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The task of ranking a list of several alternatives based on one or more criteria is encountered in many situations,
such as recommendation ranking of the books, restaurant ranking and etc. We consider a rank aggregation problem.
To solve this problem, we usually use majority voting method or total score method often been used. However,
these techniques don’t consider the worker’s performance into account. There exists some methods which consider
all order of items, but they are much more complicated than majority voting. We propose efficient rank aggregation
method that considers worker’s performance using crowd sourcing. The experiment results show that our approachs
achieves better accuracy and Spearman-distance than majority voting.
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Algorithm 1 Expectation-Maximization Algorithm

Require: 3 (j € M)
Ensure: p
1: Initialize p; by majority voting.
2: while E¢tY — E® < threshold do
3:  M-step update «, B and p.
4:  E-step compute E{ln Pr[D, y|c, 3]} and refine p.
5: end while
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Algorithm 2 Rank aggregation via Queue Algorithm

Require: g
Ensure: O
1: for all p,q € {(1,...,N),p# q} do
2:  if ypq =1 then
3: Q « [zp, 4]
4 else
Q « [zq, zp]

end if
end for
. for all [z,,z,] € 2 do
Q + enqueue([zp, zq])0
10: end for
11: while (QODO0O00O0 OO000)=N do
12: O + dequeue(Q)
130 @+ (O0D00DD)
14:  for all r s.t.[Ztqi, zr] € Q,IoNr = ¢ do
15: O’ + O.append(x)
16: Q + enqueue(O’)
17:  end for
18: end while

19: Ofin < arg min dKendall(O/l7 Q)
O"eQ
20: Oy, 000000000 CODOOOOO O}mDDDD
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