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Crowdsourcing

e Qutsourcing tasks to crowds of
of people
— very powerful
* human v.s. artificial intelligence

* wisdom of crowds f&@@p‘

* cheap, fast, convenient 4}“@@“
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Crowdsourcing

* Harvesting Human Intelligence / Judgments
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Crowdsourcing

* Collecting Information Distributed in Crowds

Knowledge graph

Marie Curie

Marie Sklodowska-Curie was a French-Polish
physicist and chemist famous for her pioneeri
research on radioactivity. She was the first person
honored with two Nobel Prizes—in physics and
chemistry.
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Crowdsourcing

\

e Qutsourcing tasks to crowds ol
of people Q é
— but be careful!

* humans are unreliable and diverse

* Needto ask different people and
aggregate their opinions

* This talk:
— Aggregation algorithms

:

Jo: *



Crowdsourcing for Labeling

Tasks: z; € {+1}

* Goal: estimate true z;

from noisy labels {L;}.
— minimize bit-wise
error.

min B[S 1 # =) AN AN
B Workers q;

e Workers are diverse:
— reliability: q;<1/2 q;=1/2 q;~1

q; = prob[L;; = z] ! ; :
Adversaries ~ Spammers — Experts




Previous Works
* Majority Voting (MV):
22' = &gn[Z Lz]]

J€EO;



Previous Works
* Majority Voting (MV):

27; — &gn[Z ng]

J€EO;

* |terative algorithm by Karger, Oh,
Shah 2011 (KOS):
2 = Sigﬂ[z Lijyi—yil
JED;
Task-> workers: filj Z Lijiyir i
J'#J

Workers->Tasks: y;filz E Li/jxt“
i/ i

—
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Previous Works
* Majority Voting (MV):

22' — &gn[Z ng]

J€EO;

* |terative algorithm by Karger, Oh,
Shah 2011 (KOS):

Zi = Sigﬂ[z Lijyj—il

JEO; RN
35
Task-> workers: a1} Z Liji yj i A

’L—>_]
J'#J
Workers->Tasks: y;ilz E Lol > —
ey .
i i

* This talk:
— generalizes both MV and KOS
— Better performance, principled derivation



Previous Works

* Expectation Maximization (Dawid & Skene 79, Smyth et al 95, Raykar
et al 10, Whitehill et al 09, Welinder et al 10, etc)

— Build generative probabilistic models
— Maximizing likelihood by EM
— Estimate z, with fixed parameters

* This talk:
— Model complexity v.s. inference methods
— Crowdsourcing as probabilistic graphical models



Probabilistic Graphical Models

Factor graph

* Factorized probability:

pe) = I1 stz
JE[N]

1

— Examp/e: p(z) = Ewl(aﬁl,$2)¢2($1,CE2,CE3)¢3($2,ZE3)

* Inference:calculating the marginal probabilities

p(zi) = Z p(2)

ZN\i

- approximation: belief propagation, mean field, etc



Probabilistic Graphical Models

* Belief propagation: p(z) = || mj—i(2)

JEO;
Variables -> Factors: Factors -> Variables:
Mi—s;(2i) X H mjr—i(2;) mji(2i) o Z (0F H mir—;(Zir)
44 zo\{i}y Vi

7 L

€ <~

* Mean field method:
— approximate p(z) by fully independent models.

{p:} Koller & Friedman’s book,
Murphy’s book.

min KL [ H Di(zi)] ‘p(z)] See Wainwright & Jordan 08,
0



Assumptions

dj if L;; = z; (correct)

* Workers” model: Liilzi,q;) =
p( J‘ qj) 1 — q, if Lij 7é 24 (WI’OHg)

* Prior of workers’ reliability:  ¢; ~ p(g;)

* Joint posterior distribution: d;: # of images by in total
; ¢;: # of correct images by
C; R
p(zqlL) o< | [ p(g)a (1 = ¢;)% = & =S 1Ly = =]
j 7

e Estimator (Minimizes the bit-wise error ):

2, = argmax  p(z]|L)
Zi



Assumptions

dj if L;; = z; (correct)

* Workers” model: Liilzi,q;) =
p( J‘ qj) 1 — q, if Lij 7é 24 (WI’OHg)

* Prior of workers’ reliability:  ¢; ~ p(g;)

* Joint posterior distribution: d;: # of images by j in total
; ¢;: # of correct images by
C; R
p(zqlL) o< | [ p(g)a (1 = ¢;)% = & =S 1Ly = =]
j 7

e Estimator (Minimizes the bit-wise error ):

2 = argmax {p(z|L)= ) /p(z,qw)dq}

24
I



Graph Model for Crowdsourcing

* Integrate out g; analytically:
1
p(z|L) = /p(z,qIL)dq = H/O p(g;)q;” (1 — gq;)% =% dg;
a J
o ij<cj>

where 1, (c;) fo — q;) %% dg,

Tasks Variables

W~ i

Workers Factors



Shape of ¥;(¢;)

vjlcy)

1
/o q;’ (1 — q;)% % p(q;)dg;

Prior of g;

0 0.5 1
G,

= Beta(1,1)

log 1;(cj)

10



Shape of ;(c;)

1 .
bi(c;) = / 0 (1= g;)% i p(g;)dg,

Prior of g;
|
1 (-
: 0 1 og 1j(cy)
== Beta(1,1)
== Beta(3,1) —2
0 5




Shape of ;(c;)

1 .
bi(c;) = / 0 (1= g;)% i p(g;)dg,

Prior of g;

T I log ¥;(c;)

== Beta(1,1)
== Beta(3,1) —2
= Spammer—hammer




Shape of ¥;(¢;)

1 .
bi(c;) = / 0 (1= g;)% i p(g;)dg,

Prior of g;

0 0.5 1
q;

== Beta(1,1)
== Beta(3,1)
= Spammer—hammer
=== Hammer

log 1;(cj)

10



BP for Crowdsourcing

« Standard belief propagationon  p(z) = H¢j:($aj)

J
Marginal probability:  p(z:i) ~ H m;—i(%i)
JEO;
Variables -> Factors: Mij(2i) H mjr—i(2i)
J'#J

Factors -> Variables: mj—i(2i) o Z Vj H M —j(2ir)

Z@j\{i} Z/;él

Decode solution: Z; = argmax p(z;)
z;

* Log-odds transformation:

;i =11
Marginals: x; = log plzi = +1)
p(zi = —1)

L i (+ Ly

Messages:  z;_,; = log My (+1) yis; = log mj—i(+Lij)

My —i(—Lij)



Belief Propagation (log-odds form)

Estimate labels:

2 = sign[z Lijyj—il
JE€09;

KOS

BP with prior
Beta(1,1)

Tasks =» Workers: gs—> —
Vel

t—l—l 2 :
1,—>] L'L]/yj '—1
J'#J

Vi(k —I— 1 €k

[ ] 10g Zk C? _1,7( )
2_keo Vi(k)ex

e, are the elementary symmetric

polynomials in {exp(L;xi—;)},

N\
. — —
Workers =¥ Tasks. >/75

L [{Logattl i £ 0)]

yj—ﬂ v —7

Complexity: O(d; log(dj)2)



Special Priors



* Deterministic prior: * Haldane prior:

1 plgg) A
Beta(0,0)
0 0.5 1
0 Oq.jS 1 q;
Our BP => majority voting Our BP => KOS
— Includes no diversity; — High diversity (variance);
sensitive to adversaries emphasizes adversaries

1

0 0.5 1




Frequentist Guarantees

* Density Evolution (e.g., Mezard & Montanari 09; Karger, Oh,
Shah 11)



Frequentist Guarantees

* Density Evolution (e.g., Mezard & Montanari 09; Karger, Oh,
Shah 11)

Assumption:
1. Random regular bipartite graphs

2. True reliability prior:Elg,] > 1/2

3. Our algorithm: /
VZlog(c;) >0, V0 <c; <d,
Vlog(d;) >0

Result:
1

. N .
ljifriiuog ~ ‘gj:v] problz; # z;] =+ 0, if [ - 400

(/ = # of workers per images)



Mean Field and EM

* Joint posterior distribution: p(z, q|L)

* Mean field approximation:

min KL[p(z, q)||p(z, q|L)] where p(z,q) = ] [; pi(2i) H vi(g;)

p

* Coordinate descent (when prioris Beta(a, 3)):

Updating p;: pi(z;) o H ag” bjl._(sij, where 05 = 1|z = Ly
jeEM;
Updating v;: v;(q;) ~ Beta( Z pi(Lij) + a, Z pi(—Lij) + B),
i€N; i€EN;

where a; = exp(E,,[Ing;]) and b; = exp(E,, [In(1 — ¢;)])

e Taylor expansion:

a; ~ q] and bj ~ 1 — qj where qj — ]E’Vj [QJ]



Mean Field and EM

* Joint posterior distribution: p(z, q|L)

* Mean field approximation:

min KL[p(z, q)||p(z, q|L)] where p(z,q) = ] [; pi(2i) H vi(g;)

p

Mean field (with first order approximation):

Lij=2zi] ij FZi ~ i i Lij) + a
i(2 OCH (1 —gy)7 szzd-nt(ajlﬁ
J

pi(Lij) + o —1
Li=2](] _ g yUbu=] g, — 2 tilly
i(%i OCH 7j) @ di +a+ [ —2

* Differentfrom EM only on replacinga-1 and -1 with a and p.
 Add-one smoothing.




Mean Field and EM

e Approximation mean field (AMF):

J_zz] [ % #Z’L] 1; = ZZ ILLZ( 4
iz OCH ~ ) 4 dj +a+0

_ ZZMZ(LZ]) +a—1

— Lm:zz — ii FEZ )
i) oc [ L4071 =gyt gy = =R

(E-step) (M-step)

* Differentfrom EM only on replacing a-1 and -1 with a and p.
 Add-one smoothing.




Extensions

e Sensitivity & Specificity models of workers:

One-coin Model: Two-coin Model (Dawid & Skene 79):
q; = PTOb[Lz'j = 24 :> s; = prob|L;; = +1|z; = +1], (sensitivity)
= 1 — prob[L;; = —z;] t; = prob[L;; = —1|z; = —1]. (specificity)

* Model selection by marginal likelihood:

p(L|My) 2. J,p(z . LIM:)dg
p(LIMz) 32, [, (2 q, L|M>)dg

* Incorporating item features, and expect labels



Random (/, r)-regular bipartite graph " True Data Prior

0

— 1000 tasks 03 T I
— True data prior: spammer-hammer prior 0 - 1
qj

— Varying # of workers per images (/), fixing #
of images per worker (7)

Log—error

~1

K"

K
°
o

* - ® _ KOs (BP-Beta(0,0
~.‘. . ( (0,0))

_ Oracle “

5 10 15 20 25
| (fixedr=5)



Random (/, r)-regular bipartite graph " True Data Prior

— 1000 tasks 08 T I
— True data prior: spammer-hammer prior 0: - 1
— Varying # of workers per images (/), fixing # g

of images per worker (7)

Algorithm Prior
1.5
-0. 1
0.5
1!
% 0.5 1
.... / MV qj

Log—error
|
9]

° _ kos (BP-Beta(0,0))

o
Oracle . *+9.— BP-Beta(l,1)
25 .

5 10 15 20 25
| (fixedr=5)




Random (/, r)-regular bipartite graph - True Data Prior

— 1000 tasks 05 T I
— True data prior: spammer-hammer prior 0: - 1
— Varying # of workers per images (/), fixing v

# of images per worker ()

Algorithm Prior

—0.

Log—error
|
9]

% ® _ kos (BP-Beta(0,0
\:.‘. / ( (0,0))

o5 Oracle “‘ '0::’::/ BP-Beta(1,1)
| | N ~ *+g.— BP-Beta(2,1)
5 10 15 20 25

| (fixed r = 5)




Random (/, r)-regular bipartite graph " True Data Prior

— 1000 tasks 03 T I
— True data prior: spammer-hammer prior 0 - 1

0

— Varying # of workers per images (/), fixing
# of images per worker ()

Algorithm Prior
1
0.5 T I
§ % 0.5 1
—_ q;
T
(@)
S KOS (BP-Beta(0,0))
-Beta(0,
o /
/4 ‘
- Oracle "‘ *, ¢ / BP-Beta(1,1)
-2.5 . }’

. . Y ./ BP- Beta(Z 1)
5 10 15 20 25 “~ goiue
| (fixed r =5)




Random (/, r)-regular bipartite graph

— 1000 tasks 0.5

— True data prior: spammer-hammer prior

— Varying # of workers per images (/), fixing
# of images per worker ()

—0.54 &
o

" True Data Prior

L1

-1 ©
o 1 . s, RO 0
t ‘ /’/‘0: Q.. / MV
CP -1.5 “ //%/"::0:".
. B o,
g ‘.‘ M&IZ} :: S o . v
1 _»o . 4‘%@7‘. KOS (BP-Beta(0,0))
Q. /é;;’/ﬂi’;;.% BP-Beta(1,1)
Oracle . g TN
_2-5_ “ ///’////'//i/////:/ EM-BEta(Z,l)
| //,/,/.<\ AMF-Beta(2,1) (EM-Beta(3,2))

™~ BP-Beta(2,1)
BP-True

5 10 15 20 25
| (fixedr=5)



Random (/, r)-regular bipartite graph " True Data Prior

— 1000 tasks 08 T I
— True data prior: spammer-hammer prior 0: - 1
— Varying # of images per worker (r), fixing # g

of workers per image (/)

—Te,
2
2 P 5
0“ MV //,: \ ]/'
-1.5; .o‘. / e
Emeu@un I‘-.-.--.I-.--.
5 (/) ° ".0
= - /#/f,/”/’/// ‘e
G) I///; //// L 2
I ‘///.’.////'//////,/. ‘.
e U t //.////.////;//7 ... / KOS (BP'Beta(0,0))
9 -2.5] /,l,:iz@%’o..' / EM-Beta(2,1)
el e ¥_ AMF-Beta(2,1) (EM-Beta(3,2))
L ///.’// ﬂ/‘/;‘
_3 //.//,/ \
o "'m BP-Beta(2,1)
nuu@, . O Ya
/ o---"¢ trger® g’ "o ™~ BP-True
Oracle” 2 ) 10

r (fixed [ = 15)



Random (/, r)-regular bipartite graph
— 1000 tasks 0.5
— Fixed degrees (/=9, r=9) 0

True Data Prior

0
— Varying data prior: increasing percentage of
adversaries

EM-Beta(2,1)

t‘.ﬂlﬁfﬂf‘i'.'“"',':o....,u CUNTTIT Y. KOS (BP-Beta(0,0))
—-1.5; i B it ¢ *i "-Flv.. e

Log—Error

N LY BP-Beta(2,1
0--..._..'..‘ \ (2,1)
.9

0 O 1 0.2 BP-True
Percentage of Adversaries

L1

'0-. <— AMF-Beta(2,1) (EM-Beta(3,2))



Bluebird dataset weiinder etai o W 2 e [ me
— 108 tasks |
— 39 workers

— Indigo Bunting v.s. Blue GrosBeak?

0.4 -~ Kos
. ‘.‘
0.3} 9,"3,_-;- 00 .00-0:0.9:0-0-0:0-00

@
) ¢ ‘e
3 ‘o= 0" 0. g,
A 4 OO Q.g=0=@u@=0
0.2 Ve ™~ mv
¥ x
VVey-v.
| | V'V ¥ ¥ ¥ ¥y <— Welinder et al 2010
) 10 15 20
Number of Workers per Task

Error Rate
<o

Thanks to P. Welinder and S. Belongie for providing the data and code.



BI ue b | rd d ata Set (Welinder et al 10) g It - b"Ckmgn tem “ T en bom =
— 108 tasks -
— 39 workers

— Indigo Bunting v.s. Blue GrosBeak?

0.5,
o 04 % KOS ' S
&"_3' ““ / AMF/EM -Beta(Z,l) - One-coin model
= 0.3/ ”’twm_.!rg!«sﬂwww-mwmm""‘"’"'\ BP-Beta(2,1)
= ..-.-..‘0“-.-.-.-.-. -
o2 ™~ mv

0.1 <— Welinder et al 2010

5 10 15 \{)
Number of Workers per Task BP/EM/AMF-Beta(2,1) } Two-coin model

Thanks to P. Welinder and S. Belongie for providing the data and code.



Natural language datasets

(snow et al 08)

— 800 tasks
— 164 workers

0.3/
.‘
0.2, "\
/’///// ®»="" 9,
Y, e o
0 1T *“i‘*mt*.,.*_: - K. -
2 4 6 8

Number of Workers per Task

Temporal ordering (TEMP):

In the following, which event happens
first: fell or pushed?

John fell. Sam pushed him.

Answer: Pushed

<~ EM
<— BP/EM/AMF-Beta(2,1)

10\ BP/EM/AMF-Beta(2,1) (Sensitivity &

specificity)



Conclusions & Future Work

— Crowdsourcing + graphical models
— Belief propagation (KOS, MV), mean field (EM)

— Choice of priors is critical
— Modeling choices

— Inference algorithms

Thanks ©

Acknowledgements. Work supported in part by two Microsoft Research Fellowships and NSF 11S-1065618.



More results
on Different
priors

S
P
S ¢ 0
—e- [
— 20 : “ﬂ‘BIE’a—ql'?ue
s -e-BP-Beta(2,1) .
. ——EM-Beta(2,1) "reon,

25 ——AMF-Beta(2,1) . ...
e ————— ‘ ‘ ‘ ‘e
12345678 910 0.55 0.6 0.65 0.7

a+ 3 af(a+5)

(a) Beta prior (fixed o/ (¢ + B) = 0.6) (b) Beta prior (fixed o + 3 = 1)

-
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_05— ‘::‘° 05 ‘.‘.g'
‘."
““
Piad

0.4 0.6 0.8 |
Percentage of Spammers Percentage of Adversaries

(c) Spammer-hammer prior (d) Adversary-spammer-hammer prior



Belief Propagation

Variables -> Factors:

Factors -> Variables:

Marginalprobabilities:

misj(z:) o || myr—i(z)
§'#]
mjsi(zi) o< Y by [ [ mis(z)

2o\ {i} i/ #1

bi(zi) = 1] mjmi(=:)

J€O;

Decode solution: z; = argmax b;(z;),
* Log-odds form:
. bi(+1) o mis(+1) Jioi = log myj—i(+Lij)
Li = log bz(_1)7 Li—j = log mz—)g(_]-), J m]—m(_Lz])



Random (/, r)-regular bipartite graph
— 1000 tasks 0.5
— True data prior: spammer-hammer prior 0

True Data Prior

0
— Varying both [ and r, with [ = r.
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Natural language datasets

(snow et al 08)

Recognizing Textual Entailment:

Text: Many experts think that there is

— 462 tasks likely to be another terrorist attack on
— 76 workers American soil within the next five years.
Hypothesis: There will be another
terrorist attack on American soil within
the next five years.
Answer: NO
Y e KOS
0.4;...’_,-.“ .----....’_...“,-.
0.3/
.Q
0.2 .
*z‘g v ”0 MV
0.1 “Penmage. ..;_. “te.... _~ BP-Beta(2,1)
2 4 6 8

Number of Workers per Task

16— BP-Beta(2,1) (Sensitivity & specificity)



