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« %5 : A massive 8.9-magnitude earthquake hit northeast Japan on Friday, which
cause a large amount of houses collapsed.
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- {5 Fi AN <Pattern, Constraint, Priority> T

 Pattern=
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[sentencel |, [sentence2] ”

« Constraint 2 RI;ELGHZIER, Flan[sentencel] /S ge LA E =Tk

* PriorityZR 7/~ 20 5R 2%/ Pattern

“after lrag war, the oil price falls”

“After 2 Years, US Capitol Restoration Project Is Complete”

PUHC B ThET B IR TR

m)  (Iraq war, the oil price falls)

* (2 Years, US Capitol Restoration Project Is Complete)

Sendong Zhao, et al. Constructing and Embedding Abstract Event Causality Networks from Text Snippets. In Proc. of ACM WSDM 2017 AR LA =
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Transferable BERT (R[3T#ZHYBERT)

*
— (RS BERTE AR T Ia B ¥4 _E 1Tk
— Transferable BERTIRE =B IIZHEZE, 7E£JR APre-trainingFAFine-tuning#z
2T, EIAE—HEXEST) #): FIHERESFSHELEEESR

3 _ Fl ne_tu N | ng [ Supervised Target Task: Story Ending Prediction J
W A AN
] o Supervised Task 1: Supervised Task 2: Supervised Task N:
2. Supervised Pre-training MNLI MC_MNLI SWAG
-~ 4
. o Large-scale Unsupervised Pre-training Tasks:
1. Unsu pe rVISed Pre-traini ng [ Language Modeling and Next Sentence Prediction ]

l BERT l

Zhongyang Li, Xiao Ding, Ting Liu. Story Ending Prediction by Transferable BERT. 1JCAI, 2019. MARTILARSE F7
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BERT+BiLSTM+CRF 4027 B a1 ST 0.8423
BERT 178 4027 SRR 0.8361
2 ERINOFRE 178 4027 BT 0.3241

« Mention-level

—mmm

BERT+BiLSTM+CRF B 1N 0.8421 0.8623 0.8521
BERT 178 EFREAN 0.8218 0.8563 0.8190
sSWEEY 178 EFVINZi 0.6364 0.6707 0.6531
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Relational Knowledge |

Categorical Knowledge
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! I uits”, Obje; “Apple”
E <Steve Jobs, Apple Inc.> | 2 ).(q - BlleP 0. - [t ! <Steve Jobs, employee> !
. | <Mark Zukerberg, Facebook> ."1 o=t « < Steve Jobs, billionaire> j
: <Bill Gates, Microsoft> ' | ! i | <Apple, electronics company> i
I i I 1 I
| P o |
! Relational Knowledge Vector Space | i Event Vector Space ! i Categorical Knowledge Vector Space
1 ! 1 1 !
I ! 1 ' 1
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Xiao Ding, Yue Zhang, Ting Liu, Junwen Duan. Knowledge-Driven Event Embedding for Stock Prediction. Coling, 2016.
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BRA % SRR L=aLe+(1-a)lx
EHRTET: Le = loss(1, E") = max(0, 1 — g(E) + g(E")) + A| 2|},

N M
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1=1 m=1
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X PersonX threw basketball
X PersonY threw bomb

X PersonZ attacked embassy

(b)

>

X PersonZ achieved goal

\

e~

X PersonX broke record
X PersonY broke vase

>

T 25 X)L Z

Intent

|:|E|"JE'

==

1N

Sentiment

&
L4

-~

1,7

Y&

SE AN

X PersonX threw basketball

X PersonY threw bomb
X PersonZ attacked embassy

»

>

X PersonZ achieved goal
X PersonX broke record

X PersonY broke vase

>

X AZERYT

Xiao Ding, Kuo Liao, Ting Liu, Junwen Duan, Zhongyang Li. Event Representation Learning Enhanced with External
Commonsense Knowledge. EMNLP, 2019.

I EEER

HE R Tl K % i

A SSTIE2Y 1 0y -
N iAe R e S



ZESEIER: L=ale +BLr +vLs

EHRTFE:
BERTFE:
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Le = loss(E,E") = max(0,1—g(E)+g(E")) +\| @3

L7 = maxz(0,1 — cosine(ve, v;) + cosine(ve, v}))

Ls =~ > vilze)- log(p(ze))

e €C IEL

loss;
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SiMyeg
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1T | F-THENSS Y5 HETE

» IF-THENSSEUE IR HEE :

 IEREUNRFNoah SmithHIPiR i —HMEIRHEEES, ABIAEBRIIREHIES
- BEZEMH, EXERFEHSSENOIERT (BB FK) , REEHF

EVENT }i
agent theme
/ TN

What effects does the How do others' feel ( Other rea ction)
event have on X? after the event?

What would X likely want What would others likely -
to do after the event? want to do after the event
How would X

: How does X feel after the What effects does the —
be described? event? event have on others?
( If-Event-Then-MentalState ) _ ( If-Event-Then-Persona )

Li Du, et al. Modeling Event Background for If-Then Commonsense Reasoning Using Context-aware Variational Autoencoder. In Proc. of "/t LA @
EMNLP 2019 HRUHHEEIRRIF O e

Why does X cause
the event?

What does X need to
do before the event?

X intent

X attribute




46 E2
H R

ETEHS

TIF-THENZE &Y=

=FH

THHETE

« IF-THENE R FFERY )RS :
EHECE SRR, &

m
EREE R/ L TXEEHEE
HEIR AV & RRAKES

¢ —ﬁgﬂiﬁl‘ﬂ&ﬂ

« E—EHXNZMARELER
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BHFLE F27 HEIE

Context If event
oo
PersonX was fired
,‘{ PersonX finds a new job
" PersonX was unsatisfied
with hisjob.

Then PersonX feels

needy/stressed out j

relieved/joyful. ]
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?*zﬂ‘]?zetl:'uJ:chﬁ%ﬂﬂ‘]ﬂ?ﬁE?ﬁﬂﬁﬁ(Context-aware Variational Autoencoder, CWVAE)
FOHE Rz B AR BT B IR A2 LARR IR LA [B] 75 -
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On Atomic

- EHM:

On Event2Mind

AET

Metric Methods xIntent xNeed XAttr xEffect xReact xWant oWant oReact oEffect Metric| Methods xIntent xReact oReact
RNN-based Seq2Seq 2254 2469 3354 65.13 2952 2663 16.76 1499 35.17 RNN-based Seq2Seq 4412 29.18 14.08
Variational Seq2Seq 2648 2831 33.00 68.62 2993 2950 1698 1425 3420 Variational Seq2Seq 42.06 2822 12.62

PPL VRMNT 21.04 2428 2487 6105 2662 2857 1445 1486 30.12 PPL. | VRMNT 3345 2554 11.93
CWVAE-Unpretrained 20.73 23.72 25.80  60.62 25.75 26.71 15.93 12.82 32.00 CWVAE-Unpretrained | 31.32 24.07 11.37

CWVAE 1593 20.32 2385 50.74 21.39 24.02 14.02 11.70 29.13 CWVAE 2923 23.17 11.04
RNN-based Seq2Seq 8.17 12.35 2.96 5.26 343 13.44 7.08 4.09 6.42 RNN-based Seq2Seq 275 211 5.18
Variational Seq2Seq 8.31 1205 213 6.07 252 1171 7.40 4.08 6.38 Variational Seq2Seq 284 243  2.08

BLEU VRMNT 9.52 1335  4.87 4.42 7.64 980 1079 528  13.71 BLEU| VRMNT 394 481 6.61

CWVAE-Unpretrained 11.37 14.64 4.07 14.11 7.86 12.70  12.09 8.16 14.93 CWVAE-Unpretrained | 5.52 736 5.33
CWVAE 12.12 1567 5.63 1464 813 1501 1383 8.58 11.63 CWVAE 565 1298 6.97
- BRI - T

Metric Methods xIntent xNeed XAttr xEffect xReact xWant oWant oReact oEffect Metric| Methods xIntent xReact oReact
RNN-based Seq2Seq 0.0012 0.0029 0.0004 0.0019 0.000I 0.0022 0.0006 0.0001 0.0006 RNN-based Seq2Seq 0.0002 0.0002 0.0001
Variational Seq2Seq 0.0006 0.0018 0.0002 0.0002 0.0001 0.0013 0.0007 0.0001 0.0002 Variational Seq2Seq 0.0006 0.0003 0.0001

dist-1 VRMNT 0.0002 0.0001 0.0053 0.0005 0.0018 0.0022 0.0005 0.0001 0.0004 dist-1 | VRMNT 0.0002 0.0002 0.0003

CWVAE-Unpretrained | 0.0019 0.0036 0.0119 0.0046 0.0021 0.00I3 0.00I8 0.0005 0.0006 CWVAE-Unpretrained | 0.0023 0.0017 0.0004

CWVAE 0.0055 0.0045 0.0142 0.0028 0.0043 0.0040 0.0021 0.0030 0.0033 CWVAE 0.0052 0.0033 0.0025

RNN-based Seq2Seq | 0.0036 0.0081 0.0002 0.00I8 0.0002 0.0006 0.00I13 0.0001 0.0011 RNN-based Seq2Seq | 0.0005 0.0002 0.0002
Variational Seq2Seq 0.0013 0.0042 0.0001 0.0003 0.0002 0.0026 0.0002 0.0003 0.0006 Variational Seq2Seq 0.0014 0.0002 0.0001

dist-2 VRMNT 0.0002 0.0011 0.0002 0.0005 0.0001 0.0034 0.0005 0.0001 0.0004 dist-2 | VRMNT 0.0005 0.0003 0.0001
CWVAE-Unpretrained | 0.0060 0.0088 0.0136 0.0113 0.0043 0.0029 0.0041 0.0011 0.0009 CWVAE-Unpretrained | 0.0061 0.0040 0.0013
CWVAE 0.0162 0.0112 0.0146 0.0072 0.0013 0.0107 0.0044 0.0068 0.0093 CWVAE 0.0146 0.0099 0.0063
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s Script (BZ) in artificial intelligence (Schank and Abelson, 1977)
* IRTE M=/ LT ICHYE

s 5lF: BITHIK

=1
Ine=2:
I7=3:

=4

HNEIE
=]
Z 4R

BIELE

Sevs2]l

‘ X walk to restaurant ‘

| X walk to restaurant ‘

‘ X leave restaurant |

(b)

Zhongyang Li, Xiao Ding, Ting Liu. Constructing Narrative Event Evolutionary Graph for Script Event Prediction. In Proc. of IJCAI, 2018. /i 1l k2
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e

X=pE Y=Hk55 R

EHETX

el

£ X&), L£TFX), &R, HK 3,
FO X3, %X 3, %K),

c  RB X, %S

¢, FFEX)

c3: L% (X, Y1)
cq: BRAR (X, Beit i)
cs: B (X, &)
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E T EIB EE R B AR S A TN 5 sh

BT ATAEIRZE T an{al Fl FHevent

pairflevent chain#F T, F

IR TIERZ I F| FHEventic

GraphB B ERE 2R EH

Fi

B S B E G R R E A

T 75

EERE AR S BN ER

—

t, FIBHFHEHXREK

(enter) (order)

O—@—O—<

( (eart)

”CID the correct answer

@ the randomly generated
wrong answer
\ (talk)

(serve)

(a) Given an event context (A, B, C), choose the subsequent event from D and E.

————————————

____________
————————————

____________

____________

(b) Training event chains.

(enter) (séfve)

(talk)

(c) Narrative event graph based on event chains in (b).
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« RS T A R AV E #Z M4E (Scaled Graph Neural Network-SGNN)3R R [E
EROFION . HETER o] ER
o E LR T GNNEXIIRE S T A THEIERY (o) 35

POy v vy
e,: (enter, subj) e,: (order, subj) | A |
o o (o) (o) (o)
e ~ . 11 X X} |
F—: A . ONO €9¢e9) @8¢50 E0900 @990 | g = RHTH )
_?_ Q fj] ;JF\%] Ex [ : // e, (eat, subj) e: (serve, subj) % @ Zq; é’é W] é}é 3& /ﬁ—
494 T F | o GNN GNN (GNN) GNN $ LT
5 Ao AL . | £3, FAMEA
* ¥ 19 [ i A (a® HAL B L 49 32 7]
< o7
k / (f(vp,‘vt,.,vaj V) ) (f(vp,‘:wva.ﬂvn)) (C f(vp,twvm,vm) ) ( f(vp,\lwvm,vm) ) @ J
(a) [jKEIjlaaﬁmiimasﬁl[]]@i]
S N SR
(c)

MRETRS: £
N \ | A ~ — . Sy
AR EERRRM AL A



ENEEIEENE

« HEUHERIARS MR
« ETHIARLAVHELEIR

« RA—MEENEHRTIAN
* Predicate-GR: (eats, subj)

°ﬂﬂﬁb%$#%%5%ME$Wﬁ%§
= RZEFEAHN—TMRER LN

- MENEFIEEE
. BEHEDNES N EMBigramY M— KA M, HitEEHEBETR

count(v;, v;)
>, count(v, vi)

w(vjlvi) =

AR Tk éﬁ%
R CILEE s UV



1

TIB—: WESHRARNEFIEEE

(order, subj)
(enter, subj) 002 (eat, subj)
Hr— BZ ? =$
o 1:,[_9 F 71: E,\J 7 & =‘3" (walk, subj)
=9 >3 . PO
=5 IHx "= 2 =
-+

(wait, subyj)

(read, subj)

(leave, subyj)
(seat, subyj)

(pay, subj)

HE R Tl K %
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PR RF I —F IR EHRT

« FIYIIREHRTR
c {GH—1FEH ¢ = {p(ag, ay, a,)} ARENAMZZHFITRINEEE:
Vp, Vayr Va,r Va, € R, 1FEIBANBHNRT: v, = f(Vy, Va,, Ve, Va,)

(ol )
e Average: Use the mean value of the verb and all arguments |
vectors as the representation of the whole event. (fr‘k“’) G Gt
. . |
e Nonlinear Transformation [Wang et al., 2017]: (ooooo) (ooooo) (ooi)oo) @oce9
\

ve = tanh (W, vp + Wo « Vag + W1 *va; + Wa v, +0) (2)

GGNN GGNN GGNN) (GGNN)
where W,,, Wy, W1, Wy, b are model parameters.
@ aa @) @

e Concatenation [Granroth-Wilding and Clark, 2016]: Con-

catenate the verb and all argument vectors as the represen-
tation of the whole event. @@@@ ‘iii ii‘i @@@@

WA IR VE Tk K2 4
HEtESEERRERRAT L e




: ERRFES A

« BIISGNNEFEMHR T (EFGGNN, Li et al. 2015i# 55 3))
« SGNNAVII N B IR EERER(®) 0 A

e,: (enter, subj) e,: (order, subyj)
@ @) h® & 7 F 4k £ AR PTA R & F 46
(eat, sub}'-) ://' o‘o ‘éj z ;& °

,I e.: (eat, subj) ey: (serve, obj)

(b) AT A8 o ] F B AR A 4B T
@ _ 00000
(88888 oo w(vj|vi), ifvi —=v;€E,
~ Ueave, subj Ali,j] = 0 others
@ = ’
W R T2

U HSEERRTAF O PG



« BIISGNNEFHEH R (EFGGNN, Li et al. 2015i# 5B 2)
« SGNNBEYFE FTZ4 5 GGNNFGRURY | T35 24400

a® — ATRE=D 4 p 7}@4,@ @4? e
2() — J(Wza(t) + Uzh(t—l))
rt) — G(W"a(t) + Urh(t—l))
c® = tanh(Wa(t) + U('r(t) ® h(t—l)))
Rt — (1— z(t)) & B 1 O @ O

@@@@ iiii iiii @@@@

MRV LAk K %
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R TUNIERSHEE

° Mfi_J__: ﬁ% Ell‘] %23@557# 2D

BT EXEHSEMREFHNEXMES S e
.L_l_"'"' . g(v.vo) g (Vy,V,)
Sij (h(t) h(t)) T* 44
@0000 ©0000 Q000D 0000
/i Exrer, e, .., en, RIEEH e, BIRTREMEST 4 A 4 4
T 1 <&
S] = E S’U
=1
REREEFSITRENEESHEAERER:
C_m.a’XS] f(vvvv f(vvvv) f(vvvv) f(vvvv)
J
?ﬁ%@é& L(©®) :i\rzzk:(max(o,mm*gz'n—SIy-|-slrj))+%H@H2 @@@@ “ii i‘ii @@@@

MR TR SE P a
U HSEERRTAF O PG



SALE\E

: GigawardiZBINYTER 77

°
A1)
Ay

Training Development Test

#Documents 830,643 103,583 103,805
#Chains for NEEG 5,997,385 - -
#Chains for SGNN 140,331 10,000 10,000

« 14 Multiple Choice Narrative Cloze (MCNC)

RE
X=Pi% Y=k A
EHETX

e N

X &T), BFX), #X X)), [KE 30,
| L X 50), 12X 50), AKX,

C1: Zﬁﬁ’/f% (X, %%ﬁ) ]
¢y XD

c3: FEFR (X, N [E]) — 7
cy  BRAR (X, BT W AR I Tl 2

cs: BIT(X,BT) | HE S ERETRT O ek




Methods Accuracy
Random 20.00
PMI [Chambers and Jurafsky, 2008] 30.52
Bigram [Jans et al., 2012] 29.67
Word2vec [Mikolov et al., 2013] 42.23
DeepWalk [Perozzi et al., 2014] 43.01
EventComp [Granroth-Wilding and Clark, 2016] 49.57
PairLSTM [Wang et al., 2017] 50.83
SGNN-attention (without attention) 51.56
SGNN (ours) 52.45
SGNN+PairLSTM 52.71
SGNN+EventComp 54.15
SGNN+EventComp+PairLSTM 54.93
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http://eeg.8wss.com/
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- 20184F9F10H, HITSCRIER AT (£ FhE

«@Eﬁzaﬁf‘ L) BESRIUNE N ENE

A St TR B AR

e T KSCIR
® 18-9-10 SRETWHRIHIE

BIKESITESEERERRP/ORE 7T EEENEN
W, HEFTARIUEMZFRE XX AR T — S REnis
FIRENE, AL FIFRXIINEmIZEREIEE
iEDemo (& WT18%HE) . PEiE:

S

- EhEIEEIEDemo V1.0

UHK R, UURMRERER 5, Sp Aol S ~ a e A
: SR B I AR 58 I B iAM ST ...

IR R B HRATEN 2

e

IEV1.0hRZ )

SRR E




=M EFIEENEV2. Ohi A

] SR HIEE V1.0 SRHIEE V2.0

ERESAEMEER. B, W5, KRE. #

s b 3 tRIES AFHEIER. B, M5, R XLy
WiEAE (OCHE%) 11,653,062 12,121,279 (1EAN1005K A &)

BAHREHH 1,348,459 2,187,086 (EHN80K A NNEH)

BARRERXREHY 1,410,642 1,607,638 (3&MMIL20 A PMERXHR)

HWREHH - 2,021,289

HRERKXRY - 414,777

ETRXEREH - 1,883,792

E R X R HMEFE 59.54% 85.12% ($&FHiL16%)

BARE TR
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N’EEL: Never-Ending Eventics Learning System

http://openeg.8wss.com/main
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NEEL: Never-Ending Eventics Learning System

I NEEL

URL http://openeg.8wss.com/ HIBHRTEEE =B EHRE
tFIBS KFENER. dtRHEBM,. R,

KRR PEHSM, 7R, LAER. FHKER, s
S FEZ 205N R, MIEFEANT EIRAE A S e

BIEME CTHEE) 8,538,575

BEFEHH 1,579,609 SN S 2 FIANRHR - FIARE B

RER RIER

BRERXRH 1,148,814

MREHE 1,241,229 P— NLP%;;“‘;&%EE
HMRERKXRY 230,157

FTXEK 1,034,916
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- NEEL: Never-Ending Eventics Learning System

EEEREST: BaEf |B4ERD |HRE4 |REERS | LT
+71 +26

2019-11-18 gk +137 +159 +106

2019-11-18 smEEe

+536 +196 +103 +196 +20 +133

+644 +234 +125 +235 +28 +157 -

+737 +269 +140 +280 +31 +199 RS

+955 +378 +197 +303 +47 +266 | |

+1122 +385 +199 +400 +53 +265 FIBAIRHER FIBAIR A
+1206 +455 +235 +506 +74 +341 - -

+5599 +2054 +1070 +2169 +279 +1467 —
F1Y +799.86  +293.43  +152.86  +309.86  +39.86 +209.57 it
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» FHENXTIEAE AR
« ZItHE>EE
« A FRITE XTIt B REETHG?
- ERZ>RxRU
« A:FRFEEERIL, B:ARRELBIRE.
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« [ERWBMH2EEFIN?
« AKX, wK. TFHEFF

AR Tk éﬁ%
R CILEE s UV



SR EVE AT 5T A

« Zhongyang Li, Xiao Ding, Ting Liu. Story Ending Prediction by Transferable BERT. In Proc. of IJCAI, 2019.

« Xiao Ding, Kuo Liao, Ting Liu, Junwen Duan, Zhongyang Li. Event Representation Learning Enhanced with External
Commonsense Knowledge. EMNLP, 2019.

» Li Du, Xiao Ding, Ting Liu, Zhongyang Li. Modeling Event Background for If-Then Commonsense Reasoning Using Context-
aware Variational Autoencoder. EMNLP, 20109.

» Zhongyang Li, Xiao Ding, Ting Liu. Constructing Narrative Event Evolutionary Graph for Script Event Prediction. In Proc. of
IJCAI, 2018: 4201-4207.

« Xiaocheng Feng, Lifu Huang, Duyu Tang, Bing Qin, Heng Ji, Ting Liu. A Language-Independent Neural Network for Event
Detection. ACL 2016.

» Sendong Zhao, Quan Wang, Sean Massung, Bing Qin, Ting Liu, Chengxiang Zhai. Constructing and Embedding Abstract Event
Causality Networks from Text Snippets. In Proc. of ACM WSDM 2017.

« Zhongyang Li, Sendong Zhao, Xiao Ding, Ting Liu. EEG: Knowledge Base for Event Evolutionary Principles and Patterns[C].
Chinese National Conference on Social Media Processing. Springer, Singapore, 2017: 40-52.

« Xiao Ding, Bing Qin, Ting Liu. BUEES: a Bottom-Up Event Extraction System. Frontiers of Information Technology & Electronic
Engineering, 2015, 16(7): 541-552.

« Xiao Ding, Bing Qin, Ting Liu. Building Chinese Event Type Paradigm Based on Trigger Clustering. In Proc. of IJCNLP, 2013:

311-3109.
» Sendong Zhao, Ting Liu, Sicheng Zhao, Yiheng Chen, Jian-Yun Nie. Event causality extraction based on connectives analysis.
Neurocomputing (2016)173: 1943-1950. T ﬁ
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