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What effects does the How do others' feel - T ‘ o
event have on X? after the event? % h Aﬁﬁ%* F =3
What would X likely want What would others likely -
- to do after the event? want to do after the event 75 3 E -4 E
How would X How does X feel after the What effects does the
be described? - event? event have on others?

Li Du, et al. Modeling Event Background for If-Then Commonsense Reasoning Using Context-aware Variational
Autoencoder. In Proc. of EMNLP 2019
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On Atomic :
On Event2Mind
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Metric Methods xIntent xNeed xAttr xEffect xReact xWant oWant oReact oEffect Metric| Methods xIntent xReact oReact
RNN-based Seq2Seq | 22.54 2469 3354 6513 2952 2663 1676 1499 3517 RNN-based Seq2Seq | 44.12 29.18 14.08
Variational Seq2Seq 2648 2831 3300 68.62 2993 2950 1698 1425 34.20 Variational Seq2Seq 42.06 2822 12.62

PPL VRMNT 21.04 2428 2487 61.05 2662 2857 1445 1486  30.12 PPL | VRMNT 33.45 2554 11.93
CWVAE-Unpretrained | 20.73  23.72 2580 60.62 25.75 2671 1593 1282 32.00 CWVAE-Unpretrained | 31.32 24.07 11.37

CWVAE 1593 2032 2385 5074 2139 2402 1402 1170 2913 CWVAE 29.23 2317 11.04
RNN-based Seq2Seq 817 1235 296 526 343 1344 708 409 642 RNN-based Seq2Seq 275 2.1 518
Variational Seq2Seq 8.31 1205 213 6.07 2.52 11.71 7.40 4.08 6.38 Variational Seq2Seq 2.84 243 2.08
BLEU VRMNT 9.52 1335 487 442 764 980 1079 528 1371 BLEU| VRMNT 3.94 481 661
CWVAE-Unpretrained | 11.37 1464 407 1411 786 1270 12.09 816 14.93 CWVAE-Unpretrained | 5.52 7.36 5.33
CWVAE 1212 1567 563 1464 813 1501 1383 858 11.63 CWVAE 565 1298 6.97
© R
EZEAkE

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 0.0001 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 00013 0.0007 0.0001 0.0002 Variational Seq2Seq 0.0006 0.0003 0.0001

dist-1 VRMNT 0.0002  0.0001 0.0053 00005 0.0018 00022 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 0.0013 0.00I18 0.0005 0.0006 CWVAE-Unpretrained | 0.0023 0.0017 0.0004

CWVAE 0.0055 0.0045 0.0142 00028 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 0.0018 0.0002 0.0006 0.00i13 0.000 0.0011 RNN-based Seq2Seq | 0.0005 0.0002 0.0002

Variational Seq2Seq | 0.0013  0.0042 0.0001 0.0003 0.0002 00026 0.0002 0.0003 0.0006 _ Variational Seq2Seq | 0.0014mRO0S" .0001

dist-2 VRMNT 0.0002 00011 00002 0.0005 0.0001 00034 0.0005 00001 0.0004 dist-2 | VRMNT : RA.0003_0.0001

CWVAE-Unpretrained | 0.0060 0.0088 0.0136 0.0113 00043 0.0029 0.004T 0.00IT 0.0009 D e G 00095 00063
CWVAE 0.0162 0.0112 0.0146 00072 0.0013 0.0107 0.0044 0.0068 0.0093 : . .
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Zhongyang Li, Xiao Ding, Ting Liu. Constructing Narrative Event Evolutionary Graph for Script Event Prediction. In Proc.

of IJCAI, 2018.
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| X walk to restaurant |

| X walk to restaurant ‘

X order food

X make payment

| X leave restaurant |

(a) | X leave restaurant |

(b)
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(b) Training event chains. (c) Narrative event graph based on event chains in (b).
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(Cpldvivvy) )
f(vp' vao’ va11 vaz) | i
e Average: Use the mean value of the verb and all arguments (fp(‘xva) (g(v‘,v;) “Ti i
ion of :
vectors as the representation of the whole event 6669 ©6669 G oo 59 ® .l. s Q ‘ Pro Ol‘l
e Nonlinear Transformation [Wang et al., 2017]: t ¢ - BARREXRE

ve = tanh(Wp «vp + Wo « Vg + W1 Vg, + Wa s vg, +b) (2)

TH3H8-4H

where W, Wy, W1, Wa, b are model parameters.

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

catenate the verb and all argument vectors as the represen- 44} ] D
tation of the whole event. @@@@ @@@@ i“i @@




WE{ RN F SN

« HITSGNNEFIEHFRR (ETGGNN, Lietal. 2015%# 5 Z)
» SGNNAYHINEIEFNEERER®) F0 A B
ey: (enter, subj) e,: (order, subj) h(o) /‘Eﬁ‘? y 4__ X RE ﬁﬁ’;ﬁ_ A Ii$ ’H" - ‘

§ ﬁ ProC on

/e (eat,subj) ey (serve, obj) A;%)i:ﬂ };:2 é«'] —?— @ 4]3 ;}i— 4B ]1$ : BARREXRE

v 7TH3H-4H
. a Jw(vivg), ifv; = v; € E,
Al = {0, others.



g RRF S —B S

« BIFSGNNEFEHFR R (EFGGNN, Li et al. 2015%F# B 2])
« SGNNEIEHZRS 5SGGNNFIGRUBY| I8 H 2400

74|

P(vc"" 'Vz’v:!)
A

|
a(t) — ATh(t_l) _|_ b (Zf‘;pvc)) (g(vl,v;)) g(v;vc)

|

z(t) — O.(Wza(t) + Uzh(t—l)) (oo:oo) (oo:oo) (Oo?oo) (OO:O.) A Pro on
BAREREXRE

1O = o(WTal) 4 UThE-D)

1H38-4H
¢ = tanh(Wa™® + U™ @ ht~1))
RO = (1= 20) @ hED 4,0 @ O

< ) (4 \ |
(v ) Crova v v ) (i ) (Fovg v v )
e, e, e, €



SR FUNIEMSEHERE
» BRI IEFRYEEISE
BT EXEH SR MEIEFHERMS T | -
R (R, )
zaajﬂzel,ez,.. en,ﬂ;% R e, BITTREIEST |
ik ProC on
ZSZJ GGN GGNN GGNN) ... (GGNN) ;& ‘ FAREEARS

%Eﬁﬂﬁ?%ﬁEHMML$#¢ﬁE%%$ " cae G

c—mgx 5 g8 @@@@ iiii @@@@

o N N &k
Tﬂ%&gﬂ L(© ZZ max (0, margin — sy + s15)) + = ||G)||2

I=1j=1

74|

a(z) (3J (t)

TH3H8-4H

’




ST g

« HIRE: GigawardiZBRINYTER S

Training Development

#Documents

#Chains for NEEG
#Chains for SGNN

5,997,385

p=)=:1

P& Multiple Choice Narrative Cloze (MCNC)

[ xomize v=mess i

EHETFX
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EX, X 20, #aX 50,

B (X, ),

¢y FRIB (X, 2EE)

¢z ITZE(X)
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A7
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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P B TE [E AR 1 5E pO TR 1)1 £ 45 B (event-graph enhanced pretrained model, ege-RoBERTa)
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SEIWZER

e On aNLI 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—o 84.2
ege-RoOBERTa-base 75.9

ege-RoBERTa-large 86.0
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Commodity Price Move up
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Lower Interest Rate

-‘_‘ci)

Investment Demand Increase

Quantitative Easing

Commodity Price Move up

~ <

o0
\Z,)./

“a
- -

— T
—=(d)
»

Lower Interest Rate

Investment Demand Increase

Quantitative Easing

Commodity Price Move up

-
e Investment
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BIIMEREHXERBENRNE:

Accuracy

EREEEE -

Dataset COPA C-COPA
0 —Hyperbolicity 6.0 2.5
Methods Accuracy (%)
BERT 70.4 75.5
BERT-concat 70.8 76.3
BERT-GAT 71.2 77.1
BERT-DGAT 71.6 78.0
HBERT 71.4 75.6
HBERT-concat 71.2 77.6
BERT-HGAT 72.4 78.3
EGCR 72.8 80.0

9= HBERT-concat
EGCR

Num. Evidence Events

P4 L o L SR T B I

Num. Layers |

3 4

Accuracy 79.0 80.0 78.6

76.8
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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
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CausalBank: — M) F I AFMRE ERIT R IR

« CausalBank: —NARIMERIAREFRIETAIR I A FHIERIES
- RILLEFNE: BERER, 18, aFKE, EER R, BxXXAR
- 8578 314 M EER], 37 GB XA
- MIRZIERYZESZ Common Crawl i58}483] (5.14 TB), Buck et al., 2014

s S = Causal Pattern
© HATEEBIRESRRS sl bt o] a
as, as a consequence/result of, as long as, because,

« EPC (eﬁeCt'pattem'Cause) category because of, caused by, due/owing to, in response to, ;Q Pro on
on account of, result from BARFERELXE

| am very sad BECAUSE | lost my phone ] accordingly, consequently, bring on/about, give rise to,

induce, in order to, lead to, result in, prevent/stop...from, v ﬁ 3 E ‘4H
. CPE (cause-pattern-effect) category and for this reason, cause, for the purpose of, if...then,

,-80, so that, thereby, therefore, thus, hence

The earthq uake RESULTED IN many deaths 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.



Cause Effect Graph: —Ma;
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« Commonsense Causal Reasoning between Short Texts, Luo et al.,

« Word co-occurrence in cause-effect pairs

123

umbrella

wet

Our Cause Effect Graph:
89.1M directed edges

rain
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CausalNet from Luo et al. 2016 :
13.3M directed edges
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Sentential Causal Resource # CE Pairs
TCR [Ning et al., 2018] 172
SemEval-2007 Task4 [Girju ef al., 2007] 220
Causal-TimeBank [Mirza et al., 2014] 318
CaTeRS [Mostafazadeh et al., 2016] 488
EventCausalityData [Do et al., 2011] 580
RED [O’Gorman et al., 2016] 1,147
SemEval2010 Task8 [Hendrickx et al., 2009] 1,331
BECauSE 2.0 [Dunietz et al., 2017b] 1,803
EventStoryLine [Caselli and Vossen, 2017] 5,519
PDTB 2.0 [Prasad et al., 2008] 8,042
Altlex [Hidey and McKeown, 2016] 9,190
PDTB 3.0 [Webber et al., 2019] 13K
DisSent [Nie et al., 2019] 167 K
CausalBank (Ours) 314M
Causal Knowledge Graph # CE Edges
Event2mind [Rashkin et al., 2018] 25K
ConceptNet 5.7 [Speer et al., 2017] 473 K
ASER Core [Zhang et al., 2019] 494 K
Atomic [Sap et al., 2019] 877 K
CausalNet [Luo et al., 2016] 13.3M
Cause Effect Graph (Ours) 89.1 M
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 f£Beam Searchf/IEXHRINKIEITLIR

* Positive Constraints
* Negative Constraints
+ “AND” Constraints
+ “OR” Constraints

cause

A\ 4 . - . . babies cry
» Disjunctive Positive Constraints Decoding

{smile | smiles | smiling | smiled}

{eat | eating | eats | ate} effect

Sockeye TEE

* A MxNet based seq2seq toolkit by Amazon
* Incorporate some constraints generation implementation

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

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.
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Cause Effect
Method Dataset Per Acc | Per  Acc
RNN-LSTM CB_1OM | 66.0 29.6 | 552 322
RNN-GRU CB_10M | 676 295 | 48.0 33.7
CNN CB_10M | 37.6 36.1 | 395 354
Conv-Transformer CB_10M | 29.5 389 | 31.1 38.2
Transformer CB_10M | 283 39.1 | 299 384
Transformer CB_all 314 380 | 27.6 397
Transformer_BIG CB_all 299 385 | 264 398

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

Method

Cause Effect
P@1 P@3 H Div|P@1 P@3 H Div

KNN

) GPT-2

-2 N-Best

8 Random
= CN-Cons
Gold-Cons

89.0 67.3 0.85 0.11|98.0 71.3 0.90 0.02
31.0 22.3 0.39 0.13| 8.0 9.3 0.30 0.11
59.0 45.3 0.53 0.15[63.0 42.7 0.53 0.11
68.0 59.3 0.66 0.11|74.0 61.7 0.70 0.09
72.0 71.3 0.79 0.02| 66.0 67.0 0.76 0.02
78.0 75.3 0.83 0.12|71.0 73.0 0.80 0.10

KNN
& GPT-2
A Random
A N-Best
8 CN-Cons
Gold-Cons

10.0 8.0 0.53 0.10| 40 2.7 0.26 0.01
40.0 34.0 0.45 0.12|38.0 32.0 0.46 0.10
66.0 53.7 0.65 0.09]62.0 46.7 0.57 0.08
69.0 65.0 0.77 0.08|72.0 68.0 0.82 0.07
74.0 70.0 0.81 0.02|72.0 72.0 0.87 0.02
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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http://openeg.8wss.com/generate/

BA

E£2ZkDemo:

| love my mother 145~
p://openeg.8wss.com/g -
\|A
BH; 2EIE T RESNEEEA .. 0
The book was deemed inappropriate for children A~
as HiBS
1B ; D EIS T EHERVIEEE4E ..
AR HREMBEANENELA .. a PP ARG TR AN A O
e £ BiR &S
) g* ] ~ .
B HTE BB ELTE . a D &R O TR o=
A
£ B =
0 %% O BH O h¥X @ EX ik
A iR miEhPRRE T B R EREE NS R
o because she takes care of me I F:
RBR: REMRRETERERELENER
because she is my mother blli5S
resulting in the death of a child B because she makes me happy e
therefore not allowed to be published billi because she loves me unconditionally IR
therefore not included in the report B because she is always there for me HIER
therefore not included in this review TpR because she reminds me of myself BRIB
therefore they were not allowed to read it because she makes me laugh b33
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B, FETAIUEMEHE AR T — SR ﬂ »
FEE, FXPRIREERNI LB LSBT ll W~ W § ProCon
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« 20194E7H, HIT-SCIRIL

EFIES KEHFEER. Bifl.
iR S, BRIE, Fifl. RessetZF X

vl B9 & Rl E
MBI (32t 11,653,062
0
BREHH 1,348,459
BIAERXZRZE 1,410,642
HMREHH
HMRERKLRZE
TRk ERE
ERxZMEF{E 59.54%

F & (EREIEETEV2.0RRA)
| GmEmEEi0 | SEEEEH20

jt:‘%’:iﬁ%k%*ﬁlﬁhﬁ*—l\ Hﬁlﬂ\ W% \

B

IE. A1, Resset. FR. RWH. &
£%. IEE5EZ 2EFEMLENSRETE. £

SIS ARS . R
12,121,279 (301004 /7 2 3CH)

2,187,086 (3&HN80OKANEMH)

1,607,638 (EMMIF20AMNERXR)

2,021,289

414,777

1,883,792

85.12% (#&F1L16%)
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PEL: Perpetual Eventics Learner
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Zhongyang Li, Xiao Ding, Ting Liu, Edward Hu, Benjamin Van Durme. Guided Generation of Cause and Effect. In
Proc. IJCAI 2020

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.

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.

Xiao Ding, Yue Zhang, Ting Liu, Junwen Duan. Knowledge-Driven Event Embedding for Stock Prediction. In Proc.
COLING 2016.

Xiao Ding, Yue Zhang, Ting Liu, Junwen Duan. Deep Learning for Event-Driven Stock Prediction. In Proc. IJCAI 2015.

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.
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