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Abstract

Causal knowledge is the knowledge of the relationship between the cause and
effect of an incident. Causal knowledge plays a critical role in the process of human
cognizing the world because it can be used for reasoning and thus influence decision
making. The extraction of causality between events or entities can help people
understand the sequence and the evolution of information, helping people to predict and
make decisions. This kind of causal knowledge discovery is very valuable in many
fields, such as finance, medicine, biology, environmental science. At the same time,
automatic extraction of causal knowledge is also a crucial step for many natural
language processing tasks, such as event prediction, generating future scenarios,
question answering, and discourse comprehension. However, due to the ambiguity and
diversity of natural language texts, causal knowledge extraction from natural language

texts is a challenging open problem in artificial intelligence.

In response to this problem, most of the early attempts used manually constructed
linguistic and syntactic rules to extract causal knowledge on small or domain-specific
datasets. Although this rule-based method can achieve higher accuracy, its cross-
domain applicability is weak, and it requires extensive domain knowledge. With the
continuous improvement of computer computing capabilities and the popularity of
machine learning techniques, the existing mainstream methods combine rules and
machine learning techniques and treat this task in a pipeline manner. They firstly extract

candidate causal pairs with rules and then use machine learning algorithms to filter non-
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causal pairs among candidate pairs. This method does not require too much domain
knowledge, but it relies heavily on the manual selection of text features and often

requires considerable human effort and time on feature engineering.

To tackle these problems, we formulate causal knowledge extraction as a sequence
labeling problem based on deep learning model, which does not use any handcrafted
features. Then, we investigate different Bi-LSTM based end-to-end models to directly
extract cause and effect, without extracting candidate causal pairs and identifying their
relations separately. Besides, to address the tag class imbalance problem in causal
sequence labeling, we propose an end-to-end model with Focal Loss as a loss function:
Bi-LSTM-Softmax (FL). Experimental results show that the model can effectively
enhance the association between cause and effect and thus outperforms the baseline

models.

Keywords: Causal Knowledge Extraction, Sequence Labeling, Bi-LSTM Networks,

Focal Loss
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B 1E Zip
1.1 FABREEX

1.1.1 IRER

PR ARG “FiE A7 AR, BT — S R AR AT 5 e R4
RAMFIR . £ B IRE T SO P AR KR RN A A AR RR

({chest pains, Effect-Cause, mold} )

He had [ chest pains ]and [ headaches ]from [ mold ]in the bedrooms.

({headaches, Effect-Cause, mold})

1-1 —PMEEERMIRMGIE . FEFFR, “mold” ARE, “chest pains”

“headaches” £ “mold” Fri&ERRIZER

Wi 1-1 fros, AR AN E PR SCAR I : “mold” (B W) =T
“chest pains” (M) 1 “headaches” CGkI) XFERIRRAR. HHTH
SRIE T DU Z M S 2 e, DRI SR AR H AT 98 & — MR XMEMF U ) NLP
I 0T, 3 DA 1-1 5 (6] 7 i)

“He had chest pains and headaches from mold in the bedrooms.”

XN, BB, B “from” NEHRKFR: (“chestpains
and headaches” 5 “mold”) Wifilid]; (HAE FHIXNA]TFH, “from” KA
fisb AR AT PRI SRR R

“The number of applicants from other countries is increasing.”
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BUA I DR FR O VR R BAp P 2 U B0 D7 ik R - U
BLES 5 ST B LS G AR SOOI A7 A5 UG FC (4 5 AR A8 A
5, ORI IR 5 A [, Al DRy s AUk ) I 75 2K AR R, T L
il 5 AU FE B RIS TRI AN 77 o - R S5 HLA% 22 S AR GG & BT R XAEAE R 2K
EIRFE TR, ™ E AT N IR R SCRRIE,  [FIRE RS AR 2 KRN (8] 545 77
1117 HLJ5 3 38 H LA K 207 2UAC PR PR R AR St BT 55, B FL 20 Dy feade IR R0t il X
HERKAIIR QERIFRIR KRR WATAES, XA BERERES ST
AEFE, ABFERE IS TAT S A SRS AT b P o AL TAT55 22 TRl B AR S, 1y ELAig
106 DAL SRS A 25 2R AT e 2 i 21 DR R 58 2 0 SR PR RE T HL AR JUBR AR R 1M

1.1.2 fIRE X

ASHIE FE A B8 T SORLAE T B0 A G DS R AR Sl U5 YA A 18 Tl A, 43 R R
IHHUH LN PP SRR L FFE5 GRS ST BOR, S Ao 2 DR R Rl
T AR I e i A Sl B A SRR BE 77 B RIS S5 KPR B /s ik AR (9 H 15
BEAE, B5xH B Fe SRR Ja B A AR R SN ) JL, ARSI H Rl 4 sk
R SRR R AL (Focal Loss) [N FH R AL o DL S s HCRER AR, 3K
TR BRI AL ERAE 55 SIS (1 AT AR S

FESE PR N R T T, BEE LRI SR AT A e, K8 K (0 SO Kt
HH R A A ot B DA SR AR R AR 22 AR O B B . A e,
NS E AR = G L EST U ERE e A PN N IESE S ARG T PR SV 1 E ) N S
T eeees ), AIBTERMS A ERSTHIEL HT P BUR iR S
CRAIZ IR 2 T8 B RER O A (= B HiR B RS -+ B W S B R 7,
NEERMZHS . FF, DIRFHRIBOT T2 B RS 5 LB S H2A T
BRI 25, B 5 SRR, e A, SRR T, JRA A eI K
RA AL RO,

ZR ERIR, ASHIE TR 5 T AT SR R AR o B R .
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ISP G R R AR S VE AR R, 2 OCER21B K, =
JIE TR S = 0 2H DA 3 B el E R R H o AR SCH IR = ek RO
HARE S SR FAAE R R R AR, R0, RSO RIR =640 (Causal Triplet)
SR B X (LR st v B o BE B R

Causal Triplet = {Entity 1, Relation r, Entity 2} (1-1)
Hr1: vr € R, R ={Cause-Effect,Effect-Cause}.

PAE 1-1 D9, Jebfgi &) pir Bl 2 i R iR a] AR AR = o k3R
{chest pains, Ef fect-Cause,mold}, {headaches,Effect-Cause,mold}. Hilt,
AR SCAT DB RN A AR = e 4 A DA R SR R T AN R SR Rl o) D
MNTAEF 7 A3 . BT PL BB &, A SO RUR R0 R Sl BOR 29 9 — A e SRR )
A, IRt T B RUIRENRARE 7 SORIA B B A R AR H . R %
() AR, AR SCIR AR S 25 2] 1) — e O VAN ER G5 ko, e KPR 2 el
AETARRI RS, X E R 5 SO B R AR R e .

HARTE, 72 BEER RRARETT AR 2 5, AU IR SOATE S
A5 B R S 223N R —— K R A2 P 48 (LSTM Networks) 415K B 424 HL
PURANR . BEAh, ASCERFFL T 2R Bi-LSTM W45 (1 Blu s A, DAHLAS
X PRI SR AR B ) e R 4 SR e SR, E R FH DR SRR AR 7 AR 2 5, A&
SCR IR T R SRR 25 R B iz /D T AR PR R AR 2 IR B0, E R S AT S 56 (1 i afs
frf, EEEFE (“B-C7, “1-C”, “B-E”, “I-E”) HIEHERLZ (“O”) Mtk
12979 1:28 UL~ A AT 43 A B 7 (0] R R] e 2> s M ASE Y (R PR R o R Y
FIFRZEHAFAE I SR AS T e @, ASCE UCRAE HARK il (Object Detection) 45
BRI (40K R L: Focal Loss N H 3l H2AE 5 A BEAE % . Focal Loss 18
ok} JERAE SURGR R BRI FEL AL, HISS T 5550 KFRZE (well-classified tags) X s f4
TR BIFEI, FF DR LT 5 A T I S5 — L0 4 25 AR %S (hard tags) . A SCKEJE 18 3C
HHFF) 4325 Focal Loss 18250~ % 43 2% Focal Loss PAN T4 5 o i IRHR e 51 B

f£55.

ARSI BHT RN L OTER E EAE T LR LA
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(1) ARSCE A FH R P 5 2 BORRAGR LR SCSCA A (1 DR SRR ik H i) 7t
B KPR BERLIR D 1 R Ak A A SCAUE A TN 2Ry B3] [ B AR 9N I 3.2 749D,
FESEPL T B AR 5 AT R AR B RO

(2) AEARSCHTF IR R ARAREE T 22840 b, AR SCGEWHTT T 2 M+ Bi-
LSTM 2% {1t i 135 AR ARG A, ASCEL AR RR S ) e R PR RE

(3) AICEAEH Focal Loss Fff o R F 7 H1ARVE o H R BR25 28 0 AN
I @, 4R T —Fh L Focal Loss Jy4i 2k bR 25 ) o 21 g PR SR iR i HORE 22 . Bi-
LSTM-Softmax (FL). JE#&SLEss KRBT, A CHEH PR ENAS T state-of-the-art
IEE

1.3 WCEBEAALE

ALK TN EEANEZHUT

B k. AR TEN ARSI R RS R T
AR SCH) T B TAR R BT A Tk R B Ja R SO B AR B R S A kAT T
Y.

B MRIARESGE . AT EENGIFr 1 20 FE N AME RER RR A
AU AR T FT AT

= RERARANIU % AR BRI IR 1 A SCEE SR R0 R R H
IR AL KK RO

SVUEE: IR RTE R R o ARFA T ASCHTREAT (KB DR KR Al
s, Jfas 1 ARSI B SRR A R, SRR R SR 45 RBEAT AR
WM

BRE: FERARIMIA S AR L ZANG T ASCLIL — A BRER AR L
ARG, ARG RO R SR UL AR A DI fE

WNE: BASRE. REXNECHIF TARE R RS, RN Tt
VER AN R Z AL, IExT R 8 TARE i 8
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£ 28 HXIELRE

AR EE ST AR DA R SRR S U AR O T AT, PR il ] A PR
S HEAT Fe AR I 20 R B K a2 R X BRI 78 TAF 70 B S 4

2.1 TR A R AR M BT %

e W S PSE SRR VAE i BV R P NE 2 €:1L0 s U WS/ P R S ARy BE M4 €7 S wt
N P S T8 SCIE, - &5 SR T8 AR 5 5 SRS SCRFIEREAT 1R
FUULAC R B A R R

Khoo %4 APHEIE A 25 2 MR VRIS LA SR R SCA TR
GVH, A3 T 4L AT LRI SRR A Lt AT S T — R i
i 2 AT SR DL 01T MU 9B SR L 0 4 R
EX/\?}EO

FEBTT U, Khoo 5 APLE I Al LAFE7R AR K A sl U, BT
Hos e SCAS A FEAT A UG Bt L A A BRER AR, HORS i R iX 2 68%.

Girju 5 NFIME 2R 5 SO P i A AE . < NP1 AR ZhH
NP2 >R R KRN, ARG R ] — BTk 1 LA AR gk PR AR 5 28506 ) 73
DNIRIER 9% 22 BIAR PAR 5% 22 DA E HH PR R R

Ittoo A1 BoumalI5g i 17— Ffr e 3a 1 . 3% 70 M A AL SR O SRR ) AR G &
XHMBUT % MATTE Je MAESRE B R EAL S DRUR S &R (A0 il B HE DR R 58 SR ABE R
R P I AR i 25 il AR SO R B R R G &R

TR NOIGEH 1 — P T HAF M BIER R R LM 7%, FHE IR K
F BRI E I RIE T ARBER AR, BB, SEIL T — ST S Bk A
i SR R a0,

22 T AN LRSS A B RARMET
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BTN LG ST HORA S & 107 1 2R LK £ (pipeline) J7 AL B
DAL RFIR S OX A 55 o XL T5VA 18 S iR 0 B — S 2 2 n] il L m] e BAT A
RRAMRILETEE (BELR, ) X, ARG HRYEE ARARF b BcE R git
RFER P A% GENL AR 2 2] SR R PR BEAT 7028, LAIEBRAEDR R SC R %

GirjulSI7E — AN 7] 25 2 48 b A FH 3 1 ] S fink 2 1] 1) 00 D) 249 2R Re Sl B 9 S0 S A
FRIERSC R, ARG C4.5 YoM Syt Ix Be i IR R o KA T /0 2%, Sl
T T3.91%IIAE Rl

Sorgente 5% NP HITHURE SCIF (0 R R S v e A SR DR A%t R 8 Y DI
Wi A AL BT R UEBR AR R e &0, HAGRAE B A B 2-1 B

EEFDESR

v

SEHNIHHER

v

MHERS %5
PE

il

2-1 Sorgente ¥ AHHENE R AR B LR IZE
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f£ Sorgente S¢ N K TAE, AATTH Jok & A1 &) o2 5 58 TUE LI
RAg/~iA (B4n: cause. generate result in. from?5); A <4 H Stanford
Paserl I 2 A AT WAF AR 0 M, IR FH T2 SO AR 9200 D) ek B S e a2 1 A
Foxf, FERCCLE 1-1 fle) 9, A B g 2-2 pos:

prep

conj

m m cc m
He had

chest pains and headaches from mold in the bedrooms.
2-2 BlRIMaIES HhE

FEHERE E, NTE X PLUE 3 2680): (“S” IR~ Sentence, “C” F 7~ Cause,
“E” IR Effect, “pobj” RRMFARIFENE, “prep” RonMiagif, “conj” £

AN IE AR
pobj(S, from, C) - cause(S,C)
prep(S, E, from) — ef fect(S, E)
effect(S,E1) A conj(S,E1,E2) - effect(S, E2)

G, NH BL B R A AT b B 0% 2R Y A) 1 R A AR R R XS
(mold, chest pains), (mold, headaches); g, MAMEH—NRETHRIC, & X
AAFE FVERFAIE () DL 1793 2 R UE Bk DR SR 5 2 R e 5 3] 6F

FESCHR[10]H, Blanco %5 A 56 N IR H AT g g i IR ok & ) )k g e 0—

— AT A AR LA T sk e DU A L R R SR SR IR 1A] A - “ because ™\ “ since ™
“as” M “after”, IR AL R FER FLENS AL E SR B SCA 2K, DLUERR
AR ARRIR R R OCA . AR ITETIEX 70 BIR K R H ) Cause A1 Effect.

Zhao % NUMHEE oF B A) FANEMKAESS M AR SR Hh T —Fh 4208 “ R i
#2177 (Causal Connectives) HIHTHHE. 7E Zhao 25 NI TAEH, A1 Jefii il —
AN TRV AT 25 R RT RE R IA DR R OG R M ik 44 R MR A 0, AR5 S RES S
2R DUy 2 5 30 8 £ A ARFAE Xof 33X 2 ki 42 1) P 6 8 X A T 402 (HL R At
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HI 1 TVE X 4 R R 50iH R #) Cause F1 Effect.

Luo &5 N2V F TR SCIF 1) PR SR 2 2 1] AR RIS Y 28 S AR TR )2 (LR /N
9 10TB) i LB R S AL, FFguit IR S, SNSrEsLat B —
FhEE T 5 H A% B (Pointwise Mutual Information, PMID) 5 I REA Fe br Ry &
AN BAR] B T R BRSO Z A R R SR o Luo 48 N IR fabran 44
“Causal Strength” (CS), CS E5 PMI ML, (HIHXF RS R (1 RAE fE F1 4 38
T PMI. CS HIENER 7 A7 0 H T4 XS T cause i M1 effect j,, WoZEAE
PRl A 78 23 PR R AT R 2R E e

oy _bGclie)  p(cie)
Enecller)e) = paie) ~ 92 GopG)

PUelic) _ _ plic le)
p*Ue)  p* (elp(ic)

1 CSpec(ics jo) NLENERIT, CSsyp(ic jo) NFRMMERT, a N —HSH,
SCHR[12]H BN 0.66.

(2-1)

CSsur(ic,je) = (2-2)

TE5E SUIF b BN R T M Fe R 72 S5, PI5E LCS (i, jo ) U -
CS(icrje) = CSnec(icrje)ACSsuf(icrje)l_l (2-3)
S A — AT SR

Sasaki 5 NUEFXS SCER[12] A Ge it IL IR A 41, Z2m& 21 3kik (-
tired — give up WL A tired — give, tired — up) X— [, FiE LIF £ iR
R, FEAEM O G TE LI DR SR AR 2N 22 R Ak 2 pE 2, AT B A ot
PR R o B A H At

UEAb, A5G S N 1200, e ZETVAE N Kt = 1 8] SR O Rl EUEFG A A of 44
720 B P R AR b Il @ (R SRyt A 38 A B, PRI PR SR G &R )34
O, EHFE R AR R EREE AR, RN

(Conditional random field, CRF) SRAfHX H SR1E 5 A P FARZ (A7 1 ) BRLR O
Ro

2.3 #ET RNN KIFRFbRES &

8
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TERMZ ML (RNND, Rl KRR eiZM 4 (LSTM Networks) T 1]
PAFE4r B 8 SOAR I 5 B 5 R XXIREE G R, MO Z M T BRE
FAIESS, IRV FPAIbRIEAESS (Fan: T PERRER, dr 44 Sefalml e, 26
Hefk291) HHELAE T state-of-the-art FIZIR .

Tk, EENREHFIR TN I TR LSTM W28 (B RNND X Fh4h
PSRt Bl e, DASRE s i AR 7 SRR AR 55 P IR B

Schuster 1 Paliwall®% 2 H 7] DL [F] I 2% £& Hi [7) A1 5 1R 45 S5 19 X [F] RNN
(BRNN) . Gal 1 Ghahramanil®''# 1 T variational dropout, A~ [H] 3% i [
dropout®?!, variational dropout A FJ#E LSTM W% 2 (1) & — AN [A] 25 E R
dropout, &R LAY dropout B T IEFA L ITIK N #BIER: b, AT SE 4 M iy 1B ALY
G o FERFFINREARSS AR AE R A R R ) S, Al Huang 4%
AB3, Ma il Hovy?8l, Lample ¢ AB4ERf A LSTM W% 4, i&fE LSTM 22k
i CRF JERICE MBI RN )T 00FR2E, LA S8 A A1) 7 200 R 2845 B
Ma Al Hovy!?815 Lample 5 A\B43ik 75 71l i G R £ /2% (Convolutional Neural
Network, CNN) BSURI LSTM W 464 St )7 7545 B gm it 7 A &, X FETESE
FRE A G R A G, R E R SRR AT 55 R AR AR R I
Segaard 1 GoldberglPVet % JF HIFRIFAL 548 H T —FhJE T Bi-LSTM 4% (1) 24T
%5 2 gk, BRI R 2 MRS (e R PERRVE . dr 4 SRR S BRE ITZR
A, HAN, Zheng 55 NPUMEHRL s B 45125 R 2L (Bias Loss) 1E A4 45 5k ok 4
FIT LSTM JF AU bR AL v, DU 5 ST A4 288 R0 (14 [ B 1 555 TG 2800 252 PR s o

24 5 RER

ARSI I BE AT AR U FC RASih PR SR AR A VR AR AT G F A o, i R 58
AU 1) RIS R RE 2% 75 KB R, [ I 1) 8 RN Bl Rt TR AN A T . g L
AT A7 AR DT FC (14 75 920 Bt A B BOR =y, BIAE 5 AR B i A i i ™
TG, RSB R, s S S AR R AR B AR B 2
P, X EARFEABLSEH

BTN S5 AL gL A% 5 >SS A A DR BRSO 3%, 4 DR R0 R Sl R 7
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IR R RIS R R 2R (EERARRIRXS) A TAEST . AIXFARK L5
FORIEOCAS T PR AR, BEAR AT LR TR i A IS 5 T A PR AR 55, 4D
NAVIE T P TAESS Z BRI . SULFEI, 3T TR PR RE R = 1%
BRI N TAESS, AT TARSS A A BUEAT R TR I R BHE S .

fegiblas 5 2 JHEAEAE AR AL AR b 75 EEAE 2 KRN 18] 545 77, IXFERRL A
PERERE ™ EARM T N TRt . BARBIRER AR BUE S5, | 2.2 A,
WA E3E, JPEE R IRERS UG AR A 1 SRR ROAFIE, X
SEAFAE — AR EL BT B, XE LA B R SCHOTER 2 1E B S ARMERE X SO R g A
RFIRAE RO, Besh, TRt BI A R AR T et RFAE, JF A CS kil
BOCARZ B B R R SR B, AESEARAT B VRS T — DN AE R i, B SE IR AR 41
BT DL BRSSP o] DL R B DR 2R . 4R, B gyl 2 3V P 1 o &2
B, WABEPRIE LG TH45 tH AL IR 5 w] DAHERR TG iR 3 R AE PR R G R ——[]
RRFZGIIR FAM L ESRE ™ # (U1: Cause 5 Effect 75 2 LE I [H]/4% 8] L
S,

AR T HRENLA 75, IR R AR GE R R KRR 186/, W LA
H B R IRRFAE, R TRAE TR, W4 NI [A] . 223l BL_ B pr A%
J&, A A G DS R FIR S T 2k AR A7 AE ) TR, AR SR R R R KR BB 20
BT URPE S ST A SURRIE R, SR B AT DA R BR B bl D Rk TR, ST DU
A RS PR R RN A

b F TR AR SO H 5 T FEE 2 R R A R SR B
P TR
2.5 RE/NGG

AREESENE T FERFR OIS AR S FCHUR, VERZI2E 1 ISR R k0
WOV e Y B R AR FT, SRJ5 R | 2T RNN #5475
FURRELL R AR 5T AR, G4 2.4 W 5008, f&l 7 ASCsel
PR R AR S U T AT 2
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£ 38 ERMRMENGE

REEAENARSCHIRZONE, 8 SN HA ST R R B AR bR E T %,
SR B B — 6 |92 A P A PR B 70, B i VE A 43 AR SR HA R DR SR e it
A Bi-LSTM-Softmax (FL), PAA Hrb i) BARLH S .

3.1 BRFRARET 2

R R RRSMBUA L — A PSRRI 1), A SR 1 — B R ARARE
Ji%, B 3-1 B — AN ZARE 7 %85 1 52 BEARE Al -

Input Sentence: He had chest pains and headaches from mold in the bedrooms.
Tags: O O |B—E I—El O |B—E| O |B—C| 00 O

v v

Final Results: {chest pains, Effect-Cause, mold} {headaches, Effect-Cause, mold}

3-1 =M EEMIRERG

R 3-1, ARSI B MAR%E, DA R =Jedl. hrss
“0” IR “Other”, AR LT N #18] ANJ& T ) 7 Hh AR AT — AN LR
=t BRTFRZE 07 A, HABARE AN ER o Ak RIEARN R S
BRKAMEO . RIE Reimers Al GurevychPOF I, ASLHEBET “B” (Begin)
A 17 (Inside) XPAFHC S5 RE R BIRESAAP A E. KRMOATH “C7
(Cause) 1 “E” (Effect) XWFL 5K~ B, AR RERIRE T 3t
H 5 K% “0” (Other). “B-C” (Cause Begin). “I-C” (Cause Inside)~ “B-

E” (Effect Begin). “I-E” (Effect Inside).
NHIASSCRAR 3-1 9, k0 U B R R R RS T %

3-1 # &) : “ He had chest pains and headaches from mold in the
bedrooms.” A EWHNKIE =Jud, B {chest pains, Ef fect-Cause, mold}F

11
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{headahces, Ef fect-Cause, mold}. HH “Ef fect-Cause” FTiE LK FZIEH
(AL RIFGER R IR, Hid “chest”. “pains”. “headaches” Fl “mold” ¥

S ZahBai KA %, B, MREASCIR B R PRERFNRARETT 2, AT PR IX

S8 BRI AR R . . BU3A] “pains” 4 “chest pains” H ) AN ERLE],

HEHER R =JuH Kk RE (Ef fect-Cause) M FIH K R A A2 Ef fect,

B CLHARSE Y “1-E”; 543d] “mold” H9% R 2 Cause, #A]R HARZEIRIT
“B-C”. HAth HPRIR =0 H R A BRI BRI FREN “07s

LA_E B 1 D e R B NV ) B J8 D SELOx L A AT T R TR SRR A ARS8 7
F, N RS B AT MARSE 7 B o i 25 45 R, BRI = e

MK 3-1 HEIREFHI Al &1, “chest pains” 5 “mold” Al “headaches”
5 “mold” ¥R IZMFE KK RER “Effect-Cause” (EIRTRIGH, "M H
MEAPRREARF D Rk, ASCRT BLAg ] &) iR K A e, A 3E P
R=Jcd, WA & A&4 R {chestpains Effect - Cause,mold} Hl
{headahces, Ef fect-Cause, mold}.

T EERN R AR, ASCE A R BERC AR (EAE
PR —REZRULZH—REFEL, EERRR (P SEE A ZSKE B 1)
Cause, [FIIN A 254K C 1) Effect) VLI Z K2 R K RAEARHFILHEZ
N, AR SCREAEIZ AR O R XA o SR FIR ST FeAF v e 2 AR .

3.2 i 33 A R SR S TRk R Y

3.2.1 AR AR

TR (word embedding), HAEFR A 1A NK s, AT LA KB T ARE
TR SR BT 115 RS B, IEFRE A5 TN Sz RER,
L4101 R IR (one-hot representation) Lk, word embedding /& —FIk
% BRI F R T . BUE, 0 word2vecB8IAT GlovelPOUX ¥ i i Bl 25 T
o CL B A F 9 B T BTN SR80 FOiA e D) S22 B T E ARG 5 BT 45
e

12
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mFAANER 0 NP, BIS = {wy, wy, ..., wy, b, WA E il
e EIRARIEH O T ERENE, B S RIS IR w; ey — A SE{E

% e;:
e; = Wembyt (3-1)

Hrp, wemb 3y embedding #iFF, HA4EE RN d XV, d NiElMENLER, VA
WRBER RIS, vh R4EFE NV I ZRiE (one-hot vector). Fii N\ 18 &) %%
HN—SLHERE embs = {eq, €5, ..., €, € R, AR T —)Z,

IPRAE PR S AR ST S5 I RBUR . #R4E Reimers F1 GurevychPO 1L, AL
#64% 1 Komninos 1 Manandhart O 5l ZREF i 1] [a) & b AM I T 455 ) B 12834050
PP HURREAT 5 45 R F2 AT BRI, HASFH 524 Im) B B AR B 5 e e, 38 pn i 4
AR, WA SCRIEREA I 775 ) . 120 1] S A 4E 9 300, FRER
KN 20 AR BB SC AR B BRE R ZR TR . S &SI gl [ & 7715 LT,
Komninos 1 Manandhar 7£ Il Z55] [a] &I B =5 FE B A 1) F U B2 ANEHE T
SCRHARAEANEAE B, DR E IR 18] 1] S A F) 143 AT 55 B e 45
B0, FERZHTHINREATS GRMERRE . SR A1) 3k
TIRARRIB,

3.2.2 Bi-LSTM &

3.2.2.1 LSTM ¢

KELTICAZ 45 (LSTM Networks) #& —FHREBR AL 2% (RNN) #5
B, BIEIR 7 AL S RNN R iy 1 P 2 i A i 77 AR R B2 SR IR, AR e ) 41
421, LSTM P £ A R 5@ e R R v B T S5 A A A9 L T U e Bt R A7 B RSB R
LSTM X 28 ) B2 A #4) Bl B A7 /& — 1> memory block, HH 3= A $—4> memory cell
EAC) M=HEA HEN MR e R AL CRE AT BT 5T To),
REAMTTRARZMER RN E T, B memory block WAMIMER, JFHiEd
Peikiz FAEH| memory cell FITEHT. &l 3-2 ffion vy LSTM H e E 2251

13
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A
Ci1 W St
Tt
o o tanh
”"j bf "V,‘ hi We bC
hi—1 T 1 t J
A v

3-2 LSTM BT ZEH[E
TERZ ¢ HH— LSTM B ooz Bt f2an

(D B, BT f B AK (3-2) REFZ D t — 11 ZIK) memory cell
fofe R (B C,y) TTLAZARE 4T %) ¢ (¥ memory cell H.

ft = oWy lhe_q, x¢] + by) (3-2)

(2) )5, FaANT i @ AR (3-3) hEfA 2 2MEE (BRI C) TR 4 HT
i % t ) memory cell.

ip = oc(Wilhe—1, x¢] + by) (3-3)

(3) Bk, i (1) (2) AR (3-4) . (3-5) WitHEHRFE#H t 17 %] memory
cell FPIRZS .

C~t = tanh(Wc [ht—ll xt] + bc) (3'4)
Ce = f;OC, + itGCt (3-5)

(4) &Ja, HHl] o BT A (3-6) gL 2T % t, memory cell 5%

14
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AE B LR RSEURAS he o
h; = 0,® tanh(C,) (3-6)
VL AR x, 5 by 43 WIS Z] ¢ AR R B AEEURAS . o RITRIE
B sigmoid ME, © RKRAMFFS. W, Wp, W,, W, #BR W% AL E R R,

bi» bps bys be MARIRE 7 &

3.2.2.2 Bi-LSTM

FEARZ 7 BURREAT 55w, G R AT DATE — AN 45 58 I 23R BUE Z R AR K5
B BT AR RE M e MR T R AR H A fi 1. (H5E, LSTM Bt i Bk
A h AR E ¢ B2 K ¢ R R AT RS B, T GVEHS ARG B . A S e
B FSCE R, ARSCATEMER A LSTM 4% (Bi-LSTM Networks) 31, Bi-LSTM
[P 2% 1) B A SE AR A A2 0 A — A 4 43 A — AN AT 1) LSTM I 28 il — 5 1)

LSTM f%, LISKEHARAKBERARA: hy, he, BJ5EHEREPABERR A

HPARI %] ¢ (LA b, = [y byl
3.2.3 ET Bi-LSTM W41 CRF 42558 i B S 40 R fh B Ay

3.2.2.1 CRF

FAFBERL7 (CRE) B4 L AE s 8 i 25 R ABUTAR B 58 SRR — 2R
RAEHIBRZE A, S 2 N AE PP SRR IEAR 55 o 450 — P A X NS B
PRZEFFAH y, CRFE RIAR$E B 2Ugs A SE 0 4L

T T
score(X,y) = z YY1, Ye) + z (1673 (3-7)
t=2 t=1

Hr o (yy) RALE t AARZEH— 6 4L Cunary potential), Y (y,_q, y,) W&
S8 t AL E t — 1 AbH) — 03 R %L (pairwise potential ). 75741 X 24 F 24
PREEFP A y HIMEER T I BA N A4

15
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1
pO/IX) = Zexp (score(X, ) (3-8)
58 AHHN X CRF F E AL Xy 2] B
E/‘J*ﬂ?% y*:
y" = arg max() 1080 Xnew))) (3-9)
75 PR R L AR RT3 T DA EHIR UL PR CRE, 33 Al
R4 2 0~ T R TR, AT LAk B4 R 5 I 6 AR
3.2.2.1 Bi-LSTM-CRF

TEFFIFREAR S5, AR hRAE 2 B 5 A 1R s I Rk, B4l ffi ] Bi-LSTM
WX 25 R R R A ERAR . AR YL AN A @, Huang 58 AB3EH T Bi-LSTM-CRF iX
FRREAY, ZAAE Bi-LSTM M8 =4t 5 X IBYS 7 —J2 CRF, AT B 0 )
HARAS 2 (B ORI OC RBEAT BB, IR 3R1S 2 R B R AR 25 7 971

1574 Bi-LSTM-CRF [ 514 114 3-3 fiR:

CRF
Classifier

Bi-LSTM

Word
embedding

3-3 #&%8I Bi-LSTM-CRF RYZ5#[E
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HF—AMREME T X = (00,20, ., 20} (0 A TRED, ASCE SUERE P
& X IR N E R Bi-LSTM M4 2 J5 i i 45 R, Py AR AT 88 i AN
(55 j ARAERI AP0 3ot P IISERERR N x k, (N FoRBIRAKL, k R
BIANHO . R FXEIREF B Y = (91, Y2, ) Y} CRE SR AT T304 Sl
¥

o

n
score(X,y) = Z Ay yis t Z Py (3-10)
i=0 '

Horb, ARERILE, A, RoanHbRes i B3] j - yo, y, MRA T
ISR EIPRIC, B A R— DRIk + 2 7. IXFE, fE4 ERMAFY X
IS AE NP bR PP A y IR N

e score(X,y)

p(y1X) = PSP ) (3-11)
X

AR SCHLAE AT DARSE Sl KA I W bR 28 e 471 (0 %6 it < «

log(p(yIX)) = score(X,y) — log ( Z escore(X.y) (3-12)

VeYx

Horpy Rori TR SOR X A AT RERIFR A1, i A (3-12) A3
A AR RIE A B RS . BN RIS, AR (3-13) fir B AR R B

y* =arg }[}rgi(score(X,y) (3-13)

3.2.4 T Bi-LSTM M4 Softmax 45387 B S &nH Hl BV
is)

FEHT Bi-LSTM W25 A Softmax 73 &YX — KB, b F— A iE
f: S = {wy, Wy, e, Wy} (n A, B embedding /=43 1 5644 1) 74y
W[ ERJT 5 embs = {ey, ey, ..., ex}o IR, Bi-LSTM W45 2 [R] B LA IE ) F 5 i) 5
FPE N 275, HEERZ ¢ iy BRIk SRR hee WJ5, Softmax 4
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MR LU 2 3B AL D R AR 2 -

St = VVSh’t + bS (3'14)

exp(st)

_ (3-15)
Ik(=1 €xXp (Sg()

pi =

H, W, &R Softmax fiff, b, BmENE, KT

FHA SR ZEN B =P EET Bi-LSTM W48 F1 Softamx 432 %8 (17 PR 5 0 3H 4l
BB, e AT X 2 25 3 B R A [

3.2.4.1 Bi-LSTM-Softmax (CE)

X T Bi-LSTM-Softmax (CE), 7EHIZRIERE D, AT /IME 73 2858 XA
2K BB %L (categorical cross entropy, CE). CE HJE XUlF:

m J K
CE(Y,P) = —Zzzyg,? ‘In %) (3-16)

Forbtm AN Cbatch size), N AT S K. SR04 yJ = 114,

TS5 R ¢ BORRAIE Ak, pl) REAR (3-15) B EIIBIEX TR E
F5 k B,

3.2.4.2 Bi-LSTM-Softmax (BL)

X T Bi-LSTM-Softmax (BL), fEHIZridfer, A Ci/MLZ K E
1125 B3 Ccategorical biased loss, BL). BL #& CE HIfaj .47 &, Zheng %5 A\2U7E
SEARFN G R AR il A5 FH 22 4 24 O 2 451 25 bR 50R B8 1 A O S A 2 Th] 114 BBk
P, BL @ LW

j=1t=1k=1 (3-17)
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Hrp 1(0) &M Fedept B, Hoe T

1, tag ='0'

10) = {0, tag #'0’

(3-18)
ap (ap; = 1) Z&— AR & T
3.2.4.3 Bi-LSTM-Softmax (FL)

3-4 450 T IR AR EUE A Bi-LSTM-Softmax (FL) )& 2454, 2E|
SRz LR A, A SO/ IME 2 43 S5 A0 2k BR A1 (categorical focal loss, FL)

Focal Loss ¢ F oK fiff de B By B H Fnkar il 3 e, AE U ZRIN HH 3L A 5%
(foreground ) 175 5t (background ) 2 il Bl i 215 ] 8 C 1= 47451 AT B 1) LEAS = 1:1000)
(S, ASORR SCUSI i) 73 2R A R BB JiE D 22 73 2R 48 R0 K B LU N
KR PR EAT S5

Softmax (FL)
Classifier

Bi-LSTM {

Word
embedding

3-4 $&# Bi-LSTM-Softmax (FL) BZ54I[E . #EF! Bi-LSTM-Softmax (CE) FIHEHY Bi-LSTM-Softmax

(BL) BVEEHAE 5 2 MBI ((RIRKBHBIAED

2SR LENIENEIE PN O G/
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FL(Y,P)=—§zzaﬂ (1 pt(,?) y D ln(pg()) (1-1(0))

j=1t=1k=1 (3-19)

+(1-ap)- (1-p2) 32 (pQ) - 1(0)

Hortt apy(ap € [01]) A EHWHORER 7. (1- g,?) K T
y(y = 1) NHEA =TT RESE. ER Bi-LSTM-Softmax (FL) 1, A& 3Cf#

22 07 FBE RUUR PR HSOR M Ve DR 2R P SR wh A7 A B S AT 1 ) A8 B oy SR K
2257 IH]

=

F;:"q

i

3.3 RE/NG

ARETVEGRRIR 7 A SCHE I PR AR IOV, 120775 B4 R R AR bR 7
58 K i 3 g ) AR R BBOBE B P 4y 7E 3.1 5, AT S0 VR IE T
i NAE ) BIRREE 7 51 DA SR8 7 41 21 R SR = e A R 4 7 vk 0 AR SCIATE 7836
FEH T U . 76 3.2 1, ARSI T Bi-LSTM-CRF. Bi-LSTM-Softmax
(CE) Bi-LSTM-Softmax (BL). Bi-LSTM-Softmax (FL)ixX PU i x| 5 kR b B Y
DA H A 1) ARG
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TR P8 2 ST R0 BRI (1 R SR N R U VERIE 7 4 T SRR AR

£ 45 LI RERTH

N T BAEA ST R H B B SR AR O VA B R, ASCHEAT T ORE R SES
RER G SN BRI ERRBE, FFRELIRAIR, 5T RO It PR AR A SChE
HH 6 IR SR S BB 7Y Bi-LSTM-Softmax (FL), 7 22 X AR A {5 22 K %2 73 S8R 45
KBS AR E 1 04, REARFES L 7L T Bi-LSTM k4%
P S 21 B RS il B R] R AR ) S 2R 2 49

4.1 EBWE

4.1.1 FEHERRY

AR ST T 2 B It 7K 2 2R SR R Rl EUASE B 012 g SR G g R R AR AR
Sorgente & A\PM N LT 5E SCof BRI AU 26 R 3%, SR U5 A8 DL 7 5
AR FL TP K JE KR SemEval 2010 task 8USIE 4 v (1) JE K 5 ¢ R %
Luo £ ND24RH FH K B /1% (Causal Strength, CS) X —¥ L EMEEERR ST
3 DR AR OR 2R 5 D SR PR DA 48 B R AT 8 7 o R SCAR Z B PR OG R (L 2.2 719D
N T EARSCHEH R BEXT L, ARSI Luo 28 N2 7 ik A YR T 5 750 M R
e PR OB e . SRS, A SO Sk R SR B CS 08, RS P lE
TR A © 3EAT HE LA BR AR R SR e B0, BP: 4T cause i Al effect j,, WS
CS(ic,jo) =T, M (ic,jo) RFEFRKERX, B G, je) RAIEFR KRN

B4R, AR Fe = F LY 3 B 3y 77 FU AR AR Y . Bi-LSTM-CRF[2833:341) Bj-
LSTM-Softmax (CE)“471fll Bi-LSTM-Softmax (BL)2U{E N il 42 1A Bi-
LSTM-Softmax (FL) )& AR,

4.1.2 SEROHEHE

FEASLIS F, A Ad FH AE R E B 4600 2535 A TR, FIA1K S 20 A
BE], JALE 1568 NMAR =Jud . IR E 4000 %0, HA 1000 251
s R —ANRE=J04, 43000 FEHE A ESEMBER=JcH. W
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P 600 S8, Horh 300 ZFHHE S 20— ADRIR=Jc4l, Fi4h 300 FHHE
AEEART AR =0 ZAEEE 8 B ARV S5 1) SemEval 2010 task 8 £ 45 4244
o AR SCAEESCERIOTH IARIE T v B AT E— R Z R R R Z R — R KR,
% SemEval 2010 task 8 Ay TR Hh PR A 2 41, ASCE 2 K 38 A R PR
HAREH R, B, RIS RS R,

“He had chest pains and < el > headaches </el > from <e2 >

mold </e2 > inthe bedrooms.”, FZRIZ: Cause-Effect(e, eq),

WP N “He had < el > chest pains </el > and < e2 >
headaches </e2 > from < e3 > mold </e3 > inthe bedrooms.”, F}HFIx

%%: Cause-Effect(es, (e1,€3))o

4.1.3 PErHERR

ARIAEFFEHi % (Precision, P), A% (Recall, R) A F1 {H (Fl-score,
FU ERSREHIVEEERR. Py Ry FI Al@RE LA AR

p #correct extracted causal triplets Al
B #extracted causal triplets “-1)

#correct extracted causal triplets

#total causal triplets in D (4-2)
Fl=2o% (4-3)
-~ "P+R

Horp, “#” RE=J0HNML D RpBIEETHATES .

ARSCRERE 2 BRI 7 A2 1 IR = e REE RS i UL AL — S A A
R=JedHn, PR =Je A PN — ARG ARSI T, ASCGEE AR
EREAT 10 Fr38 SREA AR Y ZORIARGE S5, DL R R AR S B B 0 45
E

414 SHHE

A R SR R U R RN RN JE AT 2 Bi-LSTM /R 2% DL Rz — M52 2Kk B
BN 24 K SRR BB Softmax 2RSS Al . A SCIm it fd F KerasSIp A
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2.0.8 RSLIIZAAY , fESKIG T, ASCAf A Komninos 1 Manandhar T 56 I ZR4F 1)
W (3.2 99, BN RS, NFEIREER ANz ARe ), K
1B G, ARSCAGHA A EFATROE . A0 LSTM M4 1 RRGBUZ KN B N
100, [FIR 4 324 ] dropout 4 0.5 f] variational dropout (I, 2.3 ¥5). A it M
FERR S VA — A2 R I L B BN 1.0 (R RE A, A F A ffb
/& Nadam®, %2>2]354 0.002. A 30K mini-batch (RN EE A 850, X T£
DRMBEBIRREE, AR ME Sy, WEN 2. 5T 2038 SRR

H SR R T oy FUR BBy 5 HIEE N 0.1 F 1.
4.2 SEUGEER

*® 41 AERRFRHEBRB AN S AR ITEE

Methods P R F1
Luo et al.['?] 0.6022 0.5860 0.5940
Sorgente et al.l"] 0.6894 0.5430 0.6075
Bi-LSTM-Softmax (CE) 0.8022 0.7849 0.7935
Bi-LSTM-Softmax (BL) 0.8135 0.8091 0.8113
Bi-LSTM-CRF 0.8260 0.8038 0.8147
Bi-LSTM-Softmax (FL) 0.9172 0.7446 0.8220

R 4-1 NAE AR RS EAT DR R AR L 45 5 Horr, “P7 kG %, “R”
NHEIE, “F17 N FLAH: RPEE—E0 (BT 247) Jint /K80 F AR il o
MEE R, B H5r CGB 44725 6 47) NET Bi-LSTM 45 fyuiy 1] vty K SR
RIS R 45 5 . tH3E 4-1 A5, ATt A Bi-LSTM-Softmax (FL)
F1AE R E T HARBAY, XIHIE AR B ITVE A R . BLAh, 3R 4-1 18R W]
BB R R AT AR (RPE T Bi-LSTM 4% v Blom A 2D A1 F-1%
SRR LAY . FETF Bi-LSTM 0465 (14 bty 2] ity 45 70 B A A0 e 45 SR 1) JiR IR T A
T, LSTM 2% J2 A] LA & Rckb i 412 51 2% 2] 3] 5 AR TE & SCA Hh R R AR i 3R
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gbAh, ASCRIL, HEA Bi-LSTM-CRF ()14 RE AL T4 BiLSTM-Softmax
(CE) Fi# % Bi-LSTM-Softmax (BL), 2 F1 {4 Al bt = & 1 2.67%41 0.42%.
XA CRF JZ 0] AR RS B MR 28 P 41, AN %Y BILSTM-CRF ) F1
HE&A T B Bi-LSTM-Softmax (FL) M EUF L4 B (0.8147:0.8220)

KB KIL, R Bi-LSTM-Softmax (BL) L faj 8] CE Ho i in i B AL
SR R SRAR B R R SRAR B0 T AR R I B R, X AR SRS LAY Bi-
LSTM-Softmax (CE) 55 [ F1 {6 ($2@%) 2.24% ), FHARELEfir AR # R PERE
() F1E b i A AR

BRI — AR R T2 46, ASSCH R Bi-LSTM-Softmax (FL) i£7E CE
LAl BRI IN T — AN A AT T R SR SRR 1, DALY 5 e 2K 5
Mg CRIAREE “0™), MR T INZRAE K HIAREE . WIERANE, A SCHR R
7! Bi-LSTM-Softmax (FL) 5 At & F Bi-LSTM W& R EL, AT LAHUE i
[ F1 {8,

4.3 sr5iie

4.3.1 BRESH

Nt DS 3 FEFTIR YRR ASE] LT Bi-LSTM M 25 it ity 2] i 455 784 )
PR, AT T IX VYRR T Cause Effect A1 S5} (Causal Pairs, CP)
TSGR,k 4-2 s

FEBEA SO E -

(1) 4 HAY Y F R 5500 7= 4 1Y Cause/Effect 5 FRr73: ) Cause/Effect #5 A VT
B}, 1% Cause/Effect SZ5) A HE AR Ny — 1EH1 .

(2) T BRI R 7 A CRP e ir B R B, an SR R = e i w
AR BLSEARHR AL IR, Wi CP SN — 1R

HZ 42 7] 51, MWTE =AM atrkE (P. R, F1), BRIE CP ERIEI E
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B T#E Cause Ml Effect FRIRIN. 25 Rl 2 fE B W0~ AL (&5 Rrp,
— L g5 R AR T B AR RO R . R U, AR T A 2 1) — L% Cause
ANREFR BN H L IEX R Effect, [FJI A — LS T0I15 2 1) Effect AN RE4R 3 HIE
it R Causeo DRI, MEERKE, HBI/E Cause/Bffect 45 RASLLLE CP L
HOESP O T

+F 4-2 EHT Bi-LISTM ML&HYimE! i E R EIR M BAR BT Cause Effect MIERIT (Causal

Pairs, CP) HYFIMLER¥TEE

PRF Bi-LSTM- Bi-LSTM- Bi-LSTM- Bi-LSTM-
Softmax (CE) Softmax (BL) CRF Softmax (FL)
P-Cause 0.8589 0.8609 0.8720 0.9109
R-Cause 0.8363 0.8509 0.8567 0.8070
F-Cause 0.8474 0.8559 0.8643 0.8558
P-Effect 0.9130 0.9198 0.9304 0.9860
R-Effect 0.8909 0.9030 0.8909 0.8515
F-Effect 0.9018 0.9113 0.9102 0.9138
P-CP 0.8049 0.8162 0.8260 0.9172
R-CP 0.7876 0.8118 0.8038 0.7446
F-CP 0.7962 0.8140 0.8147 0.8220

AN, 53 4-1 i 4s BAR L, B Bi-LSTM-Softmax (CE) A% %Y Bi-LSTM-
Softmax (BL) 7£ CP H ] F1 {E# A i+ (F1 {E 43732 % 0.34% 1 0.33%), 1M
B Bi-LSTM-CRF Ff5 %! Bi-LSTM-Softmax (FL) [] F1 {5 {RFFAZE . 1X i3
A Bi-LSTM-Softmax (CE) FI4 % Bi-LSTM-Softmax (BL) 7E Flil K 5 = o4 o
PRLER 5 2R 1 77 n) I 2 2048 v CRIVEIE R R A TOFREE), A Bi-LSTM-CRF Al
7 Bi-LSTM-Softmax (FL) FJ LAfR 47 Hh &b B 1 ) 85

43.2 Z0RERBREIE DT
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T BI-LSTM W46 0 PR S A MBI R, ASCHE (O 1 %
Sy HAEARABRAL (FL) 1R R B IUE T R0 F1 (. %40 0@
B4 25 SRR DR (CED Th R I D TR AR UK 3 AT L. FL
ARIET (1-pD) (I 34 40 WL 55 AR A R,
MT AR T A 43 FS 2 1 T

RESH y = 2 W], — AR DU p D = 0.9 EFIAN %K
VEZRRAE I IE R BIA k) BORREEROHR S 2 HL 3L 2650 XU 2/ 100 55 1T
MR R AR (R RFR I ER R kD) 5 LSRR 4
(i CHP R AR p () = 0.5 ). S50k IR T £ 5 A0 5 0 T Bl 2 492K
kT

*® 4-3 ET Bi-LST™M M4 IR Ein B RARHER BUAENIX SR LAY RS-Cause F1 RS-Effect 45

RXFEE
Methods RS-Cause RS-Effect
Bi-LSTM-Softmax (CE) 0.2231 0.3898
Bi-LSTM-Softmax (BL) 0.2285 0.4140
Bi-LSTM-CRF 0.1989 0.3844
Bi-LSTM-Softmax (FL) 0.1559 0.3414

N7 M FL B2, ASCHHE 7T 2T Bi-LSTM W28 1) 3y 21 iy
IR SR 2 PR S B Y 1) Single Cause 3R (RS-Cause) A Single Effect 3 (RS-Effect),
R UNFR 4-3 Fios.

L, AROE X

(1) Single Cause/Effect JARBLEA B FUI 14, (HASBEHR 21 L R A6 B 1
Effect/Cause [1] 5241 .

(2) RS-Cause/Effect &y Single Cause/Effect S5 H-/N % 5 AT Fim 25 5 (R
TR 2 RIR =) B8R,
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(3) RS-Cause/Effect #RAK, AT AR X A 1EmA K R = e H B = iR %,
RZ IR

% 4-3 AT, 5HAMET Bi-LSTM M4 AR AL, 155 Bi-LSTM-
Softmax (FL) [f] RS-Cause 1l RS-Effect 1%, X 1 B AL A B B A A Y A 4%
W 5E T Cause Al Effect 2 [H] S BRE

4.3.3 EHIFFAR

FER 44, K 4-5 MR 4-6 ™, ASCHRSIZE T = BAARERE T, U
7RI EEIE T Bi-LSTM I 2% 14 3 21 g D8] R MR e ORE 7R 25 B e R s

= 4-4 ¥ 1, BEfaFR Cause 5 Effect X IESEIT

I found that the wind(C1) swirling around from
Sentence 1 the back, in between the front seats, caused a

draft(E1) on the driver and passenger's necks.

True Triplets {wind, C-E, draft}

{wind, C-E, draft},
Bi-LSTM-Softmax (CE)
{swirling, C-E, draft}

Bi-LSTM-Softmax (BL) {wind swirling, C-E, draft}

{wind, C-E, draft},
Bi-LSTM-CRF
{back, C-E, draft}

Bi-LSTM-Softmax (FL) {wind, C-E, draft}

XFTREAFEG], 55— 47 N R 46 5] 1 (Sentence ) B2 H AL 5 AR = 6 2H (True
Triplets), 28 2 % 5 1T fon AR A ECES R . Forh “C7 O “Cause” B,
“E” N “Effect” MIfal 5 . ASCHEORUAVR R L0278, MO R H
HIRGR.

£ 4-4 H1, #A] 1 N Cause 55 Effect HIFRBS AN AGIE, AR, X4l
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X PRI AR 7 2] s R IR . AR, A 2 A A B8 Bi-LSTM-Softmax
(FL) Beu% se B i s b B BB IO R SR = J04:  {wind, Cause-Ef fect,draft}.

4-5 #45) 2, EflahEREFESNER=TH

That being said, I do love the game and play it
all the time but would appreciate a little less
Sentence 2 Sfrustration(E1) from programming(C1) and
debugging(C2), and sticking strictly with the
frustration that comes from hitting bad shots.
{frustration, E-C, programming,

True Triplets
{frustration, E-C, debugging}

{frustration, E-C, programming},
Bi-LSTM-Softmax (CE)
None

{frustration, E-C, programming},
Bi-LSTM-Softmax (BL)
{frustration, E-C, debugging}

{frustration, E-C, programming},
Bi-LSTM-CRF
None

{frustration, E-C, programming},
Bi-LSTM-Softmax (FL)
{frustration, E-C, debugging}

R 45 F, Bl 2 NAEENDNER=J0H: {frustration, Effect -
Cause,programming}, {frustration, Effect-Cause,debugging}. 1EIXF A
PRI AAAE Z AR = e ARG OL T, BEWS 58 RS i Ll B HE P R R = e 4L xt
THRAWER LR . A RPACIES], AHEHRA Bi-LSTM-
Softmax (BL) A&7 BiLSTM-Softmax (FL) A1 5 4> A i Hb il B 451 41) 2 b ey
IERA IR =04
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PA b AN T- #5322 B R Bi-LSTM-Softmax (FL) % HAl 3£ T Bi-LSTM M 4%
R SR R Y, AT DL AL 3 Cause I Effect 2 [HIMVERR, FEHE s
RERIE YRS (R, B4 3 R UIBIR Bi-LSTM-Softmax (FL) A 4
I A R R

& 4-6 #£F) 3, 1&E! Bi-LSTM-Softmax (FL) REEHENHE EHah IR R =4

The constant polarization voltage(C1) between

the two electrodes instigates the

Sentence 3
electrochemical reaction(E1) of the chlorine
compounds on the working electrode.

True Triplets {voltage, C-E, reaction}
Bi-LSTM-Softmax (CE) {voltage, C-E, reaction}
Bi-LSTM-Softmax (BL) {voltage, C-E, reaction}
Bi-LSTM-CRF {voltage, C-E, reaction}

Bi-LSTM-Softmax (FL) None

WMELFK 4-6 7] %1, %Y Bi-LSTM-Softmax (CE). 1% BI-LSTM-Softmax (BL)
B Bi-LSTM-CRF #RReW K il 7) 3 IR =l : {voltage, Cause-
Effect,reaction} i JC iR A B HI oK s (H /248 Bi-LSTM-Softmax (FL) &1k fE
MBI 3 H U AT AT — A RR =04, I Bz a4l 4] 3 e AR R A .

AR, iR Bi-LSTM-Softmax (FL) 3 A % ] 2414] 3 1) “instigates”
— ] SRR b DR R ] o A 0 S DR AT R A ) 3 X PR T R AR R R A
SR BOE R EE FhAR R 2D, TR A Bi-LSTM-Softmax (FL) 5 HAh3E T Bi-LSTM
[P 2% P o 21 S R A L, 75 AR 020 — U Sk o > 3 M DR SR R ) A A5
Fa

44 KNG

FERT— N8 T BRI ARBRE J7 S8 A0 PR 5 R BOASE B DL R v i I )i
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BN 5, AT L ES T ONRIEA SR B 8 DR FIR SO 5 AT 2T
BEAT FRIAH DR S 36 B 5 R I

FEAR R HRAE RS R EoR, FT Bi-LSTM W48 ()3 1 im i A 5 240 T340
KRR, i HA SCHE AR Y Bi-LSTM-Softmax (FL) BU/5 7 & e F1 fH.

bH J5 , AN 2% Cause. Effect }¢ Cause Pairs 25K 5 = o 4H B9 4H s A1 < 45857
DL K 22 53 S p5 451 2R R BO6T 25 SR s it AT 1 VRGN T, A b 4 SRR R AR Bi-
LSTM-Softmax (FL) 5 At 528 A 45 2 3 58 Cause A Effect 2 [A] 1 B

Jr s AREXS LA PR RS U SR SR B AT T 0
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£ 58 ERMEMEARS

AR B EHAR OIS IR FIR AR S8, AE R AR IR SR &
ZER . SBERINAE. ARGEHIT S AL A DR AR

5.1 BRARMEUR SR B

ARSI, T NSRRI R A R 5t Causal Knowledge Extractor, 1% R4t
SRR FUBRE LU KR 73 B PR DI BE . Causal Knowledge Extractor 32 %2 H1 LA
NIUMREER S SCARTAC BB . PP A bRiERE T . DA R it . S A7 fif i
Peo BARGHIGWE 5-1 Fos:

____
xx ||

y

AR

i > ﬁg’“ »| mEsE zsmﬂ:&t»e
s

BA ]

5-1 ERFIRHEN ARG L5

5.1.1 XCATAE AR

KRG R I SCRTRAL BB T 5, 8 e XN 5 SCE A AT 40, ARG
W in e o B o 51 (RINZRiERN R B 75D o, saRR GRS (B
BFAD FeAk oy —4EEAH B 71 DA 5 22 PR R R il S R ) A B . K H e 21 ) 4
FEA Spp X Linax> 371 Spp AFEABH, Lygy ABRERBAAK. HAKI <
Linax> WAEFHUEHIATE 0 LA R Lingyxs 45 FK 1> Lingy, WA 1 ULAC H
FRAJK Lpayx o
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5.1.2 FHUPRIERBR

PP PUBREREAE A 2R G0 AR B — MR, 2R T B SUhRIE SCAS
FAERI R RENR, 3.2 H 44 13T Bi-LSTM R 4% (0 KRy B i A Y

5.1.3 ERS ISR

AR T Z AN DT R PP SRR E S RS ORI R =Jedl, 3.1 AN 4 T
AR

5.1.4 BIEAFAEREEL

T Se P AIARTE, ICRPIR T, fe ekt i) 45 RA S A 8, ks
A7 AR 7 R I L 45 L LA F A SRS BT S ARAFAE AR ST A

5.2 Causal Knowledge Extractor &1/~

/©

® Causal Knowledge
\ Extractor

®

Input Details
Sentence ‘ Input here
Bi-LSTM-CRF Bi-LSTM-Softmax (CE) Bi-LSTM-Softmax (BL) Bi-LSTM-Softmax (FL)
Show Tagging Analysis Reset Save Exit
Results and Analysis
Sequence Labeling Results Causality Analysis

5-2 EREIAMENEAE S Causal Knowledge Extractor
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Causal Knowledge Extractor Z4i7E macOS High Sierra #:4F R4 FH K, K
H Python W FAE N RIET, B 5-24H 7RG,

R 529, RGEFHHP RN TR (37 “Show”. “Tagging”.
“Analysis”. “Reset”s “Save”. “Exit” &5 6 M%), THEFE LA NN A
SAER G X I8 (“Input Details™), TR N5 9 o FIFRIE 45 R R4y
Mril 4> (“Result and Analysis™) .

5.2.1 FWA

P T A AAE P N 0 B SR R 40 7 LG (S350,
JELEHINE B AT . 8 R P 5 OO AN B B, et TR o
“Show” (EL7R) JF, RGUAA7ERILTT 77 st A ST A SR, DA
FIP s 53 05 T RLP Se N Mok, st “ Show” SIS 1O 2 4 AL

/@

@) Causal Knowledge
\ Extractor

Input Details

Sentence || He had chest pains and headaches from mold in the bedrooms.

Bi-LSTM-CRF Bi-LSTM-Softmax (CE) Bi-LSTM-Softmax (BL) Bi-LSTM-Softmax (FL)
anut Sentences:
H

e had chest pains and headaches from mold in the bedrooms.
odel Options:
Bi-LSTM-Softmax (FL)

Show Tagging Analysis Reset Save Exit
Results and Analysis
Sequence Labeling Results Causality Analysis

5-3 APTERXABARBRRIEEEHNRERE

5.2.2 FHIERE
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FER P SE O N KRR B J5, F P By “Tagging” (BRid) 128, K
Gtk S R B P PR RS2 R A DG R SR AR Al U, 5 BOxol i N SCAS 1 DR AR
FEAbRE, FHAE “Sequence Labeling Results” FFIFRVESS B % M & H Eow 5
IFRESE R . Bl 5-4 FE 5-5 45t 1 P HbRid 45 R o AL

/@

@ Causal Knowledge
\ Extractor

Input Details

Sentence | He had chest pains and headaches from mold in the bedrooms.
Bi-LSTM-CRF _ Bi-LSTM-Softmax(CE) Bi-LSTM-Softmax(BL) | v Bi-LSTM-Softmax (FL)
anut Sentences:

He had chest pains and headaches from mold in the bedrooms.
odel Options:
Bi-LSTM-Softmax(FL)

Show Tagging Analysis Reset Save Exit
Results and Analysis
Sequence Labeling Results Causality Analysis
rord label
He o
had o
chest B-E
pains I-E
and o
headaches B-E
from (9]

5-4 FIFRERHNARGR @

Sequence Labeling Results

word label
He 0

had 0
chest B-E
pains I-E
and 0
headaches B-E
from 0

5-5 FIIRELR
K 5-5 Bon P SIRREL R e 20— 59 - B N AR A A ER], A
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FI N ETRS B IRR R A5 A, P A IE I A R 2 26 R B 5C B P SIRRTE S 2R

5.2.3 HERSHT

EH P SE T AIbRE AR JG, AI4kgi sl “ Analysis” (OrHT) #%48, RER
R R R T bR 45 R, 7F “Causality Analysis” CEEI S0 H7) X M &
R R T A R . [ 5-6 AN 5-7 45 T AR M AT 4 R I RO

/@

@ Causal Knowledge
\ Extractor

Input Details

Sentence |/ He had chest pains and headaches from mold in the bedrooms.

Bi-LSTM-CRF _ Bi-LSTM-Softmax (CE) Bi-LSTM-Softmax(BL) | v Bi-LSTM-Softmax(FL)

He had chest pains and headaches from mold in the bedrooms.
odel Options:

Input Sentences:
Bi-LSTM-Softmax(FL)

Show Tagging Analysis Reset Save Exit
Results and Analysis
Sequence Labeling Results Causality Analysis
rord label ause: mold
He o ffect-0: chest pains
had [¢] ffect-1: headaches
chest B-E
pains I-E
and o
headaches B-E
from (9]

& 5-6 ARDIHENRGARE

Causality Analysis

Cause: mold
Effect-0: chest pains
Effect-1: headaches

5-7 AR PHER
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K 5-7 BRIR R g R, “Cause” R, “Effect” £
“Cause” SEILER, “Cause/Effect-n” R~ H F 4 AN 18 £ B 1a] 5 HE 51
JG 1% n /> Cause/Effect.

524 RIFER

Py “Reset” (B E) @HETTA NS R, oifds “Save” (JRAF)
R 2 RO ANAR S, el “Exit “GRHD) #HHEH A RS,

5.3 RE/NG

ARBEVEMIIR T ARSI — DTSR R AR E R S Causal Knowledge
Extractor. XM Causal Knowledge Extractor R R &5/ UG/ 2H 1% R S i) fith
WA S Thae, RIETEMNAIFRR T RGH 7 R D ses i E~ .
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Varay

FoE REERE

6.1 AR TIE RS

PRURENIRZ — S8 AR5 A RIR, DR FIR A R R 2 STl R AR A i
ETR SR Eit EVAPSE SV pr P Se S = B WU LR PSR 3 W WD
GRS, PRI, AN VR AR A L A Ak AT ]

IR A 28 7508 A AE IR I L, B e A e R SRR, R SRR R il
BURZI A — AR A, FEER T AN B RURFIRARE T 22 . AR LR |,
ARSCHFAL T 2 Fh LT Bi-LSTM 2% 14 3 S s A L Al R SRR, DAk 3 B2
FHEOCA A PR FNR T H 8o Ak, ARSI e F AR WP A2 1 R R AR 2
5 DR AR A ST A T4 ) R oy SR P 72 e R, $R M T —FPJE T Bi-LSTM
o 28 R 22 43 AR B R PR AU AR A . Bi-LSTM-Softmax (FL). Xt HLSRIeaR i, A&
SCHE AR REAS A A 3 A R SR (R] B DR B M, IR BRI LT A T R A A

6.2 s TiEEE

ARSCHE B DR FIAR SO 5 AR AT T ARG B SERR 8 2R, (B ST AE —
SN E AL

(1) FEASCHAT DR FIRI I, AR 7N AL, R T A
G APIR R CRIA) 7o R B R Al AR Sl 0 25 18 3 Bk Bl
B AR R, 500 5 8 2 SCAS P 1 8 DR G RN 2 (R 22 SRR R DA
BRI RS & CRI SO i B 1 AR i AR]85 5 & B SR ) #E 7T —
B TARH, ARICKZ 25 H A A 18] B o< 2R ) ok 70 B4, OO
FAAAERES A (BRI E) T2 8D BRPIR K &

(2) ARSCFTHE H I EE T Bi-LSTM W 4% ity 21 g [R] 5L 20 1R 4 BORSE 7R 35 2858 o o
T E bR VR U OB SR I 2, i A I A R SR e 2 A R R RE I . FERSR
HITAEH, AR — L B HT I 7T s SR 55), W AR SC B A TR 57 i I B SO
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MR S BT PRI EARARGS 5 IXAEASCRUAS T TR PR R R R SR R 2,
117 HAX AR UIZRAG 2 AR T th 2 b R BE X B — TR 2R I ZR B R S 1

(3) BUA BRSO 22 U AR FHR I RO B 7T LA D, HAEIR A, R
SRS AT LIRS AR ST PR R KRS 5 9208 - SO 22 SO 1, RASZi e P g 1A
RFIR (e 5 2faba 2P,
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