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Embedding Dense Event Graph for Script Event Prediction
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Abstract: Script Event Prediction refers to predicting the subsequent event based on a given existing chain of
context events. In the real world, the relationship of different events can be naturally represented as a graph
structure, where events serve as nodes and their temporal or causal relations are depicted as edges. However,
previous approaches that automatically constructed event graphs suffer from sparsity problem due to the limited scale
of corpus and the incapability of information extraction tools. Moreover, they fail to integrate information from higher
order nodes to support multi—step reasoning. To remedy this, we propose a Dense Event Graph (DEG) approach
which use a learnable multi—-dimensional weighted adjacency matrix to address the sparsity issue and characterize

the relation strengths between events. To embed the DEG, we propose a general framework capable of combining
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high—order event evolution information into the event representations. Experimental results on the multiple choice

narrative cloze (MCNC) and coherent multiple choice narrative cloze (CMCNC) demonstrate the effectiveness of our

approach.

Key words: script event prediction ; dense event graph; graph convolutional networks ; event extraction
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F4 MAEIEMCNCIKE LMRA
Tab.4 The performances of fused models on MCNC test set

Jii: HER 1%
DegNet-R + EventComp 56.21
DegNet—R + PairLSTM 54.94
DegNet-R + SGNN 55.57
DegNet-R + EventComp + SGNN 56.53
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Fig.7 The performances of DegNet—G and DegNet—-R with differ-

ent numbers of layers on MCNC dataset
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Tab.5 Comparison between different event representation

schemas on MCNC dataset
WIRFS W 2/%
Average 47.02
Sum 46.88
Nonlinear 53.70
Concatenation 54.86

ANZE Y Sum FT Average 76 R4 A R W LA KB
ATAE M R S b i R B B 22 5
55 Sum Fll Average # [t , 56 T S 800 ik AL v
1% (1) Nonlinear 7E FRUMIAE B b A W 8E 5, WoR T &
R0 SCYE SCAR BT 55 +p 9 B 22 L A Sl
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R T A IR 2 B R 1 B T R
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Pl /DT i3k B BT S A AR 1 R
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T 2% WPERESE TH , R IIA SCHE Y 1 MWAM 2 2 A
AT Z M 2 R 1 RE

&6 SGNNFIZ L) DegNet-R I 7F MCNC $#E &
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Tab.6 Performances of SGNN amd our DegNet—R with
sparse and dense event graph on MCNC dataset

Jiik HER /%
SGNN (sparse ) 5245
SGNN (dense) 53.31
DegNet—R (sparse) 52.93
DegNet-R (dense) 54.86
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Tab.7 Case study for CMCNC dataset

Context: (mother, as, pianist) = (mother, decided

RO teach, cello) = (father, cautioned practice, much) = 7
0.105 C,: (work, plagued by, problems)
0.113 C,: (much, tilt toward, restraint)
0.305(Y) C;: (he, become, musician)
0.110 C,: (it, stopped in, bodrum)
0.133 C: (parents, found in, office)
0.234 Cy: (sonata, wonderful in, containers )
Context: (parisians, arrested on, charges) = (man,
=42 arrested in, subway) = (he, collector of, knives) =
(he, carried as, weapon)=> ?
0.179 C,: (nowhere, moved from, county)
0.132 C,: (process, scheduled for, dec.)
0.096 C,: (you, name on, list)
0.176 C,: (mansour, spokesman of, party)
0.252(Y) C;: (knife, qualify as, illegal)
0.165 Cy: (knife, weighted in, favor)
Context: (runyan, finished, marathon) = (women,
243 led by, samuelson) = (women, run, marathon) =
(runyan, queasy after, race) = 7
0.081 C,: (samuelson, wrote in, ms.)
0.091 C,: (women, reaching by, 1991)
0.119 C,: (man, using in, someone)
0.243() C,: (runyan, won, titles)
0.249(‘/) Cs: (chance, beat for, victory)
0.222 Cy: (chance, said to, lou)
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