ) T R 1Y
B2 i K R AL S B RR AR 5 AR A BT 2 A R
F18) 08 422 IR A B L 2 AT VR O T
A (8) (DI B 1 8 IR AR5 X (10) 47
TSR AN A5 30 1 38 ST 4 AE . Ry T (B R 25 4 T AR
S-GAT R Z 3k i1 2 T ALH A BAR ¥ K A>T AR
N7 EE TR EARE N QD TSR 1 2
S-GAT Wi, Z)Z2HEE n IR.S-GAT B 22
HRAE 3 (12) 6 1 B R AF BCE B(E S 8] SSGAT
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RALER S GAT ZHBN »' . SGAT Kb )5 Y
LA R AR AL Ry TR R A DA AR b 57 9 30) A A
M A A IR AR A 320 7 AR O AR B A
SR B s S i A A 28 B TR 23 EAS [8] B AL
ERSiAIPSER (kSN S0 R SNk N b
i) il T g S A P A A R TR A (L S R
i cold” byt — 2 Imsik 1 PR SCRYHFAE.

Output C 0

5) CRF Z. 4 S-GAT 2y thilid CRF Z 15
B e Z 1 PR AR % . CRF 88 % IBOM <817 19 17 2.,
2 FRHIE PRELZS BR 2 4T 43I0 INBCR TN, 45 43 55 8 1Y
P25 Ry e 2 ) it A L R A R B IR AR

6) i )2 AR LS RN 8 s, Ho
PRZE“CMR K cause” KRR, “E7 LR “effect”
IREER YO E “other” /R TR LR,

CRF Layer |

S-GAT Layer

i

Multi-head
Attention

n Layers

Fusion Layer

Higher-level Features

Linear Layer

LSTM Layer

Word Embedding

Fusion Layer

——————————————————

0 0 0 0

Syntactic
Dependency Graph

Syntactic Analysis

____________________

Input C

flu cuases cold. )

Fig. 8 Bir-LSTM+ CRF+S-GAT model
8 Bi-LS TM+CRF+S-GAT £ A

RS A N A] T “flu causes cold.”. B 4Bt A
A T 5 30T e AL A R AE ] 4 I 8 0 BI-LSTM 42
i R SCHIE AF B WA B BUR) 1 1 R R O SCRR
AIE 5[] B 6T o A1 4] 4 A7 ) 3% 43 B A5 380 ) AR A
P ) = JE AR B R ik ST ) BRI 22 [R] 7 A AR G
FRIE K0 A0 4 B 1) R AR AR AR G Rl it S
GAT 4 FCALHE , i — 20 o Ak P SRS SRR AR B i
if CRE 2 2 BT R 2 1) B8 8 AE , 5 46 th B9 2R b
2 AT BN PR OC R Al s R L R R R M7, 2
A cold”, BP“flu”F B T “cold”, 35 2| 1 P 2R il HL
FONERIUR

4 HIESIHW

4.1 EIHEE
41,1 FdE ki

SR KK A SemEval %4l 4 5 5 S04k 5 H Bl
TERFE A SO B OC R BB 5 SemEval (SemEval
2007 Task4 5 SemEval 2010 Task8) o1 & £ %
FRIW 1368 ) F1E LI B s . 8 e b R
JE DL R S B0 T 5K R B S I B AT P A S
FRC8 I SC 4t 5 | B iRk e P R B0 T & A7 B G
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FRWA)F A SO IZ B B T Pkt 1632 )
HEAT N LAR T A5 i B9 A5 #E 5 SemEval % 45 4 —
BLRZAAE T HARRLERN 3000 4] FAER
SRR

SemEval #4548 Jit 1h F 4 1t — A~ 5«

D 011 "<(el)Zinc(/el) is essential for (e2)
growth (/e2) and cell division."

@ WordNet (el) =" Zinc% 1: 27: 00..",
WordNet (e2) =" growth% 1: 22; 00::", Cause-
Effect (el,e2) ="true",Query =" % is for growth"

B LATH011"RR A TP 5. 515 S & A R
KR TF BR%E Cel) (fel) s (e2) (fe2) PI I i) £
INJRE IR B2 B 5 2 A7 Cause-Effect (el,e2) =
"true" KR AT E A FIROCER BRI R 17 W)
J& el—>e2, Bl“Zinc” JZ R A, “growth” & 45 H.

4.1.2 HAREBIE

SemEval 53¢ £ 73 28 0 $0 48 48 . ok U3 45 i
i 30 %k BT BLAT B O 2R B AR RO TE AR 2 N Y 1]
R BARRICER 20 T AR5 S 1. UG K 4R
SemEval ££7E 1 )@ 47

D) FETEARFRIC A R OE &R

J K s 4 b i ) RO — A R X R
bt HIR T — W — R HARZ ) FAATE 2 N 2 R
B 4n 4] 7 “<el ) Frustrations {/el ), threats, and
conflicts cause (e2)stress{/e2).”, “frustrations” A
JEH, “stress” i 45 . B 15 S W] M1, “threats”,
“conflicts” & stress” % Jit K] , {5 5 5 45 4 & A7 2
frbric.

2) PR A —

Bl /m] 1:“Mr ¢ notes (el) worsening {/el) of
seizures and cognition with sleep {e2) deprivation
(/e2) and stress.”;

ffilf] 2; “Mr ¢ notes (el) worsening (/el) of
seizures and cognition with (e2) sleep deprivation
(/e2) and stress.”.

H1A) 1w Ce2) B2 N M B 3R] “ deprivation ™, ]
] 2 H ok 1R “sleep deprivation” , BRI B iA] iR 2 S
AR L.

3) PR KR

BN a]F“ The aircraft was written off in the
accident due to the severe impact caused by the
KLM aircraft,and the resulting fire.”, 3% X 7 H1,
“impact” /& “accident” ¥ JiL A , [A] B 8 J2& “aircraft”,
“lire” A S5 R L “impact” NI AR FEAF AR .

4) PR X

TEH SO, FAE B U0 “including” , “such as” 4 B
AL TR SR IR 23 5 e PR G AR B bR . 4 dn )
¥ “Most illnesses, including colds and (el) flu
(/el) ,cause a toxic overload that also increases the
(e2) stress{/e2) on the kidneys.”, ] F f{] “illness”
JE“colds” FI*“flu” I G B , “ colds” A1 “flu” J& “illness”
B ) B 30 48 Bk “illness” i & 4% 41 “ colds™, “flu”
FEFE4S UL H “colds™ Il “flu” J& I 31 5 &, i 45 4 46
Hpgid 7 {lu”.

5) “of i X

TE L S — BB AT “of " 1Y IR AR 1 L R — A
AR, T SemEval 4 4 HbR i SR 50, i X
FRic 1 “of 818 1) — & 4. ] n m) 1 “ A first (el
revolution(/el) was triggered by the growing use
of (e2) reading{/e2) and writing”, 7E % 1& “ use of
reading and writing” # 5 i “use” if /& “reading”,
“writing” FATE B .

B AR I A AE A [R) L AR SOR 2851

BEXF B3R 5 A R AUAS SCXE A s A AT T B
TE S KL

D N TARGE R 4R R AR e 9 PR 2R 56 &R 52
[INCURIEASE 2 SN

2) JITE G — e U O B AT AR T (1 S 5]

3) JEBI PR oy B 2 i PR SR A R 1 BRI R
Je T PR SR B AR Y AR I A ).

4) AL PR S — ARl G AR Y B R 2 W
“RE ) B BALR].

5) Al A “of "M RLTR L AR AN 5 i T SR BT AR
JEhRic ol Hi By BLiA],

B 4R v At 1R) R AR T RE B B OE  ZE BRI
FFAE G LI SR ] 45 55 3R D 19 J7 1k TR S e 48 10 2%
e S AL T RS AR B AR TE AR UE S b 3R R 5E 42
— 3.

4.1.3  FRiETT%

AR SCR R A0 AR i SR AT PR AR O 2 b B g
25 /m) - rh R A TR bR G A N B AR 2 R T fRT ] T
HiRE PR 2R OC F& bR TR Y O 8 i IBCHS R L AR STk R
“C”.UE”.CO7EK 3 MRS BEAT R e R
“cause”FEREN,, “E”fCFE “ellect” TR 45 HE,“0O”
R FE“other”FiniZinl A HAH R KR,

W 412 PR AR SRy R S AR LD
BALE] (1 A BED FRom MO T — I — L AR R A
FAH L RECMN L MREE”, N Z RN & A
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I MRECCTMZ AN PR & “E”, 2 [ — R 1 bR i 7 51
FETEZ AN IRZECTR 1 DMAREE” B Z % C”
MO TR e I B YN A SR S AT E A

B T A SC¥6 S A TE AR 43 BT, BOPR 245 L W)
BE —FEHEAT AR I (AR N O™ TN e i R
e HE ] A SR PR G FR Al BOAS BR T A AR e Y
AR AR EG]F R 1 R .

Table 1 Example of Labeling
x1 wRESF

Word Label
Frustrations C
(0]
threats C
and (0]
conflicts C
cause O
stress E
O

4.1.4  BARREEAHR

TE AR G R IBCrh AR AR 0 75 5 A DR AR O )
A3 o 2R R 5 B PR R AR A SR [ 22 ]
BT SE WS E 3 e SR O 3 i o 3

D A HER

O W&, i “cause”, “result in” & E A
IH i PR R B SCAY Bl ia. 41 A) - The (el)pollution (/el)
was caused by the (e2)shipwreck{(/e2).

@ HOR i R T e g PR S S

G AT RAIE 3 &5 S8 T 5 A s 455 ook s
PR R A SR $21A], A0 “increase”, “trigger” 4. 4

] : The Maze procedure crates new pathways for
the electrical (el)impulses(/el) that trigger the
(e2) heartbeat(/e2).

Gi) i PRR AR B 5 77 A A B0 AS 7T 43 1) 3% 5
1], i “plague by)”, “generate (by)” 5. #i| &) : The
noise {el)signal(/el) was generated by a noise (e2)
diode ¢/e2) (ENR=27 dB) and gated with a high-
speed electronic switch.

Gi) FESAE L, @ “due to”, “from” 55, fil 4] .
The best kept secret for avoiding abdominal weight
(el)gain{/el) due to {e2)stress{/e2) is the use of
adaptogens.

2) KSR

TR 5% 3218461 4] < (el) Water(/el) (e2) erosion
([e2) is the detachment and removal of soil material
by water.
4.1.5 HARgit

FYIEAT 3000 A A IR C R B4 T 4% 4+
1 10 Ho ) o3 S I 4 ik 4 LD 4L 48 4.1.3 715
T L AR AR IR 5 5 B 00 X Ry O &R ) o o — A
— R —HEZR ZH-RE5ZHRZ R B THEMR
BEATBR Chn 4.3.3 TR 5 Fios, il E T S 2R 2
REA T 18 A O TE T 5256, A SOk — N £
REZHW-REMNZHLZ R 48 4.1.4 TR MR
o 2 A A PR GE i ) 1 e o B AR (R
AR | DR R OB 32 e 3D LA K e s P 2R

BRI N R 2 o, th 22 2 n] 0 Bt o ok
o3 — P — SRR A 2 B ) AR R OC &R
g SE WS <G Aol i (R

Table 2 Data Statistics

x2 HES
Data ALL One-Causality Multi-Causality (withEEiETititCél:):l’c::c};ivcs) (with :;T:;Hoﬁjij;::;nvu) I(“T:l?:ih:;t
All 3000 2352 648 1975 838 187
Train 2000 1587 413 1338 549 113
Val 500 378 122 320 140 40
Test 500 387 113 317 149 34

42 ZXHAHR
1.2.1 ZHikHE

D) BRI

Ak 2% : Adam ; 1a] [ 4 4 FF . 300 5 16 BF # 87 (H
5.05% 2 % .0.001 s AR AL 120.

2) Bi-LSTM 2

B2 03005 L% 0.3,

3) SGAT 2

TSRS R AE 4E B F =50 (R4S IE4EF F =
300) ; Z K S HLHI L I E K =8:S-GAT JZ2 %K
n'=2n=1).
4.2.2 PG BRAE

1) 200K JE il B 1 2

PAA) - B ABE R X ) - R AT S AR L AR A
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i 2 0 1) 114 445 SR 40 Dy A1 SR i BB 5 1 . B - v i
A ERLTA] )RR 2 4 IR A D% ) T A BRAR O &R iR
EAf, A .

@ Jg PR 45 S il BB 03] TF A 5

ONEES Sy ALNRE

OREYEEIERE S EIE IS

@ L2 W Z R, ZAJE 2 A 45 5L 1R i
A TR 3 A S DU IBCE .

7 ) R i3 1 HE R 2R Caccuracy) ) THE R

accuracy=m|[M, (13)

Horbom Ry ep BT A B 4] 9 A 2 4 bR T IE 6 A )
FAELM )T B

2) MRS BURS 86 %.(P) VR (R) (F1 A

DAARZE A o037 S 56 2 it A1) o A A BRI AR
PR IEAT = 40 25, R R W 2 im] Jg| R R (O)
“EEIRY(E) b e Hfl” (O o Sz 86 5t Fe A [l 45 28 1)
3FARZ“C”,“E”,“O"/y P,R,F1 . th FHF
HEBA> BRI B bR 25 4 O, B SE B A H Y 2 il IRURR
ZCTURBD FIE” (55589 . bn & O P.R,F1
(A& AS SCH A 11 A
4.2.3 X HAR R

AR 3L 1 B 22 PR R AT 6 LS ELR AL AT

D Bi-LSTM+CRF.3CHR[ 18 142 H 19 )% 51 45 1
RRHY R SCOH A A v [ bR 248 ey 4.1.3 75 Bk 1Y
PRI SR BR 28 8 JHL 0 FH A R 2R 6 R B

2) Bi-LSTM+self-ATT.3CHk[ 2042 H 1918 X
i1 (AR AR TR AR SO A R 3 A AR 25 1B L
4,13 7 IR A DR AR R SRR A R AT PR DG R Al

3) Bi-LSTM—+CRF +self-ATT. %} 3Cilik[ 20 14%
Y Bi-LSTM + self-ATT #5883 47 ok ik, 76 1 &
HZFEMA CRF Z 4 H R R AR %,

4) L-BL.3CHR[ 13142 9 56 T8 5 15 2 i 3]
KE 212 M 4% (linguistically informed Bi-LSTM)
PRI R G 2R il HRUASE A

BR it =z Ab, 6 40 45 5L o A B . CRF, LSTM,
LSTM+CRF,Bi-LSTM.

ASCHE A R OC R Bl BB A BIELSTM +
CRF+S-GAT ARHE 3.2 75 o a) ik AR A7 B A il 7 5K
IR AT 4 FPARIE.

D A AR Bi-LSTM+CRF+S-GAT (dir)

2) Joli ERHY . Bi- LSTM+CRF+S-GAT (undir) ;

3) A I E +“self-arc” 5 # . Bi- LSTM+ CRF +
S-GAT(dir+sel) ;

4) Jom B A4 “self-arc” B . Bi- LSTM+CRF +
S-GAT (undir+self).

7F Bi-LSTM+ CRF +self-ATT # 8 1, i% Bi-
LSTM JZ +self-ATT E N 1 4~ (block) , & N
JZ.sell-ATT EHZRRE n' =4. K 3 FiR. Bi-
LSTM+CRF +self-ATT-3 £RHHES 3 2, F&I1E
PR iC AR ) HOR 1T HE S

Table 3 Accuracy of Fine-grained Extraction

K3 AANEMBUERZE

Model Overall One Multi Explicit Causality (with  Explicit Causality (with  Imexplicit

Causality Causality  Explicit Connectives) Ambiguous Connectives)  Causality
CRF 0.1200 0.1214 0.1150 0.1388 0.087 2 0.0882
LSTM 0.3100 0.3307 0.2389 0.3218 0.2819 0.2647
LSTM+CRF 0.3580 0.3721 0.3097 0.4101 0.2617 0.294 1
Bi-LSTM 0.706 0 0.754 5 0.5398 0.7539 0.6711 0.4118
Bi-LSTM+CRF 0.7140 0.746 8 0.6018 0.7571 0.684 6 0.4412
Bi-LSTM+self-ATT 0.7200 0.7519 0.6106 0.7823 0.644 3 0.4706
Bi-LSTM+CRF+self-ATT 0.724 0 0.7494 0.6372 0.776 0 0.684 6 0.4118
L-BL. 0.7320 0.7571 0.646 0 0.7981 0.6577 0.4412
Bi-LSTM+ CRF -+ self-ATT-3 0.736 0 0.7726 0.6106 0.7855 0.6779 0.5294
Bi-LSTM+CRF+ S-GAT (undir) 0.7320 0.7726 0.5929 0.776 0 0.704 7 0.4412
Bi-LSTM+ CRF+S-GAT (dir+ self) 0.7280 0.7571 0.6283 0.7823 0.6711 0.4706
Bi-LSTM+ CRF+S-GAT (undir+ self) 0.724 0 0.7571 0.6106 0.7697 0.7047 0.3824
Bi-LSTM+CRF+S-GAT (dir) 0.786 0 0.824 3 0.6549 0.807 6 0.8054 0.5000
Bi-LSTM+CRF+S-GAT(dir)-2 0.7920 0.834 6 0.646 0 0.8297 0.7718 0.5294
Bi-LSTM+CRF+S-GAT(dir)-3 0.8000 0.8424 0.6549 0.8297 0.7919 0.5588

Note: The numbers in bold represent the best results of the experiment.
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43 LBWHEREHN

AMVRLFE HB e 9 5 1) HERA AR N3 3 B s, KR

Table 4 Value of Precision,Recall, F1 of Coarse-grained Extraction

JERRECEC”“E” CO”FRZO I PL R, F1{HINE 4

FE 7

R4 HUNEHBRBEHE.EEERF1E

Model C-P C-R C-F1 E-P E-R E-F1 O-P O-R O-F1

CRF 0.2818 0.3220 0.2883 0.476 1 0.499 4 0.476 4 0.9267 0.9774 0.9499

LSTM 0.588 4 0.6550 0.6022 0.6154 0.6910 0.6358 0.9619 0.9733 0.966 5

LSTM~+CRF 0.642 5 0.707 8 0.6587 0.6389 0.694 6 0.6538 0.9675 0.9768 0.9714

Bi-LSTM 0.854 5 0.8454 0.8436 0.8830 0.8907 0.88 10 0.9845 0.9928 0.988 3
Bi-LSTM+CRF 0.8527 0.8550 0.850 4 0.8903 0.9001 0.8887 0.9852 0.9913 0.9879
Bi-LSTM+sel-ATT 0.8702 0.869 2 0.8652 0.896 7 0.9128 0.8959 0.9877 0.986 8 0.9870
Bi-LSTM+CRF +sel-ATT 0.866 7 0.8655 0.8615 0.8697 0.876 5 0.8670 0.9852 0.9894 0.9870
L-BL 0.883 3 0.8912 0.8822 0.8803 0.8840 0.876 2 0.9859 0.9919 0.988 6
Bi-LSTM~+CRF+sel{-ATT-3 0.8853 0.8937 0.8848 0.876 0 0.8658 0.8671 0.9859 0.9902 0.9879
Bi-LSTM+ CRF+S-GAT (undir) 0.8821 0.8911 0.880 5 0.8883 0.8953 0.8872 0.9870 0.9906 0.988 5
Bi-LSTM+CRF+S-GAT (dir+sell) 0.8703 0.866 7 0.8649 0.8777 0.8977 0.8807 0.9861 0.9912 0.988 4
Bi-LSTM+ CRF+ S-GAT (undir+ self) 0.856 0 0.8655 0.8556 0.8828 0.8857 0.8794 0.9846 0.9922 0.9881
Bi-LSTM+CRF+S-GAT (dir) 0.897 5 0.904 5 0.8970 0.909 2 0.9290 0.9114 0.9918 0.9915 0.9914
Bi-LSTM+CRF+S-GAT(dir)-2 0.9050 0.904 0 0.9013 0.9140 0.906 7 0.9057 0.9888 0.9915 0.9900
Bi-LSTM+CRF+S-GAT(dir)-3 0.9168 0.9207 0.9144 0.9182 0.9147 0.9125 0.9899 0.9899 0.989 8

Note: The numbers in bold represent the best results of the experiment.

20 A J3E il RO A

ik 3 WiR AR SCHE 1) Bi-LSTM + CRF + S-
GAT B T A A A, Horpofy ) |6 B & 3 2
) Bi- LSTM~+CRF+S-GAT (dir)-3 £ %1 i o i %
B k# T 0.8, % Bir-LSTM+ CRF + sel-ATT-3
FEHARI BRI B T 0,064, % L-BL 3¢ R Hil L
BRI T 0.068. J5 S22 2 A9 A 4 HY o A5 78 7 5
“Bi-LSTM+CRF+S-GAT £ 1”76 3% 7 5 94 (4 155
BT BN N Bi-LSTM+CRF+S-GAT (dir)-3 5 #1,
VI 8 Fras B9 0] F R 4], 3R] “ causes " FE T B H &
ey =i I S ) B R s S I T SO E
(“flu”, “cold”, “.”) S Be AN [F] (4 B {4 78 ) o 4
e AR “ flu” BB T cold” (45 8 b, 1458 7 [
SR SCHYRRAE 42 150 1 A1 SR 4 B0 o 1 %6

AL PRI T AERANHE S 1Y S5 T )
K Cundir) . A A B + “self-arc” (dir + self) . T [
+“self-arc” Cundir+self) X 3 Fl /) B 4K 47 K AL AL (1Y
WER AR, A0 L Bi-LSTM + CRF + self-ATT #
R 5 G m $2 T o BRI AN A 1w &1 (i) 455 781 Ji
D] A 25 R 2 [ R A7 78 AR B AR 1%, 2 HL A T
(4 TG ] P51 228 5 R SR T ) M )RR S SO A R
s iR AR B AR H S AR, A “self-arc” i F

4.3.1

TE SR B AN T AR B BT MR R 5
5 R GAT v [ i 28 B 23 52 1) S22 360 1 235 28

TEBRAHE B B9 5 00T, Bt s 89 Bi-LSTM +
CRF + self-ATT #& 84 A1 bt SCHk [20 ] $2 B9 Bi-
LSTM+sell-ATT LR 8 542 & T 0,004, K
BRI A CRF 25 ROCR g A i . CRF ] L
BRIBCAH SR 1 — 18] 1 ¢ AE , 38 3 22 R F R 045 b 2
F1 00 FEHEAT AR AT 2 1000 45 21, 2 4 Jm f L Ak
{EL, HECFH G 3 softmax 43 28 i 15 3 150 I 45 2% (1) 1
W AR AT $2 T X T B ERC Y CRF, a1 A ALy 3n) [n]
T, DA AR O 28 il B A A9 90 v 2 3 ok N T A
TIE A 4 v 5 R 1 o it B2 SR o AT ] R AR TR Y
CRF 525 p4 i 1 5+ 2K

—H—RpEs RS T2ZRH 2R 2 W2 R
B AR AR S5 R A

1) FATEAR 2 B G B0 B 1 8 1Y 52 4A, ) 1 8
45 R B bR R 8. B 2 R 2 SR ) i UL
N A BAS N 22 R 22 S 0 B A7 AR 22 57 L 491 G )
F“The slow suffocation of the cells swiftly cause
unconsciousness and shock, soon followed by death.”,
A NN 45 B b “unconsciousness” 5 “shock”,
“death” BFEMEAT A AR R, A NIA KN “death”
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& “suffocation” F B B | A5 R, %)+ —H =
RS — B = R AE G, B “ death” 1Y 45 & 2
“ETIC O JCIE R E s 1 R KR WA T
Hh TR D R D R S 4 2R S AR 8] B0 R F < The
aircraft was written off in the accident due to the
severe impact caused by the KLM aircraft,and the
resulting fire.”, & 7] 1 “impact” J& “accident”
A4 JE TR ) Bef 0, 2 “aireraft™, “fire” B9 45 3£ . “impact”
AR R C7 IR S “E7 ok i 2 . i T8 3 B 2 oA
GeiL AFTE bR 2 T0 1 5 19 SE AR, BSOS 7 IR JF AN A
By, RO TR T ok S O A 1Y DR AR AE L &) S B 2 I £
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2) PR SRR B 2 i I 22 R 7 2
) BT A TR At 2R B SR [ I B Ok, HL AR
PRAE T A PR 2R 24 1Y) v 1) 4 BT A o X K

A PR R o 3 T B R AR B R R
AR AT = 1) B8 v &5 A B U R Y )
B TO R L S T 5 2) AN PR R 4 1R ) ik
S5 A FLIC B, DL 4 R R AR AR AR R b,
2 I H 1) 0 M 0 RS s e T OB o ), 2 R O A
2% FE 0] (4 ) 5 PR R SCHIY R, /) 12 65 R R G T R
WOV AR AR s RO 3 4 1) 110 DR DR SCRR AR 8 B
)k 5 K A X 5 2
4.3.2 HURCEZBOR R A R F1E

IR 4 Fron A SCHR BB AR 2 “C” L “E7 Y
K1 %M Bi-LSTM + CRF + self-ATT-3 £ 2 43
HIEER T 0.0315,0.042 25 F [R5 R4 R 1 0.027 0,
0.048 95 F1 {73542 7 0.0296,0.045 4.
4.3.3 SRR X N O & 43 B

T ZHZR AU — 2R 2R
HEENZHZR(EZADRENSFHEZ A5, H5
B N R 5 TR

Table 5 Data of Multi Causality
x5 SESRHE

Data One-cause Multi-cause Multi-cause
Multi-effect One-effect Multi-effect
All 297 271 30
Train 207 163 43
Val 48 55 19
Test 42 53 13

A SCHR W AR Bi-LSTM + CRF + S-GAT
(dir)-3 5%F AR A Bi-LSTM+ CRF + self-ATT-3,
L-BL fE—HZ R 2K — 152 H 2 1005505
LR HER RN 6 s .

Table 6 Accuracy of One-cause Multi-effect, Multi-cause
One-effect, Multi-cause Multi-effect
k6 — AR ZE—R.ZEZRNAERE

Model One-cause  Multi-cause  Multi-cause
ode Multi-effect  One-effect ~ Multi-effect
L-BL 0.5476 0.698 1 0.7222
BILSTM+CRE-+ 0.5238 0.6981 0.5555
sel-ATT-3 : : Y
Bi-LSTM+ CRF+
0.5476 0.7358 0.666 6

S-GAT(dir)-3

42,2 5Pk m) A A I SR AR 2 4R
THUI TE B D] 32 /) - R SR il BBCRE A L A R S A
P 28 %) T I 80 SR 41 25 5 i) 2% ) - 1 )R b s R
P TR TR X6 T D PR S A 5 8 SR S ik g TR B BE ) LA
25 (C-F1#E-F1) Un) 5 v s 5 245 R SR 4
() 22 /0 (RS SI2 AR A B0 L A = T BT S 4 A B3/ 45 4R
SEARANEO 23 5% e DR AR b I o R L P 3R 4 T
L-BL,Bi-LSTM + CRF + sell-ATT-3, Bi-LSTM +
CRF+S-GAT(dir)-3 iX 3 AHHE R 28« C” (JFR R
B F1AEYIMG & TAREE“E” (45 8O0 F1 4, Ui K
RN T Ji R B4 TR 31 g 7 W A < 45 R A
T Ew R (FL B E SR Z W h) -+ (n 2
PR — 5 ) M B SR A X B, 2 A5 SR (F 1 E A
SEARAN B Z2 (i — R 2 50 23R AR i ) R AR il
IBLIE B P MR 3, 3 ARS8 v 2 R — SR o A R
ST —HEZR ZHZ W T RS RA 50 L)
O PRSI R 5 248 2 S R R b 4 2) A g e, EL IR
AEBH A0 (A 18 N LI 25 AR B
AR R RO EmE LS — RN Z R
EAE S
44 YNEENBRKESRIEENERE

Xt 6 Fh A % Bi-LSTM + CRF, L-BL, Bi-
LSTM + CRF + self-ATT, Bi-LSTM + CRF + self-
ATT-3,Bi-LSTM+ CRF 4+ S-GAT (dir) , Bi-LSTM
+CRF+S-GAT (dir)-3 Y5 2 (loss) 5 5
TFE R HERR R, R AN 9,10 B /R AR Sk Lk AR
T R v I R T R A e 19 B TR R AT 04K, 5 R
% 3,4 FiR.

FH 1AL 9 AT AL, 7E B HE S 2 B [R) 1 0 T AR SC
P AR AE DI 25 2o R v A S Sk T R 1 T A A
AU Jm] — A5 A B 2 el B B A B £ B S (B OR
W 10 FFR , 4% SCHE T A B0 78 Y1 2500 46 B B 30 TiE
SEUMETR R E T R 218 AR 25 IRAE AT A
B b T, 50 WA B T 2. Bl SRR B 3 £
YT 2R 320 1 T A AR Y L AR 110 YR A ok 31 T g
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FAAE R TEAC 30 UCAE A I, 96 UE AR 14 1 fy B T
P22 .60 YA UR B TRaE  IF 18 b Th BB Bl
e i e J22 5 H A 96 E 4 9 B R B b T R A
Wk 2% L Ha T G2 AR LG DS HE S 00 A T A o B R A
I Tt

10
Bi-LSTM+CRF
& Bi-LSTM+CRF-+self-ATT
8 A Bi.LSTM+CRF+sel-ATT-3
—¥— Bi-LSTM+CRF+S-GAT(dir)
ol —&— Bi-LSTM+CRF+S-GAT(dir)-3
;
-
4
2
0 20 40 60 80 100 120

Epoch

There is no CRF layer in the L-BL model, which is different from
the calculation standard of loss value of other models and cannot
be compared, so there is no L-BL model.

Fig. 9 Epoch-loss(train)
Ko AR E-HR A GRS

1.0
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. 06Ff
3
2
<
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—« Bi-LSTM+CRF+S-GAT(dir)-3
1 1 L 1 1 1 1 1 1
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Fig. 10 Epoch-accuracy(val)
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Number of Blocks Stack Layers

C-F1 represents the F'1 value of label “C”,
E-F1 represents the F'1 value of label “E”.

Fig. 11 Number of block stack layers-accuracy/
C-F1/E-F1
Bl 11 S 24 R/C-F1/E-F1

N BUE N 2.3 B A N =1 WA i o 6 R
S RE T 0.6,1.4.N =3 B . FR2“C”,“E”f F1
EH N=1 B9 $ % T 0.0174,0.0011. N HUEH K
4,5 B, S 25 SR R LA R OB AL b e 3 S
JZH N=3.
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Tl B 70,04 5 37 B R 2R 56 R A EURE 1% 7 0.04.
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210 S ST v B R AR e 7 ) v, D SR
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A ) 1 3 BUAF A 5 S5 B0 PR 2R i B4R 1R

3) Z N Z AR, 2 P 2 S 0l UE B 1Y B E S
35 Ry 2 [ s 3R g - o T A DR RN 4 R Y
SRS BCE #. n 3 7 fBA B R L A g
R = 57, i 45 3 B B8] “ burrows” 1Y F1 2 14 4 3



VR AT A < 5 T AL T R I 2% 1 R 2R 56 AR i R

173

B CRUIIRCHS * = [N =217 2 BURAS A1 19 PR il
eSS

e A o N TR T B 5 1R 15 KON A B A7 18 10 4 1L
2 5 2 DR R A B TR R B

Table 7 Model Predicts the Wrong Data Types and their Percentages and Error Examples
F7 REBBIERNOBELBERERMSBE DL SEIREGF

Wrong Data Type Proportion Ture Data Predicted Result
Licenses and permits are {el) revenues (/el) (el) Licenses (/el) and (el) permits (/el) are
Other 0.41 from the (e2) selling (/e2) of vendor and dog  revenues from the (e2) selling(/e2) of vendor and
licenses and other items. dog licenses and other items.
Incorrect Choice 0.25 Get neck (e2) pain{(/e2) relief by (el) easing Get neck (e2) pain relief(/e2) by (el) easing(/el)
of Center Word e (/el) tension in the shoulders and upper back. tensionin the shoulders and upper back.
Th ite’s (el)k s(/el) ,fecal (el)matt
s . ¢ mites e )4urrows Je eeat tel/matter The mite’s burrows, fecal (el)matter{/el), (el)
Multi-Causality 0.20 (Jel), (el) proteins (/el) and (el) eggs{(/el) teins(/el) and (el (el e (e2)itchi
Error ’ cause {e2) itching (/e2), (e2) rashes (/e2) and protemstjet/and felscggsiiels cause fec/iicing

(e2) sensitivity(/e2).

([e2),(e2)rashes(/e2) and (e2)sensitivity(/e2).

R OC RS —FhE 2R ORI, AR R
U SCAZE 4 o 1) — T B A AT 55 5 1% 8 1 SCAR 43
FB O R AR 4325 05 ¥ AN ] L 90 A U B 4% dilt B
) o R SR S, LR HE R SR S R T T AR
ELIE R PRl B0 25 B A% G2 10 7 B bR i B 5 1
HEHHLE AR SCH T B-LSTM + CRF + S-GAT
PR SRl BB D 2 B DK GA'T R FH 2 NLP L 30 R
ANEKAE R B A EARAEE IR BT AT SSGAT K5 58
TE T AL e i 2 1 B8 5% Ak Sy TR B ds S IR AR L
AF T B4 1) 3 Sk /) K A L AR KOG R Y
TR A B T W S RS A AR A AN (R
MR i R AR A RO R 5 A R
SCR IR b g T PR SRR, IR 2 T PR b O
Hr. A SCE i A 48 A Bi-LSTM + CRF +
self-ATT 5 5 AY MERH R 5 T 0.064,

T8 SO 52 0 P RN bR T A 18 SCPE L AR SCHR
AR AR O R BT i b A A — BE R i 5O 2 D AR
T 7 R B L R SR A0 3 B A L s S
R 1 T RE 56 b 3R A R S E BN R E R T
2 VR 0 B R . 2) ik O 1 Y B B B
R 5 3 D0 R PR B 45 R 2 ) (O ik i IR AR
HhCTA]) 1) AT PRLSR OC AR Al B 3) S 56 B4 Y ke
B DR G R T R AT 20 OF IO 1 B8l dE 4 D, AR
SR AT.Y R SemEval 34 4 J5 19 52 56 % 98 16
HAN 22, N AR B 5008 B A7 70 B 8. 52 3 3
NSNS SSE S N = R S WS B (R E
WD RERARR R HE R R,

AN GAT v &Y 328 B 23 52 i DRSS il 39 2%

R BRAR SCR AT A1 AT B O o T 23 SR AT
V] g T A S Y 1 P21 2 47 T 5. 2 — 2 4 J DA 2R
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