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« HIEE: Eventic Graph (EG) , ZFEI#: Eventics

o FINTENIFE, ZEEb: 3B N Semantics, 3E N M Semantic Web
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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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- R e E. BRFREXAZRMEEN (FRE) Abductive Reasoning

0“‘
o
$
&
E— §
- 3 ‘f- D — =40
B=r4 [ S A =cZl
..
.....
.........

...........
-----
------
.
.
.

.
P
.
.

o
.
o
.

MR TR SE P a
U HSEERRTAF O PG



ETEEEERREHEE

* IF-ThenK &= H-4ETE

IR [
o e ve
» A=A

040’0 [@2@ @]

e T —_—

MRV LAk K % @ E ;
U HSEERRTAF O PG




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




ETEHEAMRZAIT IF-THENS B B 1 HETE

« IF-THENE R FFERY )RS :
EHECE SRR, &

ERFER/ L TXIREH Context If event Then PersonX feels
wEEtLRKE 00
. ' PersonX was fired. r needy/stressed out j
» —X S RKIE)RE: R E R LR &
,‘{ PersonX finds a new job
. El—EH RS AR R Ty —
o FETRNNAYSeq2SeqtE B {i[a])F WG::EOP:SJ\(;VSS tnsatistied 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 -

« ETRANZE S BRIDES:
« TN BHRIESFT IR BRRRE RS
« MHEETHREEDTBEIEEE, SIANFINETXRMBEE, UFIEHERIR
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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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* Script (BZA) in artificial intelligence (Schank and Abelson, 1977)
s IRt FES R/ L T XHEHFS

® 1§ IJ % . % JIT H%I] 2|: | T — ‘ ‘ X walk to restaurant ‘

R HNELE
=gl =16 _——
order 100
Xordrood
= Y serve food
722 58
. h
7=3: 2R

X make payment

X be seated

| X leave restaurant |
—— ~
524 BREE =]

(b)

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

MG 7R Tk K %
R HGESRRFT PO e



« 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 Y| X |
TH—: & _ (4)(3) (oo:oo) (oocioo) (oo?oo) @ooe9 /.}}A%_—_: *%ﬁ—p]-#\
_?_ 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
Bt Sy A G f £, MR
* ¥ 19 [ i A (a® HAL B L 49 32 7]
< a9z
\ / (f(vp,:tn,vm Var) ) (f(vp,‘:“,val,vn) ) (f(vp,tm,vm,vm) ) (f(vp,\lwvm,v,_z) ) Kj% /
(a) [jKEIjlaaﬁmiimasﬁl[]]@i]
S S S
(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




IR Wéﬁ%j‘ _.]—if)\

BT SGNNEFTiEH T~
« SGNNAVINBIERENEERERO) F0 A

e,: (enter, subj) e,: (order, subyj)
00 h(®) & 77 F 4 £ SR BT A A % F 44
(eat, sub}'-) ://' o‘o ‘éj z ;& °

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

(b) AR A RL 69 B AR 4 FE % .
@ (00000
: b B 99999 A[i ] — T.U(levag), ifv, — vV € E,
(leave, subj) 3.7 O, Others.
) =

MG 7R Tk K %
U HSEERRTAF O PG



: MBRTFI—EFMEY

« HIISGNNEFIEHRT
« SGNNEYEZFER5 5GGNNFIGRURFY| J4a & 240l

a® = ATh=D 1p

M) = o(W?a® + UZp(t=D)

r® = g(Wra® + UTpl-1)

¢ = tanh(Wa'® + U(r® @ h-1))
RO = (1= 20) @ BV 4 20 @ O

@@@@ iiii iiii @@@@

U HSEERRTAF O PG



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
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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

« 1¥4&: 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

HE R Tl K %

e ESE BRI L

r-llI L ‘!
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« [z #&3#E3E (Abductive Reasoning):

-RBE GRE) - MR EEE ORE)
[ Sst i £k } [ IR : Wi £k }
- - - -
: = g w., mEBERMBHEE
o e gaIEIEE

AR Tk @_
R CILEE s UV



BFSEERNREHEE

° &&?&ﬂﬁ%
- BAECTMBEINELE, ERREUNE AT g R
eg: O: HFMREE —> O, ETE—FHl BITRR KA BETE—HIiE
H: BFBHTH
. o ya 7~
P LGRS RN R d / WAL B
- R ES KB THINYEIRFIR LA By EE
BEHERXR:
BFE#HTH
- —HHRRESBETE—HE,

RMETEHRTH, WrAELEARA, SHETE—HR

- EIEREEP AT LUEREUE S E IR AR
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R IEE Z0R 18 : RI Foli)l| SRR B

12 8 =7 E A0 R 158 A9 11| 2R 4R BY (event-graph enhanced pretrained model, ege-RoBERTa)

EFIRAE BRTE—mIE
[mnerex] O\ /Oluness] W)
BT St TH
EIEENE ege~RoBERTaS| A— SN E B 2

PAHEFE E IR E AR
- BHBINGERESIANEHERAR:

WESEEE T Il 25 B B R0 B B
- ETHEREENEFIEEY - 2 S HEEE MR AR IR S BT

MRV LAk K %
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e OnaNLI dataset

Methods Accuracy( %)
SVM 50.6
Infersent (Conneau et al., 2017) 50.8
ESIM+ELMo (Chen et al., 2017) 58.8
GPT (Radford et al., 2018) 63.1
BERT-base (Devlin et al., 2019) 63.3
RoBERTa-base (Devlin et al., 2019) 71.5
BERT-large (Devlin et al., 2019) 68.9
RoBERTa-large (Liu et al., 2019) 83.9
ege-ROBERTa-large npretrained 83.8
ege-RoBERTa-large g 84.2
ege-RoBERTa-base 75.9
ege-RoBERTa-large 86.0

MRV LAk K % @ E ;
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A FRAR F B ke (5 2R 4

» AT AEHEREN
- BRI T eI FIEEER
o SRFETHIEISRETR vs. HEXEFEREIR
« XHEER, RRSGTFRS

- EEPkAL
- )IIEREIR A BEE SR ?
- FEHERTUILES

« WMATEREFRIIREFNGSR?
- RRXEIRIESHIEMN

cause

babies cry

effect

because they are hungry
because they are lonely
because they are in pain
because they want to be loved
because they want to go home

will lead to sleep problems
can lead to depression

can lead to a bad marriage
can lead to bad food habits
result in tears to the eyes

Zhongyang L1, et al. Guided Generation of Cause and Effect.. In Proc. of IJCAI 2020

HE R Tl K %
e ESE BRI L
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CausalBank: — M aFRAEXKIMEE R ZHIE

. CausalBank: —]NAHMERIAFE RENAIR N 9 FHIER RSN ES
- B LEFMTE: BERR, 18, 9FKE, EE8HER, EXER

- 68 314 M ARXY, 37 GB 43X A

o MFUMERIZSZ Common Crawl iIE8HEZ! (5.14 TB), Buck et al., 2014

* DR SHIRIERRT

« EPC (effect-pattern-cause) category

| am very sad BECAUSE | lost my phone.

» CPE (cause-pattern-effect) category

The earthquake RESULTED IN many deaths.

Causal Pattern

as, as a consequence/result of, as long as, because,
because of, caused by, due/owing to, in response to,
on account of, result from

accordingly, consequently, bring on/about, give rise to,
induce, in order to, lead to, result in, prevent/stop...from,
and for this reason, cause, for the purpose of, if...then,
,-80, so that, thereby, therefore, thus, hence

Table 1: Causal patterns (their morphological variants are ignored)
used to get the CausalBank corpus. The first row of patterns belong to
the EPC category, while the second row belong to the CPE category.

AR Tk éﬁ%
R CILEE s UV
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* IR A AR R SRR ESHISH

« Commonsense Causal Reasoning between Short Texts, Luo et al., KR 2016
« Word co-occurrence in cause-effect pairs

rain
153
123
40 399
— 4 T~

umbrella wet

wet ~

2

Our Cause Effect Graph: CausalNet from Luo et al. 2016 :
89.1M directed edges 13.3M directed edges

11
11
‘4‘
NI

e ESE BRI L

HE R Tl K %
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.. 3T IRK > HKIFFEZBIMHIR ...
HERRS e—— BERT BETTHSTHE —» HEATRSE

Febf B IREW

I MR I HEGI0

Transformer-Based Transformer-Based
Reason Decoder Result Decoder

N/

Transformer-Based
sentence Encoder

|

BREELTF
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- )
11
11
nn
1\
| N |

% .

. AEA S =14
» Positive Constraints because they are lonely
* Negative Constraints because they are in pain
 “AND” Constraints cause because they want to be loved
* “OR” Constraints because they want to go home
L . . : babies cry
» Disjunctive Positive Constraints Decoding will lead to sleep problems
* {smile | smiles | smiling | smiled} can lead to depression
- {eat| eating | eats | ate} effect can lead to a bad marriage
can lead to bad food habits
result in tears to the eyes
 Sockeye TEf, e

» A MxNet based seqg2seq toolkit by Amazon
 Incorporate some constraints generation implementation

Fast lexically constrained decoding with dynamic beam allocation for neural machine translation. M. Post and D. Vilar. In NAACL, 2018.
Improved lexically constrained decoding for translation and monolingual rewriting. J E. Hu, Huda Khayrallah, et al. In NAACL, 2019.

Sockeye: A toolkit for neural machine translation. F. Hieber, T. Domhan, et al. arXiv, 2017.

AR Tk éﬁ%
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CausalBank -

ZE X

b

Bl 3R & Rk S R VR

Cause Effect
Method Dataset Per  Acc | Per  Acc
RNN-LSTM CB_10M | 66.0 29.6 | 552 322
RNN-GRU CB_1I0M | 676 295 | 48.0 337
CNN CB_10M | 37.6 36.1 | 395 354
Conv-Transformer CB_10M | 29.5 389 | 31.1 382
Transformer CB_10M | 283 39.1 | 299 384
Transformer CB_all 314 38.0 | 27.6 39.7
Transformer_BIG CB_all 299 385 | 264 39.8

Table 2: Dev-set results: perplexity (Per), word accuracy (Ace (%)).

EEHERE: https://github.com/eecrazy/CausalBank

Cause Effect
Method |p@1 p@3 H Div|P@1 P@3 H Div
KNN 89.0 67.3 0.85 0.11]98.0 71.3 0.90 0.02
< GPT2  [31.0 223 0.39 0.13| 8.0 9.3 0.30 0.1
% N-Best |59.0 453 0.53 0.15]63.0 42.7 0.53 0.11
'E Random | 68.0 59.3 0.66 0.11[74.0 61.7 0.70 0.09
= CN-Cons |72.0 71.3 0.79 0.02|66.0 67.0 0.76 0.02
Gold-Cons| 78.0 753 0.83 0.12|71.0 73.0 0.80 0.10
_ KNN 100 8.0 0.530.10] 40 2.7 0.26 0.01
S GPT-2  |40.0 34.0 0.45 0.1238.0 32.0 0.46 0.10
@Random 66.0 53.7 0.65 0.09|62.0 46.7 0.57 0.08
& N-Best [69.0 65.0 0.77 0.08|72.0 68.0 0.82 0.07
S CN-Cons |74.0 70.0 0.81 0.0272.0 72.0 0.87 0.02
Gold-Cons| 73.0 73.0 0.87 0.09|72.0 71.3 0.87 0.09

Table 3: Human evaluation results of cause and effect generation.
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