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Constructing Narrative Event Evolutionary
Graph for Script Event Prediction

Zhongyang LI, Xiao Ding, Ting Liu. IJCAI 2018
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Entities

X = Customer, Y = Waiter

Context(e,)

walk(X, restaurant), seat(X), order(X, food), serve(Y, food)
eat(X, food), make(X, payment),

c; seem(X)
c,. discover(X, truth)
cs: leave(X, restaurant)

c;: receive(X, response)
c,: drive(X, mile) 0
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((eat)
(enter) - (order)  (serve) | (D) the correet answer

@ the randomly generated

wrong answer
\ (talk)

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

(b) Training event chains. (c) Narrative event graph based on event chains in (b).
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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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Learning Sentence Representations over
Tree Structures for Target-dependent
Classification

Junwen Duan, Xiao Ding, Ting Liu. NAACL 2018



Motivation

 Tree structures are promising for target-dependent
classification

— Capture long-distance interactions between the target and its contexts

— Avoid possible information loss over long sequences

« Limitation of previous work on tree structures

— Rely on external treebank annotations or syntactic parsers

— The tree structures are fixed

BAGZELE 7N
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Our assumptions

Figure 1: For input sequence {x1,x2,z3}, the shift-
reduce orders can be {S,S,R,S,R} and {S,S,S,R,R},
where S stands for SHIFT and R stands for REDUCE.

Shift-reduce parsing

We can obtain a binarized tree
by using only shift and reduce
transitions

Target-dependent
Representation
We can obtain different vector
representations for the
sentence given different
composition orders

e oL
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Our Approach

Transition Generator

>
>

s

Facebook Aquires

r A

WhatApp </s> </s>  Facebook

S Facebook S  Facebook S

reWawawa

Facebook R Facebook

1. Transition Generator
Encoder & Attention-Decoder
Take the target into account at decoding
2. Composition Function
Tree-structured long short-term memory network

Compose words into sentence following the transition

orders

3. Reinforce with self-critic baseline
Reward the generated structures that benefits end tasks- @7 44% 7%

lassification 4
Classificati -

Rewards

— e
—
Possible o e e
Composition Orders

Facebook  Aquires  WhatApp

Composition Function
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EXxperiments

Firm-specific Cumulative Abnormal Return Prediction

Method Class Fl-score
. +CAR3 0.597 ” —s OLJI' Approgch
Sentiment-based ﬁARa gg;g 70| 4 s TGLCTXTLSTM
acro .
+CAR3 0.557
Bi-LSTM -CARj3 0.490 n
Macro 0.523 2
+CAR3; 0575 g
Bi-LSTM + Attention -CAR3z  0.523
Macro 0.549 <
+CAR3 0.552
TD-CTX-TLSTM -CARj3 0.570
Macro 0.561
+CAR3 0.572 . | | | | |
Our APPIOEIC]] -CARS g.ggg ’ “ 25Sentem:Bt: Length35 “ ®
Macro .

Dataset: http://ir.hit.edu.cn/~xding/
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Extracting Key Evidences from Financial
News Documents for Stock
Market Prediction

Junwen Duan, Xiao Ding, Ting Liu



Motivation

 Financial news documents are promising for stock market
prediction

— Title (Ding et al. 2014, 2015, 2016; Xie et al. 2013)
— Leading paragraph (Chang et al. 2016; Duan et al. 2018)

« Limitation of previous work on news documents based stock
prediction
— The value of documents cannot be well explored

— Lack of interpretability

BRAFERE 1)
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Prediction

Sentence Encoder .
o & my
i e e s e s B . _— 1
e L = .
e; I P o iy /
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i nwos ) \ r.
el hs A7 AN
i1
1 1
I 1
: | |!
—_ 1 -
1 1
I 1
1 1
1 1
e |
el e en

1. Sentence Encoder

» Convolutional neural network based encoder

2. Reinforcement Learning Based Sentence Extraction

» The extracted sentences should be beneficial for predicting the
stock market movement, so that we can take advantage of the
stock returns as indirect supervisions to guide the extractions

3. Training

* Maximize the expected reward of the action sequence,, . -, ») 7S

.__i_‘.m
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EXxperiments

Firm-specific Cumulative Abnormal Return Prediction

Method Macro-F1 = Accuracy
TITLE 55.64 56.88
LEADI1 57.08 57.57
Training Development  Test LEAD3 57.56 57.56
+CAR3 5052 253 503 LexRank 56.29 56.29
-CAR; 4981 259 513 TextRank 57.34 57.38
#doc 10033 512 1016 CNN+AVG 5771 57.87
#s/d 21.6 20.8 21.3 HN 3719 28.07
HAN 58.04 58.26
Our Method 59.75 60.62

Table 2: Number of CARj3 in the datasets

Table 3: Experimental results on the test dataset,
the best results are in bold.

Dataset: http://ir.hit.edu.cn/~xding/
D% e 8 2 )

i
_?-_.m
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Case Study

LexRank the company ’s shares rose 3 percent by midday on tuesday after mastercard reported $ 1.43 billion in
quarterly revenue . Noise ]

( reporting by maria aspan . % )

editing by derek caney , john wallace and robert macmillan ) Information

TextRank the company ’s shares rose 3 percent by midday on tuesday after mastercard reported $ 1.43 billion in

quarterly revenue .

the company , which processes credit card transactions but does not lend directly to people , makes
money every time someone buys something with a mastercard credit or debit card . Redundant }
it

people in asia , europe and especially latin america spent more money with mast .
and debit cards during the third quarter . Information
the u.s. hnancial reform law will restrict the processing fees that mastercard and visa earn from debit
card transactions .

but the law is expected to have a light impact on mastercard , because of its small share of the u.s. debit
market .

mastercard has even said the law could help it take some market share from visa , because a provision in
the law would end exclusive debit processing contracts .

Our Method | new york mastercard inc ’s ( ma.n ) third-quarter profit rose 15 percent and beat expectations as people
outside the united states bought more things and switched more of their payments from cash to plastic .
the company ’s shares rose 3 percent by midday on tuesday after mastercard reported $ 1.43 billion in
quarterly revenue .
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Xiao Ding, Yue Zhang, Ting Liu, Junwen Duan. Deep Learning for Event-
Driven Stock Prediction. IJCAI, 2015.

Xiao Ding, Yue Zhang, Ting Liu, Junwen Duan. Using Structured Events to
Predict Stock Price Movement: An Empirical Investigation. EMNLP, 2014.

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

Sendong Zhao, Quan Wang, Sean Massung, Bing Qin, Ting Liu,
Chengxiang Zhai. Constructing and embedding abstract event causality
networks from text snippets. WSDM 2017.

Zhongyang Li, Xiao Ding, Ting Liu. Constructing Narrative Event
Evolutionary Graph for Script Event Prediction. IJCAI 2018.

Junwen Duan, Xiao Ding, Ting Liu. Learning Sentence Representations

P BBAZEKE (D
over Tree Structures for Target-dependent Classification. NAM%.L%JL;&? @"
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