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AdaFlock: Adaptive Boosted Generation of Crowd Features for Predictive Modeling
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Feature engineering is the key to successful application of machine learning algorithms to real-world data. The
discovery of informative features often requires domain knowledge or human inspiration, and data scientists expend
a certain amount of effort into exploring feature spaces. In this paper, we present a novel algorithm called AdaFlock
to efficiently obtain informative features through crowdsourcing. AdaFlock is inspired by AdaBoost, which itera-
tively trains classifiers by increasing the weights of samples misclassified by previous classifiers. AdaFlock iteratively
generates informative features; at each iteration, crowdsourced workers are shown samples selected according to the
classification errors of the current classifiers and are asked to generate new features that are helpful for correctly
classifying the given examples. The results of our experiments conducted using real datasets indicate that AdaFlock

successfully discovers informative features with fewer iterations and achieves high classification accuracy.
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Algorithm 1 AdaFlock

1: input Crowd oracle O, D = {(zi,y:)} 1, &, €, m, k,
T
Set weights w; = 1/N,i=1,...,N
D ={(z,y) | (z,y) €D, y=+1}
D™ = {(m,y) | ($7y) €D, y= _1}
fort=1,...,7 do
St =¢,5=¢
while S} | <2 and |S;| < 2 do
Sample an object (x,y) using FILTER(w’, &;)
if y=+1 and |S;§\ < % then
add (z,y) to St
else if y = —1 and |S;| < % then
add (z,y) to Sg
Create a feature making sample set Sp = S} + S5
Use O to get crowd features Fy = f},..., fF for Sp
Use O to label crowd features F; for D
Train a classifier h; for D using F}
Edge 7 = Yiep Ly = he (2] !/ Xy w! — 0.5
Set weight ot < 0.51og (0.5 4+ 7¢) / (0.5 — 7z)
Updatth( )(—Ht 1( )+O¢tht( )
Update w“‘l ~1/(1+ exp (yiHy (24)))
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: return strong learner Hr (z atht )

: function FILTER(w", 6;)

r = # calls to FILTER so far on round t; §;, = ﬁ

24: (D', w') + Permutation of (D, w")

25:  fori=0;i<2In(1/6}); i=i+1do
26: (z,y) « the i th element of D’

27: return (z,y) with propability w]

exit algorithm; return H; (x)
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