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Last Lecture: Humans as Sensors
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Establishing Estimation Confidence

Goal: Identify Confidence Interval of Source Reliability
Estimation from MLE

MLE [ MLE .
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Establishing Estimation Confidence

Estimation and Statistic Background

Fisher information 1s defined as

1(0) = E [¢(x:0) ¢(x:0)" | ———> 'Fisher Information

Score vector @(x;60) for a k x1 estimation vector 8 =[68,,6,,....6,]

T
ol(x;8) dl(x;60 ol(x;6
w('x;ﬁ) = ( )9 ( )9"'9 ( )
06 00, 00,
Fisher Information Matrix can rewritten as (under regularity condition of EM) :
9°1(x;0)

1(0)), . =-F :
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Cramer-Rao Lower Bound (CRLB) is defined as the inverse of Fisher information

CRLB =17'(6
©) Cramer-Rao Lower Bound




Establishing Estimation Confidence
Deriving the Cramer-Rao Lower Bound

CRLB = J!

where
J = E[veInp(X|0) 7§ Inp(X|6)]
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Confidence Interval of Participant Reliability
Real Cramer-Rao Lower Bound Derivation
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Confidence Interval of Participant Reliability

Asymptotic Cramer-Rao Lower Bound Derivation

Log-likelihood Function of EM Scheme:

N

z

I (x:0)=.

7=

M
Ix [Z(Sicj loga, +(1-S,C;)log(1-a,) +logd)]

M

(1-z,)x [E(Sicj logh, +(1-5,C;)log(1-b,) +log(1-d )

where z, =1 when assertion ; is true and 0 otherwise

Assume truthfulness of each variable is
estimated correctly from EM.
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Confidence Interval of Participant Reliability
Asymptotic Cramer-Rao Lower Bound Derivation

Plugging [ (x;€) 1nto the Fisher Information Matrix:
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Establishing Estimation Confidence

Maximum Likelihood Property
Asymptotic Normality

\/;(éMLE _60)—%N(09J_1(éMLE)

\:/

Confidence Interval of Source S,

(l':iMLE —c, \/Var (fiMLE ), l’:iMLE rc, \/Var (fiMLE ) )

c, is the standard score of confidence level p
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PDF of Source Reliabilty Estimation Error

Confidence Interval of Participant Reliability

Asymptotic Normality Evaluation
PDF of Participant Reliability Estimation Error
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(b) Medium Observation Matrix

Observation | Number of | Number of | Number of
Matrix Sources True Measured | False Measured
Scale Variables Variables
Small 100 500 500
Medium 200 1000 1000
Large 300 2000 2000

TABLE 1

PARAMETERS OF THREE TYPICAL OBSERVATION MATRIX SCALE
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(c) Large Observation Matrix

12



o o o -
» @ w - )

=

Participant Reliability Confidence Level
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Confidence Interval of Participant Reliability

Estimation Confidence Evaluation

Estimation Confidence on Participant Reliability on small observation matrix scale
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(a) 68% Confidence Level (b) 90% Confidence Level (c) 95% Confidence Level

Parameters:

Number of Participants: 100

Number of True Assertions: 500

Number of False Assertions: 500

Average Number of Claims per Participant: 100
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Estimation Confidence Evaluation

Estimation Confidence on Participant Reliability on medium observation matrix scale
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Parameters:

Number of Participants: 200

Number of True Assertions: 1000
Number of False Assertions: 1000

Average Number of Claims per Participant: 100
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Estimation Confidence Evaluation

Estimation Confidence on Participant Reliability on large observation matrix scale
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Parameters:

Number of Participants: 300

Number of True Assertions: 2000
Number of False Assertions: 2000

Average Number of Claims per Participant: 100
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Scalability of CRLB

CRLB on Estimation Parameters versus Varying Number of Participants
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Evaluation using Crowdsensing
The Apollo Fact-finder

Application Independent Application Dependent
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Who to Source Credibility
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|
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|
|
|
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Crowdsensing Application Case Study:
Traffic Regulator Mapping from GPS Data
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Method: Intentionally Simple “Sensors”

Claim Stop

Unreliable
“Sensors”!




Traffic Regulator Mapping From
GPS Data
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Location ID

Traffic Light Location Detection

Source Reliability Estimation

Experiment setup:

34 drivers, 300 hours of driving in Urbana-Champaign
1,048,572 GPS readings, 4865 claims generated by phone
(3033 for stop signs, 1562 for traffic lights)
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Traffic Regulator Mapping From
GPS Data

-&-Lower Bound of 90% Confidence (Improved EM)
<7-Upper Bound of 90% Confidence (Improved EM)
-&-Actual Source Reliability from Experiment

Source Reliability
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Surrogate Sensing

* Can we use simple sensors (e.g., on our
phones) to sense much more complex
concepts?

* Examples:
— Detect free parking spots
— Find popular places in a city
— Predict bus arrival time

— Monitor noise and urban environments



Incorporate Prior Knowledge
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Impact of the Opportunity to Observe

Basic Definitions

Expectation Step (E-Step)
ti=P (C;lS, C) i s S; knows Cj ]

Q (ew“-’) = Ezx.o0[log L(0; X, Z)]
N
a; = P(.S',iCj]C'J ,S; knows C) = {p(-?j = 1|X;,60')

=1

i€S;

b; = P(S}iC"jlc'Jf S; knows C}) x | > (SiCjloga; + (1 — 8;C;)log(1 — a;) + log d; )]

+p(:.} = Ol‘YJ—*H(”)

s; = P(S;C;|S; knows ()

x 1> (SiCjlogh; + (1 — S:C;)log(1 — b:) + log(1 — dj))} }

Rebuilt Likelihood Function i
Maximization Step (M-Step)
L(6;X,Z) = p(X,Z|0)
N _
— H H a;SzCJ(l . ai)(l_SfC'j] X d) X 2 agt-{-l) _ a,: _ Z}ESJIZ(t])
j=1 | ieS; Zjeci Z(t,7)
. (t+1) . 2ojess(I—Z(t,7))
S:Cy \(1=5.Cy) , ¢ . . b; =b; = ‘ :
+i€81bi j(l—bi)( JJX(l—dJ)X(l—,.J)} Zje(?,'(l_Z(t*]))

S I Set of sources knows C-']-

t+1 g% -
d' = 4t = Z(t,j)
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Traffic Regulator Detection

(Enhanced)
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Source Reliability

Traffic Regulator Detection
(Enhanced
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Average Source Reliability 20.06% 14.32%
Estimation Error

Number of Unbounded 5 1
Sources

Number of Correctly Iden- 127 139
tified Traffic Lights

Number of Mis-Identified 25 24

Traffic Lights 6




Relations between Variables
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MLE with Conflicting Variables
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MLE with Conflicting Variables
— Basic Definition

True Measured _
Variables - -
1 Reliability of =

Participant i
False Measured - +

Variables
:
Y: Positive ,
1 [
Observation - & -
N: Negative T
Observation articipant Reliability

(' =P(C|SC))
(" = P(C!SC))

SC J’ : participant i reports measured variable j to be true

SC Jf : participant i reports measured variable j to be false
29
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MLE with Conflicting Variables

True Measured
Variables

False Measured
Variables

Y: Positive
Observation

N: Negative
Observation

i@ _
(B —
=

Basic Definition

Y

- Positive Speak Rate oc - .
“ of Participant i —+ —
I

Participant i reports positive observations with rate Sl.T
Y Sl.T = P(SiCJt.)

N

_ Negative Speak Rate - .

of Participant i X
— i + T
- N

IV Participant i reports negative observations with rate s,

F_ f
s -PSC))
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MLE with Conflicting Variables

— Basic Definition
Trug Measured _ a’ = P(SC'|C)
Variables L P
- - Given a measured variable 1s true, the odds
articipant S will report it positivel
False Measured _ P P ! P P Y

Variables : b oxs!
_Usmg Bayes Theorem: a, = T

Y: Positive _

Observation

N: Negative 7
) a. F T,

Observation ! a; =P(SCT|CY)

Given a measured variable is true, the odds

I that participant S. will report it negatively

@ F 1 F F
./i = a; N [ 1 Using Bayes Theorem: a/ = (- tid) a
\ \\/ / ________ )
D 1]
ey
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MLE with Conflicting Variables

Basic Definition
1
True Measured _
1

Variables biT = P(S,-C; |Cf)
- _ Given a measured variable 1s false, the odds
False Measured that participant S, will report it positively

Variables Y [ 1 ~ (1-t")xs”
Using Bayes Theorem: b, = " :

Y: Positive 1 1-d

Observation -

N: Negative biT _

Observation _

bl.F = P(Sl.C]f | ij)
Given a measured variable 1s false, the odds
[ ] that participant S, will report it negatively

@ b F N
_bF N fs?
’/i T _-2-- Using Bayes Theorem: b’ = LXS
\M\ — T
\\_,//@,4\ ]
C~ T
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Approach: EM with Conflicting Variables

Likelihood function of Extended EM

N M
s.ct S, ct (1— T_ F
=H{H[a?”xaf‘fx(l—a?—af)” SCTSCN] wdx

CT Sl _ T v F
+TL [ < ™5 x (1 b7 — pF)a-SiC" =500 ] X(l—d)x(l—lj)}

Expectation Step (E-Step)

Q (016 Elet[loo%Z(t 7) = f(aT(t), FO BT pFo d(t),j)
M

N
S;CTlogal + 5;CFlogal + (1 - S;CT — S;CF)IN1 — al — al) +logd
J J j J
]:1 =1

M
+p(z; = 01X;,01) x | 30 (ST loghT + SiCf loghl” + (1 = SiCT = S, ) log(1 -l = ') +log(1 - d))| }
1=1
Maximization Step (M-Step) Iterate
(T _ T _ Z]tSJI Z(t,7) S _p Zje-sJ;’Z(t-j)
YT TRz l L Tzt
T _pr* _ KT - ngSJ}' Z(t,j) B _gre KF - ZJ-E'SJIF Z(t,7) ) ZJ\ Z(t,5)
l | N — S0 Z(t,4) ‘ ’ N - >N Z(t,5) | N
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Free Parking Lot Identification from
GeoTag Data

Goal: Find Free Parking Lots on UIUC Campus
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Free Parking Lot Identification from

GeoTag Data

Results of Extended EM vs Baselines

Table |. Accuracy of Finding Free Parking Lots on Campus

Schemes

False Positives

False Negatives
=

EM-Conflict

Avera-Log

16.67%

Truth-Finder

19.57%

18.33%

15.22%

Voting

21.67%

23.91%

Experiment setup:

indeed free

106 parking lots of interests, 46

30 participants, 901 marks collected
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Address Variable Constraints

Measured Variables
alnt

Sources
. C
S en e(a\ :

Plantation "F';"r‘t""
>. W Broword Bivd | §dardale
Peters Rd
u —.~.

M ‘ Road Speed Map
e
Olks God ) : @ s yWood

b @ g :W:{?

¥ifin Rd Davie d;) (818

Boston Marathon
Explosion

. & Attribute: ST s T Hurricane Risk Map
Attribute: T Q==

Egypt President
36

Arrest
D. Wang, et al., RTSS, 2013 True/False



Approach: EM with General Correlated Claims

and Opportunity to Observe
Likelihood function of Extended EM

geGG geG

General Claim Correlations
= { Z p(:gl’ ....,-'Z'gk) H H az._}}
geiG

' | 91,9k €Yy 1€ES; jEcq

Expectation Step (E-Step)
0 (a|9“>) = E, iy g log L(6; X, Z)]

XN 71, j) = f(a 5" ,d", )
{ > > logai; +logp(z ,_:gk)}

‘—SJJ J& q

Maximization Step (M-Step)
QD _ g > jess, Z(t,])
" Y Yee Z(t7) Iterate
ZjeSJ,(l - Z(tJ))
Z]’ec, 1— Z(t.]))
it =di = Z(t,)) 37
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Traffic Regulator Mapping From

GPS Data

A = stop sign 1 exists; B = | Percentage
stop sign 2 exists

p(A.B) 36%
p(not A, not B) 49%
p(A.not B) = p(not A, B) 1.5%

Regular EM || OtO EM | DV EM | DV+0OtO EM
Average Source Reliability Estimation Error 25.34% 16.75% | 15.99% 11.98%
Number of Correctly Identified Stop Signs 127 139 141 146
Number of Mis-Identified Stop Signs 25 24 29 25
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Address Source Dependency

Measured Variables

Sources

Events

Egypt Unrest

~! Followme!
NV

Attribute:
Reliability

SLIFT 2
b O & 5 R

ol i = Att“bute: n facebook
Fukushima True/False | SUATISN /TSN

|5 e



Examples

Crash blocking lanes on I-5S @ McBean Pkwy in Santa Clarita

BREAKING NEWS: Shots fired in Watertown; source says
Boston Marathon terror bomb suspect has been pinned down

The police chief of Afghanistan’s southern Kandahar
province has died in a suicide attack on his headquarters.

Yonkers mayor has lifted his gas rationing order. Fill it up!

Egypt Unrest, 2011 Hurricane Sandy, 2012 Boston Marathon Explosion,2013  Chile Earthquake, 2014,



Humans as Sensors Challenges

e How to Model Networked Humans as
Participatory Sensors?

e How to Filter Out “Bad Data” from
Human Sensors?

* How Good is the Necessarily Simplified
Model?



A Binary Human Sensor Model

1: Model Humans as Sensors of
— Unknown Reliability
— Binary Observations

— Uncertain Data Provenance

2: Build An Estimation-theoretic Framework to
— Solve the Reliable Sensing Problem

— Validate through Real-world Twitter Traces



Formulate the Likelihood Function

Measured Variable

Sources

SC: Source Variable Graph

SD: Social Dissemination
Graph

P(SC|SD,0) => P(SC,z|SD,0)

Boston Marathon
Explosion

v

Attribute:
Reliabilit

Attribute:
D True/False

Egypt President
Arrest D. Wang, et al., IPSN 2014
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Social Expectation Maximization (1/2)

Likelihood Function Incorporating Source Dependency

P(SC 21SD.0) = I I P(zj)x

H P(5,C;16, z,)HP(SClSC)}

” Dependent
. . ) = g
P(Szcjlsgc_y) {1 — Pig Sgcj =1, SiCj =0 Sources
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Social Expectation Maximization (2/2)

E-Step n)) — 3 { n. i o 10, 2
Q (610™) > ,]>x[{ge§j.(1gP<Sgc_’,le, )
+ZlogP(Sz-C

+
i€
M-Step
Z . Z( %1) = b* —
o™t — o* — Ji,SJg g
g g :
Zj:l Z(n,]) * ZjeS_JgnSJi(l—Z(n,j)) for i
L Z(n ) : =0, = T (1-2Z - OrZECg
(n+1) * deSJgnSJi ) J . ZJGSJQ( (n,7))
a; =a; = At for i € ¢4 N .
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N
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C

True Claim

—

SD Links

Simple Illustrative Examples

SC Links

-—>

SD Links
that are
ignored

Missing SC
Links

(s

Source that
made claim

Example 1 Example 2



Evaluation

* Integrated Social EM with Apollo

— Apollo is an Information Distillation Tool for
Reliable Social Sensing

* Evaluated Through Real-world Twitter Based
Case Studies
— Hurricane Sandy, Hurricane Irene, Egypt Unrest

* Compared with State-of-the-art Baselines
— Regular EM in IPSN 12, EM with AD, Voting, etc.



Evaluation using Real Twitter Traces

Time duration 14 days (Nov. 8 days (Aug.26-Sept. 18 days (Feb.2-Feb.
2-15, 2012) 2,2011) 19,2011)

Locations 16 cities in East New York Cairo, Egypt
Coasts

# of users 7,583 207,562 13,836

tweeted

# of tweets 12,931 387,827 93,208

# of users 704,941 2,510,316 5,285,160

crawled in

social network

# of follower- 37,597 3,902,713 10,490,098

followee links



Estimate Latent Social Dissemination (SD)
Network

Estimate Latent
Social
Dissemination

Network

Epidemic
Cascade*

* P. Netrapalli and S. Sanghavi. Learning the graph of epidemic
cascades. SIGMETRICS ’12, pages 211-222, New York, NY, USA,

2012. ACM.
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Evaluation on Sandy Trace

100
e Apollo-social
ezz3 Regular EM
S TER — T T T T T TTTTTRSIVating T T TN T
-g C— Raw Tweets 32%
e) T 7y ISR ., AFTSp——— -
z R
£ NN -
8 / \ \ RT:
o N % § N § Retweet
E NN |||
o B ;
NN ||| o
2 NN
O & an® ge EC:
o i \IO\-\(\Q"\O \l:@u’("p Epidemic
Qo\\o’s Cascade

Understanding Source
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Evaluation on Irene Trace

100
QO oo R Apollo-social
80 zZzZ Regular EM
§ ES<Y Voting
s O1EEfER O___ T [——T Raw Tweefs ~ N ~
8 60 - . e i s B
- M -7 - <
'_% 50 - % § §36%
O 40 B '_“_,é NN R
g /r s \ Retweet
= 30 - / N- §
S 20 - é%\ FE:
= / \ \ Follower-
“ % % § - Followee
/ % %
EC:
Epidemic
Cascade

Understanding Source
Dependency Helps ! 51



Evaluation on Egypt Trace

@ Apollo-social

QO e s (222 Regular EM
60 |-
50 118

RT:
= - Retweet

FF:
Follower-
Followee

% of True Claims Contained

EC:
Epidemic
Cascade

Understanding Source
Dependency Helps ! 52



Ground Truth Events Found by Social
EM vs Regular EM

# | Media Tweet found by Apollo-social Regular EM

1 | Rockland County Executive C. Scott [|Rockland County Orders Restrictions [| MISSING
Vanderhoef is announcing a Lo- [Jon Gas Sales - Nyack-Piermont, NY J
cal Emergency Order restricting the ||Patch http://t.co/cDSrqpa2
amount of fuel that an individual can
purchase at a gas station.

2 | New York City Mayor Michael [|Gas rationing plan set for New York || RT @nytimes: Breaking News: Mayor
Bloomberg has announced that the [[City: The move follows a similar an- || Bloomberg Imposes Odd-Even Gas
city will impose an indefinite program |inouncement last week in New Jersey || Rationing Starting Friday, as Does
of gas rationing after fuel shortages |Jto eas... http:/t.co/nkmF7U9I Long Island http://t.co/feax7KMVi
led to long lines and frustration at
the pump in the wake of superstorm
Sandy.

3 | New Jersey authorities filed civil suits || RT @MarketJane: NJ plans price goug- (§ MISSING
Friday accusing seven gas stations and |]ing suits against 8 businesses. They
one hotel of price gouging in the wake |Jinclude gas stations and a lodging
of Hurricane Sandy. provider.

4 | The rationing system: restricting gas | # masdirin City Room: Gas Rationing (| RT @nytimes: City Room: Gas Ra-
sales to cars with even-numbered li- |[in New Jersey to End Tuesday # news || tioning in New Jersey to End Tuesday
cense plates on even days, and odd- http://t.co/pYIVOmPo
numbered on odd days will be discon-
tinued at 6 a.m. Tuesday, Gov. Chris
Christie announced on Monday.

5 | New Yorkers can expect gas rationing ||Mayor Bloomberg: Gas rationing in || Bloomberg: Gas Rationing To Stay In

for at least five more days: Bloomberg.

NYC will continue for at least 5 more
days. @eyewitnessnyc #SandyABC7

Place At Least Through The Weekend
http://t.co/mmqqjYRx

TABLE IIL

GROUND TRUTH EVENTS

CIAL VS KEGULAR EM IN SANDY




One Interesting Example

S Msbiagion Pos

Posted at 08:53 AM ET, 08/26/2011
Hurricane Irene: ‘Photo’ of shark swimming in
street is fake

Holy moly! & (fake) picture of a shark swimming on a Puerto Rico street! (Reddit)

Suppressed by Social EM

http://www.washingtonpost.com/blogs/blogpost/post/hurricane-irene-photo-of-
shark-swimming-in-street-is-fake/2011/08/26/gIQABHAvVf] blog.html
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Design for Streaming Data

Events Update Estimation On the Fly ! o
alms
SK:Cams Sources :
\. k+1

i . - Updated

; - Claim . ?
—> '

Boston Marathon

Explosion

S— Attribute: Attribut\.
>

D. Wang, et al., ICDCS, Time
2013 55




Design for Streaming Data

Recursive Formula of EM

Previous Estimate Updated Observations

[—
A

Brss H O | [(k+ 1)\16(9;)}-14)(“4 6)

CRLB
Plugging the CRLB derived before

1 .
~ k41 -k ~k+1 ~ k 1
(; =a; -+ X bz — bz
Z T NAk+ 1) TN+
~ K Ak ~ K ~ I ~ k Ak
[ > gl b Xy X)L — i) [ > (M —gdi* b Xp. Xpg1)) (1= ;)
jes gkt jeSTIT!
- Z g(di*. b; ﬁXkﬁXkﬂ)dz'k] = > (—g(@" b, Xy, Xey1))by ]

_ .o k+1
jesy JES i
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Design for Streaming Data

0.025

o

A o

(5]
T

mmm Recursive EM

0.020

o
T

o©
o
=
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Converges to the
Batch Algorithm

0.010

0.005

j i i | I 1 i i | I i | i | 1
0.000 - = = = = 0 60 80 100 120 140 160 180 200 220 240 260 280 300 320 340

0.0 0.2 0.4 06 0.8 1.0 Number of Samples Used by Algorithm

Source Reporting Rate

Execution Time per Update

2O U1 gy
* T

Number of Free Parking Lots Correctly Identified

Improved Algorithm Efficiency Converge to the Optimal Estimation

Synthetic Dataset Parking Lot Dataset
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Human Sensor vs Physical Sensor

Broad spectrum of observations

Good at reporting binary observations
Unreliable and unknown failure model
Uncertain data provenance

Human specific energy limitation

Mostly unstructured data (e.g., text,
images)

Unvetted sources and often unknown to
applications

Narrow spectrum but accurate
measurements

Good at measuring continuous variables
Reliable and know failure model
Certain data provenance

Battery limitation and other resource
constraints

Mostly structured data

Verified sensors and often known to
applications



Events

Boston Marathon
Explosion

Egypt President
Arrest

~/

What is next ?

Claims
Sources

Maximum
3 Likelihood
3 ._ Estimatio -Reliability of sources
: -Correctness of claims

Attribute:
Reliability
Attribute:
True/False
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Future Work

Time dimension is an interesting direction to follow up

— Accommodate dynamic states and dependencies of observed
variables

Measured Variables are not always equal

— Generalize the model to handle “hardness” of variables
Uncertainty and Bias of Sources

— Model the bias and uncertainty of data sources
Expertise of Sources

— Model the reliability of sources in different expertise
dimensions

Apply the Model beyond Twitter-based Applications

— Apply to a much broader set of crowdsourcing and mobile
sensing applications



