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Introduction

Long history of the needs to identify human activities (or
events) surrounding user behaviors

Increasing number of user-generated contents (e.g.,
social media data)

Several event extraction approaches in terms of text
mining

Interesting applications concerning daily lives of human
beings




What is Event?

* Definition of Event
Ao L A0 LOojL= A2

A2 X AL ORI E
(=2 &2 %, 5)

+ 7|E} @17t2] activityS 1} 22 &l

Definition of EVENT 2+ FiLike
1 a archaic : OUTCOME
b : the final outcome or determination of a legal action

c : a postulated outcome, condition, or eventuality <in the
event that I am not there, call the house>

{a : something that happens : cccurrence h
b : a noteworthy happening
c : a social occasion or activity
d : an adverse or damaging medical occurrence <a heart
\attack or other cardiac event> P

3 : any of the contests in a program of sports

4 : the fundamental entity of observed physical reality
represented by a point designated by three coordinates of
place and one of time in the space-time continuum
postulated by the theory of relativity

5 : a subset of the possible outcomes of an experiment

— event-less 4y adjective

— at all events
:in any case

n.

1.

a. Something that takes place; an occurrence.
b. A significant occurrence or happening. See Synonyms at occurrence.
X . ity

2. The final result; the outcome.
3. Sports A contest or an item in a sports program.
4, Physics A phenomenon or occurrence located at a single point in space-time,

regarded as the fundamental observational entity in relativity theory.




Backgrounds

* Lots of previous work on Newswire (Event Extraction)
MUC scenario template 1987 — 1998
MUC-3/4: terrorist incidents
MUC-6: executive succession

ACE 2005

Eight types of events: Life (Be-Born, Marry, Divorce, Injure, Die),
Movement (Transport), Transaction (Transfer-Ownership, Transfer-
Money), Business (Start-Org, Merge-Org, Declare-Bankruptcy,
EndOrg), Conflict (Attack, Demonstrate), Contact (Meet, Phone-
Write), Personnel (Start-Position, End-Position, Nominate, Elect),
Justice (Arrestlail, Release-Parole, Trial-Hearing, Charge-Indict, Sue,
Convict, Sentence, Fine, Execute, Extradite, Acquit, Appeal, Pardon)

Timebank (detecting temporal association)

Seven types of events: reporting, perception, aspectual, i_action,
i_state, state, and occurrence

Drawbacks

-Limited to narrow domains

-Performance is still not great
I



Backgrounds

* A few related works on social media data [Story, Event]
Blogs
Capturing story events for storytelling [A. S. Gordon, 2010]

#Drawbacks

- Need to identify the implicit
discourse structure of stories

Twitter

Mundane events extraction from Twitter / Event type
classification [A. Ritter, et al., 2012]

#Drawbacks

- Hard to segment entity and entity phrases

- Redundancy of information



Backgrounds

* Event Mining in Multimedia Streams

a real-world event

‘ 2007 NBA Finals, Game 4

a news article @ @ aTv broadst

Spurs celebrate their fourth Ap

5W 1 H Of :’xf‘:"‘:ll'i:::::, San Antonio sweeps
M u Iti m ed ia i v et e o s w002 I B ¥
ﬂ \ / @
Events | ) !

who  The Cleveland Cavaliers and the San Antonio Spurs

when June 14th 2007,9:00 - 11:44pm EDT
where Quicken Loans Arena, Cleveland, Ohio
ACtiOﬂS, activities, - what  The Cavaliers plays the Spurs in Game 4.
a nd thel r aggregates why  The Spurs exhibit teamwork and play good defense.

how  The Spurs win the NBA finals 4-0 with a 83-82
victory in this game.

Example of a real-world event : Game 4 of 2007 NBA Finals
[Excerpted from L. Xie, et al. 2008]




Examples of Events (1/3)

* Events in Commonsense

eating & drinking, running, explosions, questioning, searching,
shouting, public speaking, automobile driving, chasing,
conversation, cleaning, falling, fires, hiding, holidays, leisure,
shooting, sleeping, walking, war, cheering, death, discussion,
hand clapping, music, raising hands, reading, swimming,
examinations, measuring, painting, shopping, smoking, starvation,
writing, experiments, jumping, lifting & carrying, navigation,
children playing, fighting, marriage, parties, singing, travel,

animal feeding, debates, digging, ocean travel, farming,

forecasting, gambling, etc.

[A.S. Gordon, 1999 ]




Examples of Events (2/3)

* EventNet from Open Mind Commonsense Knowledge
umbrela
|
water

| walk in the rain

| catch a
cold
| change
color
| rain
| paint someone's
house
| get wet

| look
pretty

| wash
somone'
s car

|
prepare
1o sell

[J. Espinosa and H. Lieberman, 2005]




Examples of Events (3/3)

* Events from Twitter Data

Steve Jobs died Oct. 6
iPhone 5 announcement coming Oct 4t"

U

Entity Event Phrase Date Type

Steve Jobs died 10/6/11 | DEATH

iPhone announcement | 10/4/11 | PrRODUCTLAUNCH
GOP debate 9/7/11 POLITICALEVENT
Amanda Knox | verdict 10/3/11 | TRiAL




Event Extraction

* Rule-based extraction

Mostly, lexico-syntactic and lexico-semantic [ J. Borsje, et al.,
2011]

* Supervised learning (e.g., CRFs) based extraction

Various features including lexical, semantic (entity type, role ..),
dependency, syntactic, relative-position, etc. [L. Hou, et al.,
2012][A. Ritter, 2012]

* Semi-supervised learning (i.e., Bootstrapping) based
extraction

Automatically learn how to recognize events involving multiple
entities and their roles [T. Liu and T. Strzalkowski, 2012]




Event extraction from Twitter (1/4)

» Stepl: Named Entity Recognition (NER) for Twitter

Sequence Labeling Task
* |OB encoding

Conditional Random Fields

Features:
Orthographic:
* Prefixes, suffixes
Dictionaries:
* type list gathered from Freebase
* Brown clusters
* Qutputs of T-POS, T-CHUNK, and T-CAP
Contextual
* POS tags
* Adjacent words

Word Label
T-Mobile B-ENTITY
to 0]
release 0]

Dell B-ENTITY
Streak I-ENTITY
7 I-ENTITY
on 0]

Feb O

2nd O

[A. Ritter, 2011]




Event extraction from Twitter (2/4)

* Event referring phrases
— Useful to display in connection with events
e E.g. “Steve Jobs” + + “October 6”

Examples:

Apple to Announce iPhone 5 on October 4th! YES!
iPhone 5 announcement coming Oct 4th
WOOOHOO NEW IPHONE TODAY! CAN’T WAIT!

[A. Ritter, 2012]




Event extraction from Twitter (3/4)

* Training Data Annotation
Annotated 1,000 tweets (19,484 tokens)
Similar to EVENT tags in TimeBank

Sequence-labeling problem
|OB encoding
Employs Conditional Random Fields (CRFs)

[A. Ritter, 2012]




Event extraction from Twitter (4/4)

* Step 2: Event Phrase Extraction [A. Ritter, et al., 2012]

Sequence Labeling Task
OB encoding

Conditional Random Fields

Features:

Contextual features

* POS tags

* Adjacent words

Dictionary Features

* Event words gathered from WordNet
* Brown Clusters

Orthographic Features

* Prefixes, suffixes

[A. Ritter, 2012]




Discussions

* Limitations of event extraction
Supervised EE training is very expensive ...
Lots of types of events
Lots of paraphrases of each event

Event annotation is slow (because information is complex)

So semi-supervised methods are particularly attractive

Some research shows that its performance outperforms that of
supervised EE.

However, open domain event extraction requires a lot of
guidance according to event types (or cases)




Challenging Research Issues

* Event Type Classification

— Analyze topicality of the given event phrase

* Semantic Matching of Heterogeneous Events
- Dealing with unknown events by employing knowledge resources

* Web Mining for Event-Based Commonsense Knowledge
— Automatically generating event-based commonsense knowledge

* Activity Knowledge Base Construction

—> Enriching activity/event related knowledge for activity-based
applications




Event Type Classification (1/2) l

# Situation
Many Different Types

* Not sure what is the right set of types
t/ «  Set of types might change

Might start talking about different things

Might want to focus on different groups of user

Latent variable models (e.g., LDA) °

* Unsupervised event type induction

Generative probabilistic models

Categorize events into types, for example:
Sports, concert, perform, movie, product, school, religion, prize, etc.

* Advantages:
Discovers types which match the data
No need to annotate individual events
Don’t need to commit to a specific set of types
Modular, can integrate into various applications

[A. Ritter, et al., 2012]




Event Type Classification (1 /2)

[ Label | Top 5 Event Phrases [ Top 5 Entities

Sports tallgate - scrimmage - | espn - ncaa - tigers - ea-
taillgating - homecom- | gles - varsity
ing - regular season

Concert | concert - presale - per- | taylor swift - toronto -
forms - concerts - tick- | britney spears - rihanna
ets - rock

Perform | matinee - musical - | shrek - les mis - lee
priscilla - seeing - | evans - wicked - broad-
wicked way

TV new season - season fi- | jersey shore - true blood
nale - finished season - | - glee - dvr - hbo
episodes - new episode

Movie watch love - dialogue | netflx - black swan - n-
theme - inception - hall | sidious - tron - scott pil-
pass - movie grim

Sports mning - mnings - | mlb - red sox - yankees
pitched - homered - | - twins - dl
homer

Politics | presidential debate - | obama -  president
osama - presidential | obama - gop - cnn -
candidate - republi- | america
can debate - debate
performance

Event type discovered by LDA model
[A. Ritter, et al., 2012]




Semantic Matching of
Heterogeneous Events
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Propertyn,: Value, : Propertysy: Values,:

Football Match 2010 FIFA World | g p——— U e v v ol 2 S

referee tYP€  name

Spain national | team Sl team,y| Netherlands national oEstainsh possible approximate semantic mappings between
football team ) football team type(s) and properties of the event with type(s) and properties of
location  location e
\ the subscription
| Johannesburg l | FNB Stadium I l [ WikIPEdla'l‘ Freebase ESA ]
o For each mapping establish approximate semantic mapping
An exam P | e event between corresponding values

v

Pick the best mapping between type(s), properties and values
of the event with type(s), properties and values of the
subscription with its quantification the matching score

v

|6 Do post-matching event processing

Event matching procedures

Excerpted from [S. Hasan, et al., 2012]




Web Mining for Event-Based
Commonsense Knowledge

Sentence Collector LOHBsaracEa.
& Knowledge Processor
(" B "~ N
Query String Semantic Role
Formulation Labeling
\ / \ .
( A (" Semantic Role
Web Search Plausibility
\ ) \ Verification y
e S e N
Snippet Extractor Knowledge Distillation
L / . J
Raw Commonsense
Sentence Knowledge [
Database Database

A framework for knowledge extraction process

Lexico-syntactic patterns
for “capability” of the subject

(1) subject + “is capable of" + verb (present participle) (e.g., “A
soldier is capable of fighting the enemy”)
(2) subject + “is able to” + verb (e.g., “The soldier is able to fire

the gun™)

(3) subject + modal verbs (can, will, should) + verb - (e.g., “A sol-

dier can fight the enemy.”)

N
ARGO Verb ARG1
Dog Eat Foods
Dog Bite Someone
Fish Enter The pool
Police Check The taxi's licenses
Police Capture A criminal
Person Hack The system
Person Enjoy Hiking and wildlife watching
Soldiers Stop The violence
Soldier Obey The army

Commonsense knowledge retrieved

Excerpted from [S.-H. Hung, et al., 2010]




Activity Knowledge Base Construction (1/2)

01 — . = 1 =
Activit oal); Event Event,
#” M l Misc
o . Event,
Event; | P I
< '," \\\ \\\

People People \\\ Peanle

Place Place N Place

Tints I Time + Time

Things Things Things

() () ()

A Knowledge Representation Model
Excerpted from [Y. C. Jung, 2010]




Activity Knowledge Base Construction (2/2)

Gordon’s
Activity Frames

Activity CRF-based

Knowledge Activity
Model Knowledge
Extraction

Excerpted from [Y. C. Jung, 2010]




A A H place H = H peobple

a wedding reception and party 60 18 144 172 332 32
a woman giving birth 12 8 55 40 9 27
applying and interviewing for a job 7 27 108 113 88 23
asking someone out on a date 6 8 0 53 31 22
cleaning a house 25 16 1 148 75 5
doing the laundry at home 4 45 10 167 416 6
donating blood at a blood drive 64 33 34 89 89 7
exploring a cave 35 10 12 38 66 19
finding and checking out a book from a library 30 3 12 39 95 13
going gambling in a casino 90 3 34 150 170 37
going skiing in the mountains 146 9 6 107 80 2
going surfing in the ocean 28 4 31 100 73 73
going to a dog show 39 23 60 179 212 36
going to a farmer's market 40 39 68 140 268 52
# f Sl t going to a fast food restaurant 45 6 6 33 326 48
O O going to a flea market 84 36 73 176 273 39
going to a horse show 56 32 38 110 241 36
= going to bed at night 33 43 33 60 28 33
Valu e S ln going to the race track to bet on horse races 44 6 20 202 223 46
going to the zoo 228 16 39 51 188 4
- going trick-or-treating on halloween 80 17 119 77 170 37
E nrl Ch e d going water skiing on a lake 19 3 30 51 95 7
having a drink in a bar 38 8 61 58 146 10
having a garage sale 9 29 52 147 232 17
- - having a tea party 18 14 56 74 366 13
ACthl l y KB living in a nursing home 52 14 71 45 63 42
playing in a marching band 3 0 89 66 120 33
reading the newspaper 0 5 13 47 148 17
riding on a roller coaster 24 3 20 49 67 41
running in a marathon 50 119 69 330 144 102
shopping in a grocery store 83 8 16 40 243 0
shoveling snow in the winter 34 11 5 115 177 2
Gordon’s using a computer for internet access 4 1 0 42 166 7
waking up in the morning 22 36 0 58 69 0
768 writing a poem 4 8 27 135 245 75
3 Total (permit duplications) 1516 661 1412 3501 5734 963
3; 676 Total (distinct instances) 788 522 651 1851 2907

Excerpted from [Y. C. Jung, 2010]




Possible Applications

» Calendar and Activity Prediction
TwiCAL [A. Ritter, 2012]
Activity Prediction [W. Weerkamp, 2012]

* Event-Driven Search
Event-centric search [J. Strotgen and M. Gertz, 2012]

* Various Types of Context-aware Applications
Query-free search
Situation prediction / Intent analysis




TwiCAL

Pipeline for extracting events from Twitter

Temporal
Resolution

S IM|T |W|T|F
N Significance
Tweets ———» POSTag NER Ranking Cal¢ndhr Entfies
< C' [J statuscalendar.cswashington.edu ke
mure... D|3Y|Hg more...
more...
15 16 17 18 19
the reunion: watch, nelly furtado: class, buy, sparkle: see, comes out, the hunger games: comes jonas: married, show,
showing, excited invites see sparkle out, released, movie watch
" timothy green: see, movie, xiaomi phone 2: debut, tapestry hall: bash, bday, seoul: held, tour, based world humanitarian day:
comes out packaging, withstand hosted leave, sign up, join
chicago: performing, party,
ce, | indonesia: released, movie, | the state theater: party, whitney houston: movie, coming sm manila: show, mall,
starting school, &gt; see, comes out change
jason aldean: concert, see,
la: work, record, coming toronto: meet, see, show southfield: bash, bday, going to motorola photon: launch, =
bring rumored, launching
ek tha tiger: releasing, film, | tallahassee: come to, smtown live world tour iii:
watch conference, come out the expendables 2: see, held, chan-chan, concert wildwood: concert, going
o - comes out, watch i to, see
more... more... & more...
e.. more more...
22 23 25 26 £
s leo: birthday, season, leo plaza: see, follow, heavy , show, august 25 club legends get arena: holds, handle,
season impact houston texas: bring, win
) Expendables 2 party, lets
m, | wto: notified, join, link waterloo road: back on, venue sm marilao: buy, album,
coming back, starts on acina a sparty, baton rouge: party, join, show
the 3rd hospital: aired, admission bounce
starting, broadcasted mobile: launching, launch, firestone live: bash,
owning knights of columbus: come | nickelodeon: tour, shown, birthday, performance
drama teaser: watch, out, fuck, grabbing showing
bad | excited, split curtis young: performing, hmv apollo: call
) o show, coming hut inbox: notified, ukranian center august 25: | 07949806892, performing,
russia: notified, join, trade schedule come out, hit, support tickets
= at&amp;t: beginning,
MOTE..- | switch, plan tx: party, free, new jersey summer jam: guangzhou: attend,
& P #thecrewsparty hit, be here, support concert, fanmeeting
more... more,.. more...
29 30 31
he | galaxy note: confirms, club starz: performing, milo peters: contest, win,
launch, unveil hitting, black out winning
liam: birthday, follow, write | performing live: hitting, dvds august 31st: contest,
black out, turn on win, winning
super cup: plav. brouaht . L
< m »

Excerpted from [A. Ritter, 2012]




Activity Prediction

Table 1: Tweets referring to past or current activities. ‘Life mining’
Frustrated with a few things this morning. = “extracting useful knowledge from
Most of all, that I set the wrong alarm and

the combined digital trails left

slept through run time... GRR

I did not sleep at all last night. I must be behind by peOpIe who live a

that excited for Peter and Chris tonight. comfortable part of their life on-line”
yorking on my day off....I wouldn’'t have it any

other way!!!

“Activity prediction is a special case

Bird watching with momma

of life mining”
just finished watching Wrath Of The Titans!
#GoodMovie :)

Table 2: Tweets referring to a future activity.

im gonna wrestle a midget tonight...
uberexcited

I’'m kinda nervous for my date tonight!'!
#NeedToManup

exited to dance with the girls tonight:)
#wewillrockyou

Excited for bodypump class tonight! :D #gym
¢motivated #excited

come on germany tonight.. 1like to see u in the
final.... watching tv tonight at home... have
the dogs.. kids out public viewing

Excerpted from [W. Weerkamp, 2012]



Event-centric search

Textual search query: osis
Temporal query: |13901370)
Spatial query (press SHIFT to draw rectangle on map):

$ i

"t
' 1958.01-01 - Dominican Republic 2 @ Documents & single document events
Data COBYSAMODOISIREMAR  *  yomporst information: 1950.01.01 ¥ & Eldel Castro(32) D1
| Spasal informason: Domincan Aeputic ¥ & Che Guevara{112) D2
) ¥ & Nikita Khrushchev(10) D3
0572 Waems | Qe fuld Cadge ‘ ¥ @ John F. Kennedy (5) D4
emment, Batiin (accompiad et -adnct Andres Rmero Agier = -
Seach | [ Help B Sairied & piane o A 30 the Cominkan Saguibil'n the ey hours o Jamary L 9  History of Miami(13) D5
1888 Accompamying Batista o exle sas an amassad fortune of more than
. I e @ :}r‘:ulll document events ) -
(a') Query interface. ] o %9 1959.01.08 - Havana D1 (1), D2 (1)
- WIRCH Nad i ONG SLAGE Ieponed Guevar's oaalh auning e M Al 3 am o o &
v G Gy Jnewsary 1, 19098 mwim'rmq'm:mm&mmrgmnmﬂ‘;gwemue ° B ' 1962 - Cuba D1 (1), D2 (1)
Gatel e Wih Gusvars, Fugencie Ratista boarded s plare in Havirn and fled bor the o #_7_1962-10 - Cuba D1 {1}, D3 (1)
Wesice , Wong wih an amassed “Tomne of Mmone than § 300,000 000 o .{_1 1962- “H,’ Cuba D2 (1), D3 (1), D¢
o @_7_1065 - Cuba D1 (1), D2 (1)

@ @ Multi document event sequence

® & Event sequence wWt) <= year

. 7 & Event sequence wt) <= month

(= > @ @ Event sequence wWt) <= day

' : » ¥_%_1953-07407 - Costa RicaD1 (1)

.¥ 1953-07-07 - Nicaragua D1 (1)

¥ 1953-07-07 - Honduras D1 (1)

.¥ 1953-07-07 - El Salvador D1 (1)

_¥ 1953-07-26 - Moncada D1 (1)

¥ 1953-07-26 - Santlage de Cuba D1 (
_% 1954-05-15 - Puerto Barrios D1 (1)
_® 1955-08-18 - Havana, Cuba D1 (3)

? 1956-02-15 - Havana, Cuba D1 (5)
crae -9 1956-11-25 - Cuba D1 {1)

‘ — 1 " 8 oy cD:a-n.:? = = ) >, .. |'-‘."-!t-l l-zfz - C[Lm D2 (1) vl
E'}_I_'lm " mmmmLmnqumm T R e | . ]

i

L ]

b
" = = 5 = 2 = s = =
RN RYE "

(b) Map-based visualization of event sequence with v(t) < day for query in (a).
Excerpted from [J. Strotgen and M. Gertz, 2012]




Query Free Search

Event, things,
people, time,
place, misc

Search Engine

Google

Query

Generator

(Detected)
user context

—Things -

= ATET T 6:48 PM

Web Images Local News more ¥
Google [Camping tent @] ( Search )

* Query free search without any manual query

Excerpted from [Y. C. Jung, 2010]

Web infov
Quality Camping Tents Sponsored Links

www.leisuregear.com.au Quality Brands at Great
Prices Free+ Delivery Anywhere in Oz
N mping Tents?

www.kulkyne.com/tents Wide Range of Camping
Tents, View Specials, Great Prices AUS Wide!

S : its for C ing tent
Camping Tents
$38.28 Camping Comfortably

rLogic 2-in-1 Pop- n i

$197.99 NorthernTool.com

Eureka Spitfire UL Camping Tent
$199.90 Eureka Tent




Situation Prediction

Service/API
Pool

Event, things,
people, time,

Peoples

place, misc :
Situation eracion ) (Detected)

Predictor user context

|
Things

* Based on the Situation Prditrsing AKB
* Recommend possible services: (android) app. applications

* Recommend web service APIs for semantic web service composition
Excerpted from [Y. C. Jung, 2010]




Concluding Remarks

* For more complete event extractions for unstructured text

Needs to effectively utilize multiple knowledge resources (e.g.,
Freebase, Wikipedia, etc.)

Temporal, spatial, topical analysis is required

* Event-based knowledge base construction is a way to build
situational knowledge that is essential for context-aware
applications.

Semantic search, service recommendation, intent analysis are
promising candidates
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