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Statistic Knowledge: Entity-Centric Knowledge Graph
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Dynamic Knowledge: Event-Centric Knowledge Graph
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Extract Events from Texts

Barry Diller on Wednesday quit as chief of Vivendi Universal Entertainment

N4

Trigger Quit (a "Personnel/End-Position" event)
Role = Person Barry Diller
Arguments — . — .
Role = Organization Vivendi Universal Entertainment
Role = Position Chief
Role = Time-within Wednesday (2003-03-04)




Extract Events from Texts

Organization

T

Barry Diller on Wednesday quit as chief of Vivendi Universal Entertainment

Trigger Words Arguments Words
Trigger Quit (a "Personnel/End-Position" event)
Role = Person Barry Diller
Arguments — . — .
Role = Organization Vivendi Universal Entertainment
Role = Position Chief
Role = Time-within Wednesday (2003-03-04)




Extract Events from Texts

Person Organization

Barry Diller on Wednesday quit as chief of Vivendi Universal Entertainment

Trigger Words Arguments Words
Trigger Quit (a "Personnel/End-Position" event)
Role = Person Barry Diller
Arguments — . — .
Role = Organization Vivendi Universal Entertainment
Role = Position Chief
Role = Time-within Wednesday (2003-03-04)




Task Definition

e Definition (ACE)
 An event is defined as a specific occurrence involving participants.
 Event trigger, Event Type, Event argument, Argument role

Barry Diller on Wednesday quit as chief of

\ \ / 1. Event |dentification (Trigger Words)

Trigger QWP\;j*) 2. Event Type |dentification
Role = Person \ rjr‘yblller' 3 Argument |dentlrlcatlon
Role = Organization Vivendi“Universal Entertainmen i '
ganizat \ et 4. Argument Role Identification

Role = Position Chief

Arguments

Role = Time-within Wednesday (2003-03-04)




Event Extraction vs. Relation Extraction

* Relation Extractior
* |dentity the relation between two given entities

/business/company/founder
/ \
SIBVENIBES \vas the co-funder of Apple Inc.

entity1 entity2

* Event Extraction
* |dentity the relation between an event and an entity

Person Organization

Barry Diller on Wednesday quit as chief of Vivendi Universal Entertainment.

Trigger Words Arguments Words




Previous Event Extraction Task

MUC TDT ACE(KBP)

Message Understanding Topic Detection and Automatic Content
Conference Tracking Extraction

Organizer DARPA DAPRA NIST

. ACE:2000-2008
Period 1987-1997 1998-2004 KBP-2014-2017
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Challenges in Event Extraction (Open Domain)
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1200 599 documents
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English data in ACE 2005



Challenges in Event Extraction (Open Domain)
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English data in ACE 2005



Challenges in Event Extraction (Open Domain)

1600
1400 33 event types

English data in ACE 2005



Feature Representation



Traditional Methods for Feature Representation

 Human designed features

Place
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 Joo much rely on imprecise NLP tools for feature extraction
o [imitations for low-resources languages



Dynamic Multi-pooling Convolutional Neural Network

* We propose a Dynamic Multi-pooling Convolutional Neural Network(DMCNN) to
automatically capture the lexical-level and sentence-level features without POS
tagging/syntactic Parsing/... (ACL-2015)

Sentence Level Feature Extraction
I | | |

Sentence Feature Input Convolutional Dynamic Multi-pooling
N
HEEEEEEN
2 HEEEEEEN
camerama - 1 111111
died HEEEEEENE
when ...-.-.
an |
American .......
tank A
fired Sl PF - EF
on
| | | | | | |
Embedding Learning Lexical Level Feature Representation Classifier Output

Yubo Chen, Liheng Xu, Kang Liu, Daojian Zeng and Jun Zhao, Event Extraction via Dynamic Multi-Pooling Convolutional Neural Networks, in Proceedings of ACL-IJCNLP 2015, Beijing, China, July, 26-29



Dynamic Multi-Pooling Layer

e Traditional CNNs use max pooling
 We perform Dynamic Multi-Pooling

Barry Diller on Wednesday quit as chief of Vivendi Universal Entertainment.

pji = max(c;ji)

Max Pooling | | Dynamic Multi-pooling |

Eambiira maam 2
Feature map J

Feature map 1
—. Feature map 1

max(c,)

max(c,)
) max(c,,)

max(c,,)
max(c,;)

max(c,)




Experimental Results

 ACE Dataset
* 40 newswire articles from ACE 2005 as test set
* 30 other documents from different genres as development set
* The rest (529) documents for training

Trigger Trigger Identification Argument Argument 1/1 I/N all

MIGHTERES [dentification(%) | + Classification(%) | Identification(%) | Role(%) Stage IEEEENS F, | F, | F

P R F P K & P R F r R_F Embedding+T | 68.1 | 25.5 | 59.8
Li’s baseline 762 605 67.4 | 745 59.1 659 74.1 37.4 497 | 65.4 33.1 4309 Trioper | '
Liao’s cross-event N/A 687 689 6838 50.9 49.7 503 | 45.1 44.1 44.6 P
Hong’s cross-entity N/A 729 643 68.3 534 529 53.1 | 51.6 455 483
Li’s structure 76.9 650 704 | 73.7 623 675 69.8 479 568 | 647 444 527 Kronmeni
DMCNN model )

Compared with the state-of-the-arts Effect of dynamic max-pooling

Our method achieves the best performance without the need of the existing NLP tools



Event arguments are important to the Event Detection

Mohanmad fired Anwar, his former protege, in 1998.

Attack or End-Position?

e |t we consider the argument phrase “tormer protege” (Role=Position),
we will have more contidence to predict it as an End-Position event.

Shulin Liu, Yubo Chen, Shizhu He, Kang Liu and Jun Zhao, Leveraging FrameNet to Improve Automatic Event Detection, in Proceedings of ACL 2016, Berlin, Germany, August, 7-12



More Attentions on Argument Words

* The rp of trigger candidate w e e
* the embedding of w QQ o, o :
W Wi W2 Wk Wi O
O O = Ow D Oe
* The rp of the contextual words l I l : o
Wk=f(wik* W)
C’lU p— CwaT W :-WI-WE--W[ ......... o 7:
I EI I I I:CL@ Classifier Output
 The rp of the contextual entities Mv,wf(w.:;9?;.Zjf_ff_ff_ff_ff_ff_ff_ff_ff_ff
¢ I €2 ek

. : Hidden Layer
Ce = Cear | | B
- : 66 @A bA Input Layer
Cw and Ce are contextual words and entities, respectively. L [TT]

a Is the attention vector, which is computed as the manner
iHUStratGd in the rlght ﬂgure- l Context Representation Learning (CRL) l l Event Detector (ED) !




Attention Supervision

Strategy 1: only pay attention to argument words

Mohamad fired Anwar , his former protege, in 1998 .
{ raw attention |}

1 0 1 00 O 1 00 1 0 |
¢ normalization ¢
0.25 0 025 00 O 025 00 025 0 |

* Strategy 2: pay attention to both argument words and their surroundings
o Step 1: obtaining the raw attention vector in the same manner as S1
e Step 2: creating a new vector a’ with all points initialized with zero
« Step 3: for each @; = 1 , we update the new vector:

a;-}-k — CV;Z—I—k +g(‘k‘7uvg)ak S [ waw]

o Step 4: calculating the final attention vector a* by normalizing o



Regularization in Learning Model

| 0ss function of attentions

T

D(©) =YY (o'} — )’

=1 7=1

e Joint loss function



Compared with State-of-the-arts

« ACE2005
Methods P R F
Li’s joint model (2013) (3.7 | 62.3 | 67.9
Liu’s PSL (2016) 75.3 | 64.4 | 69.4

Liu’s FraneNet-Based (2016) | 77.6 | 65.2 | 70.7
Ngyuen’s joint model (2016) | 66.0 | 73.0 | 69.3

Ngyuen’s Skip-CNN (2016) N/A 71.3




Training Data (Generation



Generating Labeled Data from Structured KB

e Distant (Weak) Supervision in Relation Extraction

~ Frecbase Ehe New Nork Simes

Knowledge base

Steve Jobs was the co-founder and
Relation Entity 1 Entity 2 CEO of Apple and formerly Pixar.

Founder Steve Jobs  Apple # Steve Jobs passed away the day
before Apple unveiled iPhone 4S.



The Strategy doesn’t work for Event Extraction

e [riggers are not given out In existing knowledge bases

|

Trimity Unised Church of Christ

.

f

An example of spouse of relation
e e e e s e e . o S S S o e . S o o o e e e e )

[

RE: ( entity1, relation, entity?)
We can use Michelle Obama and Barack Obama to label back

We can not use m:02nqglv and Barack Obama to label back

In ACE, an event instance is represented as a trigger word



Training Data Generation

o Stepl: Event Trigger Words Extraction

Assumption: The sentences mention all arguments denote such events

o Step2: Argument Extraction/Role [dentification
e using ligger words and entities

Bany Dille on Wednesday G it as chit o Vivendi Universal Enertainment

Solution: Using Key Arguments

Yubo Chen, Shulin Liu, Xiang Zhang, Kang Liu and Jun Zhao, Automatically Labeled Data Generation for Large Scale Event Extraction, To appear in Proceedings of ACL 2017, Vancouver, Canada, July 30-August 4.



Arguments Selection for Events

o Arguments for a specific event instance are usually mentioned In
multiple sentences.

Event Type El# A# S#
education.education 530,538 8 0
film.film_crew_gig 252,948 3 8
people.marriage 152,276 S 0
military.military_service 27,933 6 0
olympics.olympic_medal_honor 20,790 5 -

sum of the selected 21 events 3,870,492 | 100 | 798

Statistics of events in Freebase.

Only 0.02% of instances can find all argument mentions in one sentence



Our Method for Generating Labeled Data in Event Extraction

‘l

Key Trigger Trigger Word Automatically Labeled |\

Argument Word Filtering and Labeled Data Training \
Detection Detection Expansion Generation Data

"'_!-: :‘..'l -.
Wikipedia Frame$




Our Method for Generating Labeled Data in Event Extraction

" \ Key‘ T\:\j'gg;r I:“lgg“ }\"0:: Automatically Labeled
o Key Argument Detection g;;z;;:; i
. C"'O'u nt (‘4 73 E Tj ) ikipedia CFabee
. R ‘ S ‘ y : R‘S g S — ‘ f~ Frechase .0‘&:’; N
Ole oallenc + Count(ET;) p—
Sum(ET)

» Event Relevance: ER:i=le = rmrm
¢ Key Rate KR;; = RS;; * ER,;

e [rigger Word Detection
: : : , Count(Vi, ET'S;
* Trigger Candidate Frequency: TCFE; = C,.mf,ft(ETSj))
. . Sum(ET
* [rigger Event lype Frequency: TETF =log;— Cou,ft( E)TL_)

* Trigger Rate: TR, =TCF,+TETF.

we choose verbs with high TR values as the trigger words for each event type



Our Method for Generating Labeled Data in Event Extractlon

T_ggc r Word Automatmlly Labele

* [rigger Word Filtering and Expansion

 We propose to use linguistic resource FrameNet to filter n0|sy
verbal triggers and expand nominal triggers

frame(i) = arg max(simalarity(e;, e; 1))




Our Method for Generating Labeled Data in Event Extractlon
[H
 Automatically labeled data generation % .....

e We propose a Soft Distant Supervision and use it to
automatically generate training data

Event of people.marriage in Freebase

id role spouse spouse from to location of ceremony

m.0ZngglviBarack Obama [Michelle Obamal 70/3/1992 Trinity United Church of Christ

Mentions from free texts

1. Michelle Obama was raised Methodist and joined the Trinity United el
Church of Christ, where she and Barack Obama married. Q
2. Michelle Obama and Barack Obama married in October 1992, and have

two daughters, Malia Ann and Natasha. Q
3. Michelle Obama and Barack Obama attended the wedding of his top aids j«-

n Florida. € T T

Trigger list of people.marriage event




Neural Network of Event Extraction

« DMCNN in ACL-2015

Sentence Level Feature Extraction
| l 1 |

Sentence Feature Input Convolutional Dynamic Multi-pooling
.
HEEEEEEN
a HEEEEEREN
camerama el PP
died HEEEERN;
when HEEEEEEN \
an i
American :
tank
fired

on

L | | | | |
Embedding Learning Lexical Level Feature Representation Classifier Output




Employing Multi-instance Learning to alleviate Noisy

e [raining Method: Multl-Instance Learning

* |In stage of argument classitication, we take sentences
containing the same argument candidate and triggers with a
same event type as a bag and all instances in a bag are
considered independently.

Algorithm 1 Multi-instance learning

I: Initialize #. Partition the bags into mini-batches of size
b.

2: Randomly choose a mini-batch, and feed the bags into
the network one by one.

3: Find the j-th instance m; (1 < 2 < b.) in each bag
according to Eq. (10).

4: Update # based on the gradients of m’ (1 < i < b.) via
Adadelta.

5: Repeat steps 2-4 until either convergence or the maxi-
mum number of epochs is reached.




Experiments

Generated Labeled Data

Event Type Frc;c;ggsc SC?EXE‘CS Sﬁgﬂ%ﬁs Examples of argument roles sorted by KR Examples of triggers
people.marriage 152.276 36,837 26,349 spouse, spouse, from, to, location marriage, marry, wed, wedding, coupke...., wife
music.group-membership 239813 90,617 20,742 group, member, start, roke, end musician, singer, sing, sang, sung, concert...., play
education.education 530,538 26,966 11,849 student, institution, degree...., minor educate, education, graduate, learn, study...., student
organization.leadership 43,610 5429 3416 organization, person, title...., to CEO, charge, administer, govern, rule, boss...., chair
olympics.olympic_medal_honor 20,790 4,056 2.605 medalist, olympics, event...., country win, winner, te, victor, gold, silver...., bronze
sum of 21 selected events 3,870,492 421,602 argumentl, argument? ..., argumentN triggerl, trigger2, trigger3, ... . triggerN

e Manual Evaluations of Labeled Data

#2001 He 1s the uncle of [Amal Clooney], [wife] of the actor [George Clooney].

Trigger: wife  Event Type: Marriage MannalAnotate[Y/N]:
Argument: Amal Clooney Role:Spouse ~ MannalAnotate[Y/N]: Sta ac Ave age Precisipn
Argument: George Clooney Role:Spouse ~ MannalAnotate[Y/N]:

Trigger Labeling

##002 She was [married] to the cinematographer [Theo Nischwitz] and was Argument Labelmg

sometimes credited as [ Gertrud Hinz-Nischwitz].

Trigger: mamed  Event Type: Marnage MannalAnotate[Y/N]:
Argument: Theo Nischwitz Role:Spouse ~ MannalAnotate[Y/N]:

Argument: Gertrud Hinz-Nischwitz Role:Spouse ~ MannalAnotate[Y/N]:



Results

e Main Results

Methods Trigger Trigger Identification Argument Argument
[dentification(%) + Classification(%) Identification(%) Role(%)
P R F P R F P R F P R F
Li’s structure trained with ACE 76.9 65.0 704 | 73.7 623 67.5 69.8 479 568 | 647 444 52.7

Chen’s DMCNN trained with ACE | 80.4 67.7 735 | 75.6 63.6 69.1 68.8 51.9 59.1 | 62.2 469 535

Nguyen’s JRNN trained with ACE | 68.5 75.7 719 | 66.0 73.0 69.3 61.4 64.2 62.8 | 542 56.7 554

DMCNN trained with ED Only 77.6 67.7 723 | 729 63.7 68.0 64.9 51.7 57.6 | 58.7 46.7 52.0

DMCNN trained with ACE+ED 797 69.6 743 | 75.7 66.0 70.5 71.4 569 63.3 | 62.8 50.1 55.7




Summary

 Open Domain Event Extraction
o EXploiting neural network for feature representation

 Employing existing KB (Freebase) to automatically generating
training data

* [his strategy could be expand to many domains and event types



Thanks for your attention

Questions?



