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Causality Extraction With GAN

FENG Chong!2 KANG Li-Qi'»2 SHI Ge!? HUANG He-Yan':?

Abstract Causality extraction is of important practical value in tasks such as event prediction, scenario generation,
question answering, and textual implication; but most of the existing causality extraction methods require artificial
definition of patterns and constraints and are heavily dependent on knowledge base. In this paper, the bidirectional gated
recurrent units networks (BGRU) with attention mechanism are merged with confrontational learning by leveraging the
confrontational learning characteristics of generative adversarial networks (GAN). Through redefining the generator and
discriminator, the basic causality extraction network can construct a confrontation with the discriminator, and then obtain
a high distinguishing feature from the causality interpretation information. Our experiments show that our approach leads
to an improved performance over strong baselines.
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Fig.1 The structure of GAN
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(Bidirectional long short-term memory networks,
BLSTM), %8R B SR 5 7 A0 BE T 2 AR 5
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ter, FAIR) 2!} Wasserstein GAN (WGAN)[!9 5]
A Wasserstein JfE, PR T U2 AT & 1Y n) L,
WAL T — AT FEM IR IR R AR, 1T WGAN 1]
H A7 U1 5 R X A e S0 e 3 2 1) . T, Gul-
rajani 25120 321 T AR G £, BT RS
v Lipschitz W 3, SAEBT# (Weight clip-
ping) UM EFET] (Gradient penalty). SZG R
Bl WGAN-GP #8108 0 42 = Il R, ok 1506
WGAN WS tg i mji. %7 WGAN-GP i
#, AR WGAN-GP il 407 .
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The overall architecture of the model
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Jiif]: The (el) arrest (/el) has caused an
(€2) outcry (/e2) of indignation among some in-
dustrial and political circles in France.

KR % R BaER):  Arrest makes outery take
place.

#14]: The (el) arrest (/el) has caused an
(e2) outery (/e2) of indignation among some
industrial and political circles in France. Arrest
makes outcry take place.

K ZF: Cause-Effect (el, e2).

R R AR B Tr T, PR R AR AT PAG
Cause-Effect (el, e€2) Fil Cause-Effect (e2, el) W
i, $855 R IR, a8 o EE R, A SCRYRER %
B A 45 B ] Xk 9 28 B 7 Tl AR H I

FEAGETRMI P 2R 5 28 18 AR TR 5 SR X ) 1] 9%
TGER B TCA 22 W 4, BEAS O ARl DI 45 1) 224 DL [
3. Mg mAJZ. Wi, BGRU 2. #R )2
PAR B th 7y KB M. Hop, e — 220 IE W
AMERILEE, ARIF et WA Z R TR AL iR
a7 5 AE 1 2% r ] g 2 R SN R 4 3
i, JEEEAS BRSO L A ] o] e, A1) 1 A SR
A4 T B O AR AR [ R O B R e o e A T
BGRU JZ, —JH, GRU & LSTM pg— A 48f, 5
LSTM — £ BEMS ZEMAb BETH By )L, ) AE A 32
I GRE R 5 — 51, BGRU % # 4~ GRU (11
W2, BEREARIUF 5 B SCRIE R BrbhEd )z
FROALBE, o 25 R DA 31 B 1o 2 A AR A

BT HEREIWHAEF S 255 ERAERK
FETHER, AR SCHERAL P I AE R I PLH]. R Z

SEATR R0 70 SRR HE T SR AR AE RS PR 2R K R 70
A vEMEAE R B L. SRR )= i A
2, 1l H #7434 BGRU E#ithaa [hy, by, - -,
he] BRI, Ho T 3R 7 KIE. ZF RG]
A5 v K Sk Y o) R A ITRCRIAS-5).

M = tanh(H) (1)
a = softmax(w™ M) (2)
r=Ha" (3)

H, H e R T dv R, w 2%
Wi E, wt 2w MEE. FEAR OB, AR
U5 R R O R 1 s AR A B AR AR [e) A

h* = tanh(r) (4)

B e, P25 BRI T softmax 245 R) 14t
—Nark.
2.1.2 FIFRE

HIH B E GAN g E BN —, 54
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Fig.3 Bidirectional GRU model with attention
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ObjB’C(GB,ec) =
Ewyy)~data [J(C(Hp (2 08);0c),y)]  (5)

(
Hrfr, J(C(Hp(zv;05);0c),y) R HABG AL
i) A o ZEA A B 0 AR BN LA S v HRE L
(CEE
XF D 2R K RS AR A B 2R, R A
A, i i e/ MEA SRR R T

Obj"(0r) = Bz, .y)~data [J(C(Hr(z,;0r)), )]
(6)

T 2R B AR BRI PR SR O FR 3 oA Y 1 A
/ML (5) F1X (6) MU FE. W T B AR AR A
R R IG AR L S [m] — A3 8%, FrPARRIE i —
G — A RHIE 23 [A].

G2 J5, BABLRFN A IR R AT 55 4 Xof
. FEXUINZE T, BT eh B AR N7k, A
SB35 R ACH

ObjD(QD) -
Eqzy~data [D(HB(Jfb)§ QD)] -
Eq, ~data [D(Hr(2,);0p)] +

YE(zy,2,)~data [[IVeD(exy + (1 — €>xr)Hp - 1]2
(7)

PR B YI Zx H b DU A PR 20 7 Y
EM Hig. HH, Egndata) [] FnBdmo M9 E.
Xt 45 oA KR O SR 0T, 2K Lipschitz 25300
Z ISR T 15T .

FEXTHLIN R, EABT A YIS H b 2428 1%
7] A1 SR S 28 8 S ASE 2R 7 A ) AR A ) A 30T P RPALE ]
O, [ E R R R SR A R AR S AL,
DAL A B A5 0 EM BR8], [ fe)s
LAY [ 52 SRR K

Obj®(0p) = —AE4, ~data [D(Hp(1;08))] +
E ey y)~data [J(C(Hp (25 05)), y)] (8)

o, X TP 2 R R B AR AR R A . 7E
Xt grad g, A S (7) A (8) 4Bl g5
IR ALY, (i S AR R ) B AT 55 4
fEHE A B ) L RIS AL, BB B AR 5 R 2R ¢
F TR RS B YRR 10 5 2 R, R A AR
RE 4P R3] v DX 23 B 4 DR SR 6 R 0 RARRAIE. B2l
Gd WA

BN DIGRBEERN R 5 R RS B

Wit . XFPieE ) e R AR Koy 28

BB 1. PG EE AR AR IR K R AR .
MBS (5) F12k (6) ko 3IRIER1E 05, O F
0.
7 2,

Ni

PEATXE LR 3 (7) PNZRFmIAE
A

£ 3. HK (8) MIZhX R AAL.

D] 4. FARIEL FP R 2.

P} 5. FIRETR.

3 XIE

ARSI SE R T BGRU A 3R 56 R Bt A
NG XTIk, Fﬁ'&iﬁiﬂﬂﬂﬂ’ﬂﬁmﬂlﬁfu\&‘ﬁ
A BRER K AR RO VAR FE DU o3 S 5. FERT 4T
gk i, Jeitfr BGRU H I%%?%Eﬂ;&%, B
FEAMEIU AN A 2R K AR S s B AT T 2 X el
o g A PR SRy Eal B A GRU #2528, #
M GRU ByXHes 2 Rt AT Il 2 25 9 A HE
KA PRAR B B, A B 5256 H oA
GO BRI B JE 4 AR GE R R K R AU
 SVMUOT (i 28 S0 SR S5 el B g Y
SA SR I IRIIXT L.

3.1 BUE&E

i PR ek B AN 4. 1) SemEval-
2010-Task8 114 R 5k &= B AEE B R ok & 88, H
PR 5 56 22 B8 14 5 S BT JE AR SO 28 X 45 AR )
Tk 2) B L ARvEH R 52 R R R 4L
I, BiEg g4 3931 &80E, SRR LR

MEEA 2031 5. HdRER Ui W3R 1.
F 1 HdRSEREL
Table 1  Description of the dataset
SemEval 1331
HAR xR
R AR 700
EHEP S SemEval 1900

N AT VAL, RRERE I 4:1:1 B HEBIBEL
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S BONZREE . TF SR, 45 H TR
k. FESE R AT PEAG.
3.2 BGRU FERxZEUERTIIZ

FEAB RN PR SR O FR Y AR A A SR HH 1 [
R AP EWEZEH KB, AT GAN fiE
BORAERIRN, R o B 6035 R 2R K R AR
SR R SR O R B s AR A 5 AR (1) 5C R A S

FEARIARYFN R R K 2R 3 oA A 5 A A [R], #R
TR [T DGR TCAP 22 I 28, G35 A2 | [l i
2. BGRU EPAKK 2. 25 a2 0258
RIS R, R word2vec FE AL SR 1] 1]
A BRI 2 AR TR BN 2Rt 200 4k 1] ) &t
T B AR R R K AR 3G s B i Y1 v, 2
X & 0.005 § Adam ##471)1145:, batch %4 500.
BRI SRR 107° 19 L2 1E4k. A~ cfE BGRU
JZ(EH dropout, RfH A 0.5. SLERLER L% 2.

# 2 BGRU B X RZMELER (%)

Table 2  Results of BGRU causality extraction (%)
Model P R F1
B-BGRU 92.93 85.98 89.32
R-BGRU 93.74 94.39 94.06

# 2 i) B-BGRU J2 BAKAL, ALyl s
HIR AR A G5 2 5 8 1 o0 SeAR 45 21 ) B 45
K. R-BGRU 2P XA, 5 B-BGRU #i
AHIFERM 2250, {2 R-BGRU 147 14 AR RERS
R4 7 A YRR A BEUIA D 2R 6 R R TR 4. Ik
Ak BRI S5 2R ) R 2 LT 2 1) o 2R AR S
SERRY, PR AR AR A R b A R T A
A Tl H bpgik B-BGRU %23 R-BGRU
AR ) B, ATITHE 73 2R 45251 EAEIE R-BGRU,
B SR R X HT ZR A L
3.3 LR

TESR 3.2 L Im A R A AL b, R ABIRA
PR K R IR AR E T GAN HEZLP, EARIAY
UL IEAT R HONN G, A 3L AL A PR K AR
FIMEEARATENRT). SLIRETR LAk 3.

3 RN B AR O G5 )5 04 4 B4
FIHE GAN HEZLR 5 FUBE R X 27 2] 2 5 R
GER. SEIGZEIR A, GAN [0 2 A5 AL A A
R PR SR K AR A AT B W] AR T) . AE AR
FFN IR X HUIN SR, B 27 2] 350 107° 1Y
Adam FEATIIGR, XT3 (8) Y-S EL, WA A
= 0.2.

F 3 GAN HEZU AR X R AME (%)

Table 3  Causality extraction under GAN framework (%)
Model P R F1
B-BGRU 92.93 85.98 89.32
GAN-BGRU 93.75 87.62 90.58

3.4 HEBE NGB ISR

e AT P 2R 9K 28 3 St A 2 i A ] 9531
R )2, KRR 1o 2 ) 3 5 0 4 AP e DR 2R 5%
AR SRR AR _E. SRR R R 4.

F 4 AFEEIYURE GAN HEZL T BR < R i (%)
Table 4 Causality extraction under GAN

framework with attention (%)

Model P R F1
B-Att-BGRU 92.91 88.79 90.80
R-Att-BGRU 94.63 94.63 94.63

GAN-Att-BGRU 93.17 89.25 91.17

F A RRRIEMATEEIZRRE T, HA
TR DR SR % 2R 3 S AR 2 T )11 25 I B e B 2 2R DA R
TE GAN HEZL R I ABAL 5 4| G X 124 > 2 )5
FFHIEE . LI AR, 4B F1(HIR% T
91.17 %, R & T3 3 vy 90.58 %, LM AL
BIHLE 220 T s

3.5 SEARERXFRHMEF AR LS

TE R K R BUT 55 B9 2 R N Tt
FHE G807 35, AR SO e S5 AEE TR0, il s
B SVM FE R0 1 (A 50 Pa 48 B aEAT PRAR % R %)
T EA SCHR H R 96 R IEUT v, ARPEE S
W) &% S5 A8 K R 56 S B0 150 B, 6 L 5% R il U 2B
TR, Fe Gl e B a4 b SEIRAS B Sl L AL

B4 S T AR R 2R ¢ R 2.
Hr Att-BLSTM J& 4% 305 B A ¢ ZR A 4%, FEA
SCERAE B F1(EIR3] T 89.21 %, TMA U AR
i GAN-Att-BGRU 1y F1 {5153 T 91.17 %,
K RIS LA BT

SLIGEE UL, AR GAN X BTl 2k
AL R SRR £ B B R R O 2R 1 i A 2 v 2
TR XK BERG R AE, 8 a3 L B A R
FEVER, S, AP IIFE GAN fEQL R &
TR R [ G R TR 2 N 28 B T R ST
EREA SCER B AT v, SRS T A A EU
B
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Fig.4 Comparative experiment of different models
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0 | 67.79
61.21
w00
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&
=40
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SVM Att-BLSTM BGRU
[l 4
~
4 ghig

AP —F GAN XFHUHESE N Y R 2R K &R 4
BOTE, R ipli e BGRU 5xidus > FH
1, TERR K R IR b 5| A BRR K R R AT
gzli*%ﬂl. TR A 3 TRR oK R MG AR A AR I R
TR W) 2R, 15308 D FE I RHAE T R 8 &R 4
J8, MTTHR & RUR S R IGICR. Rl A=
JIRUHIAE I 3l b — Ak TS SRl A
SemEval-2010-Task8 ¥ B2 505384 E k47 %t
FESEE, Ui GAN HEZL Ny 2 1 BLSI i 8 a 1]
PEAE PR E T 28 D0 28 A DR R U 55 i A s v

R K R MPUS — T E A5, BT REHE R
KEMIEG R, dHREZAHE X TAEHEBRA
AFFE. RIS, PRAR 5C ZR A R B A 55475 TH A AE 1
ZHil, FEEZ MR TAIRE.
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