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Aggregating noisy crowdsourcing labels to find Ground Truths.
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‘Majority Voting (MV)
fems: i € [M] Workers: j € [N] Worker labels: x;;€ [D]
Each item have a ground tfruth: y; € [D] Xi: {x;j» Vj}

MV: find the most frequent labels

N
j; = argmax » I(z;; = d),Vi € [M]
de|[D] =1
Limitations:

1. Workers are equal, lack of discrimination ability

8. Do not consider worker confusability
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" Constraint Formulation of MV

Expansion Expression
Def: g(x;,d) € {0,1}" , element jis I(x;; = d)

|

Constraint Formulation
MYV is equivalent to find y satistying the constraints:

S 1ng(Ti,yi) — 1yg(xi,d) >0, Vi, d

Weighted MV

We intfroduce worker weights n € RY, then the constraint
formulation changed into

nTg(Xia yZ) o nTg(Xia d) 2 07Vi7 d7

The discriminative function for infer ground fruth:

~

Yi = al“gmaxde[b] "7T9(337:7 d)
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Max Margin Majority Voting (M3V)

Incorporate max-margin principle to estimate n

g(x;,1):(0, 1)
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§:20,my
s.t.:m ' g (d) > €5 (d) — &, Vi € [M],d € [D]
— g(x;,d) ? and (2(d) = ((y; # d).
Here we using soff-margin for robustness.
Solving by iteratively updating n and y.

Solver for n:
Y| :Zfil ZdDzl wig:(d)

w is the solution of the dual problem:
sup

1
—on'n+ )y wili(d),
0<wa<c¢/2 ; A

j; = argmax | —c max (¢2(d) —n ' g~ (d )’
Solver for y: S aE ( de[D]( (d) =1 g7(d))

where g2 (d) = g(x;,y;)
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‘Dawid-Skene Model (DS)

)

Define and estimate worker confusion matrices.
¢; Is the contusion matrix of worker

¢jkd — p(xl] — d‘yl — k),Vl Apricot Peach
» Worker Label
Apricot 0.8 0.2
Peach 0.4 0.6
\_ Groun:i Truth Y,
4 N
CrowdSVM
Consider Majority Voting and confusabllity in a single model.
M3V:
o Anf [l + ﬂZ&:
s.t.:m' g2 (d) > (2(d) — &, Vi € [M),d € [D]
CrowdSVM:
+ ﬂ &_Eﬂi};gp_yﬁ(q(qh n):y) +c- Z i
q(ié}?fn}ﬁ(q(‘i’-_?}');y)a Variational Inference
L(q;y) = KL(qllpo(®,7n)) — E4[log p(X|®, y)]
k regularized Bayesian inference (Zhu et al. 2015) y

”
Experimental Results
We test the aggregation error rate on several popular
dataselts.
Table 2: Error-rates (%) of different estimators on four datasets.
METHOD WEB SEARCH AGE BLUEBIRDS FLOWERS
MV 26.90 34.88 24.07 22.00
I IWMV 15.04 34.53 27.78 19.00
M3V 12.74 33.33 20.37 13.50
DS 16.92 39.62 10.19 13.00
IT DS+PRIOR 13.26 34.53 10.19 13.50
CROWDSVM 9.42 33.33 10.19 13.50
ME 10.40 31.14 8.33 13.00
T | G-CROWDSVM | 7.99 4 0.26 | 32.98+0.36 | 10.37+0.41 | 12.10 & 1.07
Convergence:
0.18 T T
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i —— WMV
—&— M3y
0.10H —— Dawid-Skene R -
Entropy (M)
Entropy (O)
—&— CrowdSVM S
—&— Gibbs-CrowdSVM| | N N
10° 10’ 10°
Time (Seconds)
Generative vs. Discriminative:
: 0.3 -
22.84 0.2693
£ 0.2
22.65 S
22.62 - 0.1274
0.1069 0.1021
0.1
DS CSVM G-CSVM MA3V - MV WMV CSVM G-CSVM M3V
Conclusion:
1.Max-margin principle can enhance majority voting.
2.Both generative and discriminative component benefits
from the other.
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