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Cyber-Physical System Challenges
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e Data Correctness Guarantees
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Role of Humans in the Loop?

 The CPS “Control Loop”

The loop represents a causality
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Humans as Sensors
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Overview

* Following problems are not well addressed/defined
in traditional sensor network application:
Q1: What would happen if “sensors” are not known to the
application a priori?
Q2: How to model a person as a “sensor”

Q3: How to assess the quality of the results without
independent ways of verifying the reliability of sources
and correctness of their measurements?

* The work discussed in this lecture made efforts to
address the above problems emerging in social
sensing |
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Examples of Social Sensing

Participatory Sensing

Geotagging

CabSense
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Human’s Role in Social Sensing

/ Human are sensors

themselves!
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Data Reliability Problem in Social Sensing
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Challenges in Reliable Social Sensing
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Bridging Data Mining and Estimation Theory
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State of the Art

 Fact-finders
— Rank both sources and assertions
— Heuristic based approach

e Data Cleaning and Outlier Analysis

— Data Mining: Binning, Regression, Clustering,
Statistical-based, etc.

— Statistics: Kalman Filter, Particle Filter, etc.
* Reputation Systems

— Simple counting: eBay

— Complex heuristic: similar as PageRank



Basic Fact-finding

Fact-Finding
Source
. . Reliability

‘ Participant (or Source) ‘
. Claim [Binary: True or False] { ﬁ E
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# of True claims /Total # of claims
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Claim
Correctness

4

Probability a claim is
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Basic Fact-finding
‘ Participant (or Source) ‘ .
. Claim [Binary: True or False] ﬁ
Fact-Finding .

Source Claim
Reliability Correctness




Basic Fact-finding

. Voting

‘ Participant (or Source)
. Claim [Binary: True or False]

Fact-Finding

Prior: 3 true claims and 2 false claims
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Basic Fact-finding

‘ Participant (or Source)
. Claim [Binary: True or False] ' ‘
Fact-Finding
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0.33 False

C1
C2

0.5 > . True
m—
C3

0.5 : . True  CS

|

N N W W

Prior: 3 true claims and 2 false claims



Examples: Some Fact-Finding
Algorithms

1. Sum (Hubs and Authorities)
cred (S) E Clred

ceC

C (=5 ()

SES

where C is the set of claims made by source s
and S is the set of sources that make claim ¢
2. Average-Log

D Cra©
S' (s)=log|C |==

1€
avoid source from obtaining high credibility by simply making many trival claims

3. Investment

Sl—l (S)
i- cred
cred (S) E C red i-1
e Sm,(r)
ICS |
|C, |

incoporate the trust the source previously invested into each claim 26



Basics of Maximum Likelihood
Estimation

A Simple Example:

A random number generator G(T):

— |t can generate a random integer in [1,T] with
a uniform probability distribution

e Question:

— If T only has two possible values: 10 and 20,
we run G(T) once, the generate number is 5.
What is the most likely value of T?



Basics of Maximum Likelihood
Estimation

A Simple Example:

A random number generator G(T):

— It can generate a random integer in [1,T] with
a uniform probability distribution

e Question:

— If T can be any integer value, we run G(T)
once, the generate number is still 5. What is
the most likely value of T?

MLE: Make the guess of the estimated parameters
for which the observed data is least surprising!



Maximum Likelihood Estimation

Events

Boston Marathon
Explosion

Egypt President
Arrest

~

Measured Variables

Attribute:
Reliability
Attribute:
True/False

Sources
Maximum
O 'm Likelihood

_ Estimation -Reliability of sources
: ﬁ-Correctness of variables

D. Wang, et al., IPSN, 2012
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Maximum Likelihood Estimation

True Measured
Variable

False Measured
Variable
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Maximum Likelihood Estimation

Basic Definition

True Measured
Variable

False Measured
Variable

a,= P(SC,|C")

} [ XS.
Using Bayes Theorem: a, = ——

where d is the overal prior that a randomly

chozen measured variable is true

b=P(SC,|C))

(1-2)xs,
1-d
where d is the overal prior that a randomly

. s
chozen measured variable 1s true

Using Bayes Theorem: b, =
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Expectation Maximization

Background and Problem Formulation

Expectation Maximization Z={z, z,, ...zy} Where z,=1 when
L(0:X) =p(X|0) = Zp (X,Z)0) assertion C;is true and O otherwise
\ '\ Observation Matrix
Estimation Observed Hidden X O L]
parameter data Variable » %.
[]
Expectation Step (E-step) Apply EM E :

Q (9|9(t)) = EZ|X,9(L) log L(0; X, Z)]

Maximization Step (M-step)

1) = argmax Q (9|0(t))
0




Maximum Likelihood Estimation

Source Measured Variable
Reliability Correctness

’ . Find the

“unknown” values

of variables, 0, that
maximize the
probability of
observations

[

>
L)
L

Observation Matrix, SC



Maximum Likelihood Estimation

Source Measured Variable
Reliability Correctness

’ . Find the

“unknown” values

of variables, 0, that
maximize the
probability of
observations

k.
[ ]
[ ]

Maximize:

P(S5C|9)

Observation Matrix, SC



Maximum Likelihood Estimation

Source
Reliability

Observation Matrix, SC

Measured Variable
Correctness

Find the
“unknown” values
of variables, 0, that
maximize the
probability of
observations

Maximize:

P(S5C|9)

“

Continuous unknowns

that depend on discrete
unknowns, z?



Maximum Likelihood Estimation

Source
Reliability

Observation Matrix, SC

Measured Variable
Correctness

Find the
“unknown” values
of variables, 0, that
maximize the
probability of
observations

Maximize:

P(SC|8) =Y P(SC.z|8)

-

Continuous unknowns

that depend on discrete
unknowns, z?



Maximum Likelihood Estimation

Source

Measured Variable
Reliability

Correctness

’ . Find the

“unknown” values
of variables, 0, that
maximize the
probability of

observations

Source reliability
Variable correctness

Maximize:

P(SC|8) =Y P(SC.z|8)

-

Continuous unknowns

that depend on discrete
unknowns, z?

Observation Matrix, SC



Maximum Likelihood Estimation

Source Measured Variable

Reliability Correctness Source reliability

’ S . Variable correctness
Maximize: \ \/

P(SC|8) =Y P(SC.z|8)

* Take log of both sides

* QObserve that log of sum is
higher than sum of log

* Maximize sum of log

Observation Matrix, SC



Maximum Likelihood Estimation

Source Measured Variable

Reliability Correctness Source reliability

’ S . Variable correctness
Maximize: \ \/

P(SC|8) =Y P(SC.z|8)

* Take log of both sides

* QObserve that log of sum is
higher than sum of log

* Maximize sum of log

On 1 = argmaxe{E. 5c g {InP(SC.z|0)}}

Observation Matrix, SC



Maximum Likelihood Estimation

Source Measured Variable
Reliability Correctness
’ , . On 1 = argmaxe{E. 5c g {InP(SC.z|0)}}

And since variables are independent:

N
P(SC.z|8) = [ ] P(SC;.z;16)
j=I

Hence:

N
P(SC.z|8) = HP(SC 8.2;)P(z;)

Observation Matrix, SC



Expectation Maximization

Solution
Likelihood function of EM

L0;X,Z)=p(X,Z|0)

N M M
11 {Haf‘cj(l —a;) TG e d oz + T 077 (1= b)) x (1 —d) x (1 - zj)}
j=1

i=1 i=1
Expectation Step (E-Step)

Q (o1 = Baxoo loeLO:X.2) Z(t,))= f(a(t),b(t), d(t)j)

N M
= Z { [Z (S:Cjloga; + (1 — S;C; —a;) + log d)]
j=1 1=1

M
+p(z; = 0/ X;,01) x [Z (S:C;logb; + (1 — S;C;) log(1 484) + log(1 —d))] }
i=1

Maximization Step (M-Step)
AR
o=l Zz\::za(J;) lterate
Ki—3 cs4,4(t,7)
N -3 Z(t,5)
>y Z(t,3) 2
N

t+1 B
b =) =

(t+1) _ g+ __
d* =d; =



Expectation Maximization
Solution-Optimal Iteration

EM’s Iteration ) )
Fact-finder’s Iteration

E-Step
Z(1, )=
L (1)S,C (1-5C;) 2 g
i 1)\ =3¢ es
Hai (l_ai()) xd Ccretd = [CS]SC”ed
LN 1-5,C K sc 1-5,C
l—‘[ai(t) ,» j(l_ai(t))( -5C;) Xd'l'nbi(t) i j(l_bi(t))(- iC;) X(l—d)
S |=[CSTC
Iterate |~ cred
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Expectation Maximization
Evaluation

e Simulations:
— Source Reliability Estimation Error
— Measured Variable Classification:

* False Positives: False variables misclassified as true/
False variables

* False Negatives: True variables misclassified as false/
True variables

* Evaluate EM through emulated and real social
sensing applications



Evaluation

Simulation: Sensing Topology Generation

M

>

» False Measured
Variables
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Expectation Maximization

Simulation
Estimation Accuracy of EM vs Baselines with Varying # of Participants
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(a) Participant Reliability Estimation (b) Measured Variable Estimation: (¢) Measured Variable Estimation:
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Parameters:

Number of True Measured Variables: 1000
Number of False Measured Variables: 1000

Average Number of Observations per Participant: 100
46



Expectation Maximization

Simulation
Estimation Accuracy of EM vs Baselines with Varying # of Observations per Participants
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Parameters: _

Number of Participants: 30
Number of True Measured Variables: 1000
Number of False Measured Variables: 1000

Average Number of Claims per Participant: 100-1000 47



Expectation Maximization

Simulation

Estimation Accuracy of EM vs Baselines with Varying Ratio of True Measured Variables
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Imization

Expectation Max

Simulation
Estimation Accuracy of EM vs Baselines with Initial Estimation offset on Claim Prior (d)
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Parameters:

Number of Participants: 30
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Evaluation

Estimation Convergence of EM
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Expectation Maximization
Emulated Geotagging Application

Entrance

False Negatives:
Missed Litter Locations/
Total Litter

False Positives:
Incorrectly labeled
Locaijons/Total Locations

P.: probability
to continue

O Z &

(O Reported Litter

Litter s Trall o



Expectation Maximization

Emulated Geotagging Application
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The Apollo Fact-finder

http://apollo.cse.nd.edu/

Toward Fact-finding for human centric sensing

Overview Apo’.;o is a new sens
information processin
tool for uncovering

Publications facts in noisy social

People

uman-centric) sensing
Demos

Datasets

years as a paradigm
crowd-sourcing
observation tasks.
However, it poses
sting challenges
ng confidence in
information received.

Isy borrowing clustering
and ranking tools from
data m ng literature, h how to group data into sets (or clai
observations, then iteratively asses
ultimately leading to a ranking of des
Apollo belongs to a category
fact-finder designed and

Thris is a collaborative work of




The Apollo Fact-finder

http://apollo.cse.nd.edu/

Application Independent Application Dependent
< < >
o . — o
What to Claim Credibility {+— Distance Text
believe? Assessment | Claim Metric 7 Front-end
Clusters sourlles l s 4
* @ ) ommmo
| Distance || Sensor Data
[.)at.a . - . Metric S Front-end
Reliability - > € y.
3 )
. GeoTag
Who to T A
believe? Source Credibility Metric L Front-end
elieve: Assessment 4
, 2
| (Distance Image
= === == Metric 7 Front-end
Network of Source | ”

and Claims

The Architecture of Apollo
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Github: Apollo Source Code

https://github.com/ApolloFactFinder/Apolio

O - This repository ~ @  Explore Gist Blog Help 7 wonderman B ¥ P

PRIVATE ApolloFactFinder / Apollo & Unwatch ~ 12 s Star 2 P Fork 1

Apollo The Fact Finder http://apollofactfinder.org — Edit

<> Code
105 commits 19 branches 0 releases 1 contributor
© lssues 0
{9 branch: ARL_APRIL 2013 ~ Apollo / [ {9 Pull Requests 0
This branch is 71 commits ahead and 3 commits behind master Pull Request Compare EE Wiki
ARL APRIL 2013 Demo
Tanvir Amin authored 13 days ago latest commit 6478bd2845 [ 4~ Pulse
B analysis ARL APRIL 2013 Demo 13 days ago {1 Graphs
B fact-finder ARL APRIL 2013 Demo 13 days ago )
Y Network
I misc misc 4 months ago
a :
B now ARL APRIL 2013 Demo 13 days ago /A Settings
B now2 ARL APRIL 2013 Demo 13 days ago
HTTPS clone URL
B web-site testing 4 months ago

https://github.com/i | [

T
J

=| .gitignore Current files of apollo on Hieu machine 2 years ago You can clone with HTTPS, SSH,
or Subversion. ®
= README Re-organize plugin 2 years ago
[4 Clone in Desktop
= __init__.py Can export task now 2 years ago

<> Download ZIP

T
J

=| auth.sh ARL APRIL 2013 Demo 13 days ago



Evaluation of EM using Twitter Data

The Apollo Fact-finder

Application Independent Application Dependent
< >|<

=

What to Claim Credibility
believe?
(.

Assessment Claim

Information
Distillation

Who to Source Credibility
believe? Assessment '

Network of Sources
and Claims

|
|
Assured :
|
I
|
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EM is Integrated with Apollo
A Real World Application

Create new task

Keyword 1 |
Keyword 2 |

Keyword 3
Latitude

4274638 " longitude 7556903 |Radius (miles) [100

Keywords/Location

|| ] 0.
PO | A ol o Ma;
¥
i Q. L,OO de\cmmm Ere T
muv-.._'MW'vN o o &
Ohio Akron Pennsylvania
wuna D.gm o ONewwk M‘M" vm. New Jcruy
peryen ||_J"‘9°“ Columbus Maryund Phlhdobhtl
C-noman V\lmﬂ W‘m‘“‘° Dolawnro
Lomvmo g
: S B Rehman  (Districtof
Kontucl\y ‘ qw‘;OVrg inia @ o ? Wumbu
U0 bn Knoxvite o S v daks S2012 Gocgle, INEDI - Tems ot U
154 o Raneh e dal Google, ms ze

[mel with Search AP| E m

Current tasks
Created Time (Central IRunning time Collected Data i
TaskID  Irime) (Seconds) (Bytes) @
Mon Oct 24 17:39:30 En
1319495370 5011 14402967 2768896 |L5_U_

Data Collection Frontend

Datasets/Analysis

Datasets,

ieney [
Analysis. -]

haw finaks ;

FactinderEN-CRB [v]

\ No Re fireet E]

EM is integrated as an

option for data analysis

| Creat EM_CRB Analysis |

D Type  Params Status Actions
EM CRB-with retweet-1333396869 EM_CRE {'inclucle_retweet"true} active Delete|Show
Bayesian-no retweet-1317906174  Bayesian ‘{"include_retweet“:false} active Delete|Show
Bayesian-with retweet-1317906167,Bayesian ‘{"include_retweet":true} active Delete|Show

EM CRB-no retweet-1333397290 'EM_CRB {'include_retweet"false} active Delete|Show

Analysis Viewer

Information Analysis Frontend .,



Real World Event Tracking from Twitter Data

tuws tter
kwitter $ Search Q Home Profile  Me Get short, timely messages from andiarief.
Twiter s formaton. 13 ees

sigaves

H AndiAriefNew

What’s happening? Your lweels 12

22 Feb : javad| include

Following 17 Besok jakarta tsunami s
Timeline @Mentions  Retweets Searches Lists Han
. BarackObama Barack Obama
Ml Today's tip: email all your friends who support the President with a
w

2012 i your personal fundraising page: OFA BO/bic1CY Who to follow - refies|

10 Sep B AmericanExpre:

—— Promoted

; BarackObama Barack Ohama =
President Obama marks the tenth anniversary of the September
PASEV] 11th attacks: OF A BO/GxhBZN

0Sep
10 Sey

Datasets collected:

Egypt Unrest Hurricane Sandy Japan Tsunami and

Boston Bombing
Nuclear Event 59



Egypt Unrest
(1.5M Tweets, Feb. 2011)

# | Media Tweet found by EM 6 Hun;lre'('i of thc?usands of anti-government protesters Eg'ypt :set for 'Day of De-
- - gather in Tahrir Square for what they have termed | parture’: Thousands of Egyp-
1 | Google says one of its Middle East managers | Google says cant find manager the "Day of De " . .
h issing in Cairo, where violent protests | last seen in Cairo (AP) 2y of Departure™ tan protesters are again ex-
as'gone m'SS',ng mt : ‘ent p pected in Cairo’s Tahrir Squar...
against the ruling regime have embroiled Egypt’'s http://bit.ly/i99rM
capital for the past week. 7 | The leadership of Egypt’s ruling National Demo- | Leadership of Egypt’s
2 | Number of protesters in Cairo’s Tahir Square are re- | Aljazeera: Protesters  flood cratic Party resign, including Gamal Mubarack, the | ruling party resigns
vised to more than a million people. Egypt streets: Up to two million son of Hosni Mubarak. Hd Badrawi, a mem- | http:/bit.ly/hebSGm
Media Report Tweev. .nd by EM I
3 | Egypt faces a ive .W.ael
as protestors ( n::ssmg
¢ Q . Egypt,
pledge to not g\ I-Ts [EW 3 {=YeTe] ¢ Tweet found by EM Goo..
and continued
i diately. H ’ g g : /] new elec
7 [memetsenic The leadership of Egypt’s ruling National Leadership of Egypt’s o
Democratic Party resign, including Gamal ruling party resigns
http://bit.lv/hebSGm. . Pv of
5

barack, the son of Hosni Mubara!. Hossam L o
Bursts of he is gathered
government d iare on Fri-
five people de: pa o
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Hurricane Sandy
(2 M Tweets, Nov. 2012)

# | Media Tweet found by EM

1 | More than 60 million Americans are [ US East Coast braced for
braced for the impact of Hurricane | storm: People in the US East
Sandy after forecasters said it could be | Coast are urged to prepare
the biggest storm ever to hit the US | for the arrival of Hurricane
mainland. Sandy... http://t.co/jTAYo619

2 | New York Governor Andrew Cuomo | Governor Cuomo An-
says New York City subway, bu nounces Public Transporta-
train service will be suspended tion Shutdown At 7 PM
at 7Tpm ET ahead of Hurricane Tonight: ATTN: New Yorkers

3
c
 New Jersey and New York, struggling

—— to recover from the wreckage of Sandy,
a d today b h
1 were staggered today by a gas shortage
fc
i1

5 | Huiiicane sauy, vne ui vie saaguoy | arusiscose ooaa FPTCTES

storms to ever hit the East Coast,
pummeled Massachusetts on Monday
with punishing winds and dangerously
high seas, flooding some coastal ar-
eas, and cutting power to some 385,000
homes.

East Coast, pummeled Mas-
sachusetts: Hurricane Sandy,
one of the largest storms to
ever h... http://t.co/hKqFeLf6

Hurricane Sandy caused destruction
up the Eastern Seaboard from North
Carolina to Maine, with much of the
damage centered in New York and New
Jersey.

The aftermath from every an-
gle: Hurricane Sandy leaves a

trail of damage across the East
Coast. http://t.co/AhOEPath

NEW YORK (AP) Superstorm Sandy
knocked out a quarter of the cell towers
in an area spreading across 10 states,

f Media Report Tweet found by EM

Live gas chat: Hurricane
Sandy causes massive
lines at N.J. gas stations
http://t.co/91AbNOI2

Hurricane Sandy has knocked
out 25 percent of all cell
towers, cable services in 10

rricane
1 h nassive
1

40000
1 Post:
'cKzTUSW isis ...

tations
Y A AT A A

Super-

10

On the East Coast, Election Day was
hectic. Sixty-six polling places in New
York had to be moved. The governor
also signed an executive order, so New
Yorkers could vote anywhere.

Sandy disrupts voting; U.S.

Northeast braces for new storm
http://t.co/SIZupk8G

L g —
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Japan Nuclear Disaster

(1.0M Tweets,

March 2011)

The first earthquake hits Japan

The government warns the possibility of radiation
leak

Large number of dead and missing were reported

Prediction of high probability of nuclear meltdown at
Fukushima

Cooling system at Fukushima nuclear plant failed

RT @Hu.PostWorld: BREAKING: Massive 7.9
earthquake reportedly rocks Japan, 19-foot
tsunamis feared http://hu..to/ezzmQb

RT @Reuters: Japan warns of radiation leak from
quake-hit plants http://t.co/iAFcDZg

RT @BreakingNews: Latest Japan quake toll: 398
dead, 805 missing - Kyodo

RT @Reuters: FLASH: #Japan nuclear authorities
say high possibility of meltdown at Fukushima
Daiichi No. 1 reactor - Jiji

RT @komonews: RT @Reuters: Japan’s nuclear
safety agency says Fukushima Daiichi Nuclear Plant
No. 3 reactor’ s emergency cooling system not
functioning



Japan Nuclear Disaster

(1.0M Tweets,

March 2011)

The first earthquake hits Japan

The government warns the possibility of radiation
leak

Large number of dead and missing were reported

Prediction of high probability of nuclear meltdown at
Fukushima

Cooling system at Fukushima nuclear plant failed

RT @Hu.PostWorld: BREAKING: Massive 7.9
earthquake reportedly rocks Japan, 19-foot
tsunamis feared http://hu..to/ezzmQb

RT @Reuters: Japan warns of radiation leak from
quake-hit plants http://t.co/iAFcDZg

RT @BreakingNews: Latest Japan quake toll: 398
dead, 805 missing - Kyodo

RT @Reuters: FLASH: #Japan nuclear authorities
say high possibility of meltdown at Fukushima
Daiichi No. 1 reactor - Jiji

RT @komonews: RT @Reuters: Japan’ s nuclear
safety agency says Fukushima Daiichi Nuclear Plant
No. 3 reactor’ s emergency cooling system not
functioning



Example: Early Warning
Syrian WMD Attack, August 21st, 2013

T
" & % TURKEY . == Damascus city limits
W Alleged chemical attacks

SYRIA

O Damascus

& 1km

1 mile

Goog IeeoE,e,



Example:
Syrian WMD Attack

Triage Result: Recommended for Viewing

Medecins Sans Frontieres says it treated about 3,600 patients with 'neurotoxic symptoms' in Syria, of whom 355 died
http://t.co/leHWY77;dS0

Weapons expert says #Syria footage of alleged chemical attack "difficult to fake" http://t.co/zfDMujaCTV

U.N. experts in Syria to visit site of poison gas attack http://t.co/jol8OlFxnf via @reuters #PJNET

Syria Gas Attack: 'My Eyes Were On Fire' http://t.co/zZ76MiHj0Em

Long-term nerve damage feared after Syria chemical attack http://t.co/8vw7Bi1OxQR

Syrian official blames rebels for deadly attack http://t.co/76ncmy4eqb

Assad regime responsible for Syrian chemical attack, says UK government http://t.co/pMZ5z7CsNZ

US forces move closer to Syria as options weighed: WASHINGTON (AP) — U.S. naval forces are moving closer to
Sy... http://t.co/FOUAAXLa2M

400 tonnes of arms sent into #Syria through Turkey to boost Syria rebels after CW attack in Damascus --&gt; http://
t.co/KLWESYChCc

UN Syria team departs hotel as Assad denies attack http://t.co/O3SqPoiq0x

Vehicle of @UN #Syria #ChemicalWeapons team hit by sniper fire. Team replacing vehicle &amp; then returning to
area.

International weapons experts leave Syria, U.S. prepares attack. More @ http://t.co/4Z62RhQKOE

Military strike on Syria would cause retaliatory attack on Israel, Iran declares http://t.co/M95005VcgW

Asia markets fall on Syria concerns: Asian stocks fall, extending a global market sell-off sparked by growing ... http://
t.co/06 A9h2xCnlJ




Example:
Syrian WMD Attack

Triage Result: Recommended for Viewing

Medecins Sans Frontieres says it treated about 3,600 patients with 'meurotoxic symptoms' in Syria, of whom 355
died http://t.co/eHWY77jdS0

Weapons expert says #Syria footage of alleged chemical attack "difficult to fake" http://t.co/zfDMujaCTV

U.N. experts in Syria to visit site of poison gas attack http://t.co/jol8OIFxnf via @reuters #PJNET

Syria Gas Attack: 'My Eyes Were On Fire' http://t.co/zZ76MiHj0Em

Long-term nerve damage feared after Syria chemical attack http://t.co/8vw7Bi1OxQR

Syrian official blames rebels for deadly attack http://t.co/76ncmy4eqb

Assad regime responsible for Syrian chemical attack, says UK government http://t.co/pMZ5z7CsNZ

US forces move closer to Syria as options weighed: WASHINGTON (AP) — U.S. naval forces are moving closer to
Sy... http://t.co/FOUAAXLa2M

400 tonnes of arms sent into #Syria through Turkey to boost Syria rebels after CW attack in Damascus --&gt; http://
t.co/KLWESYChCc

UN Syria team departs hotel as Assad denies attack http://t.co/O3SqPoiq0Ox

Vehicle of @UN #Syria #ChemicalWeapons team hit by sniper fire. Team replacing vehicle &amp; then returning to
area.

International weapons experts leave Syria, U.S. prepares attack. More @ http://t.co/4Z62RhQKOE

Military strike on Syria would cause retaliatory attack on Israel, Iran declares http://t.co/M95005VcgW

Asia markets fall on Syria concerns: Asian stocks fall, extending a global market sell-off sparked by growing ... http://
t.co/06 A9h2xCnlJ




An Example Timeline (Abbreviated)

Charlie Hebdo Shooting at Paris (Jan. 07-11,
2015)

« Distilling hundreds of thousands of raw tweets
into @ summary of the event (told in tweets
selected by Apollo)




Example: The Paris Shooting in
Tweets (Apollo Summary)

« Jan /: Massacre at French magazine office:
Gunmen have attacked the Paris office of the
French satirical magazine... http://t.co/
6DXhg5taXIl

* Jan /: French officials identify 3 suspects in
Paris terror attack that left 12 dead: http://
t.co/gpkbQNOACYy #Fox #News #AN247



Example: The Paris Shooting in
Tweets (Apollo Summary)

« Jan 8: Paris terror attack suspect surrenders
to police: One of three suspects in the Charlie
Hedbo attack in Paris W... http://t.co/
jHtEJRSHLL

« Jan 8: Tensions running high as two people
injured in separate Paris shooting http://t.co/
UzkQCtIR9)J



Example: The Paris Shooting in
Tweets (Apollo Summary)

« Jan 8: Paris terror suspects reportedly spotted
in northern France, police flood scene | Fox
News http://t.co/cDpNEtrsnm

 Jan 8: French police swarm forest 'larger than
Paris' in hunt for Charlie Hebdo jihadist
assassins http://t.co/5mxovSzp54



Example: The Paris Shooting in
Tweets (Apollo Summary)

« Jan 9: Police surround Paris attack suspects,
at least one hostage reported taken | http://
t.co/fslopaqDF8

* Jan 9: French police kill Paris massacre

suspects, hostage-taking ally in separate raids
| http://t.co/gI5EjMpYO9



Example: The Paris Shooting in
Tweets (Apollo Summary)

« Jan 10: THE AL QAEDA CONNECTION Yemen
terror group claims it directed Paris massacre
as cops kill http://t.co/trPDUXLFIK

e Jan 11: #BREAKING Prosecutor: Man who

killed kosher market hostages, policewoman,

now linked to third shooting in #Paris. http://
t.co/Hhi2W1tX02u



Demo

 http://apollo.cse.nd.edu/now/
 http://apollo.cse.nd.edu/analysis/browse3.html




