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Abstract With the development of deep learning technology,
development are underway to estimate preference rankings through learning, and it

various research and

is used in

various fields such as web search, gene classification, recommendation system, and image
search. Approximation algorithms are used to estimate deep learning—based preference ranking,
which builds more than k comparison sets on all comparison targets to ensure proper accuracy,

and how to build comparison sets affects learning. In this paper, we propose a

k-disjoint

comparison set generation algorithm and a k-chain comparison set generation algorithm, a novel
algorithm for generating paired comparison sets for crowd-sourcing—based deep learning affinity
measurements. In particular, the experiment confirmed that the k-chaining algorithm, like the
conventional circular generation algorithm, also has a random nature that can support stable

preference evaluation while ensuring connectivity between data.
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Algorithm : kDisjointPairComparisions

Input: D: list of ids in target data ;
R: set of pairwise comparisons ;
Output: R set of pairwise comparison
1 Q « RandomShuf fleQueue(D)
2 ¢ & Q.randomPoll()
3 while ¢! = NULLA!Q.empty() do
4 ¢z « Q.randomPoll()
5 while R.exists(sort(cy,c2)) do

6 Q.add(cy)
7 ¢z « Q.randomPoll()
8 end

9 R.add(sort(cy, c2))
10 ¢1 < Q.randomPoll()
11 if ¢;! = NULL A Q.isEmpty() then

12 t « RandomChoose(D)

13 while R.exists(sort(cy,t) do
14 | t « RandomChoose(D)
15 end

16 R.add((cy,t))

17 end

18 end

Fig. 3 Algorithm for generation of k-disjoint
pair comparision set
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Algorithm : ExtendedkDisjointPairComparisions

Input: D: list of ids in target data ;
k: minimum comparisons per each data ;
Output: R: set of pairwise comparison
1Re<10
2 while k> 1A |D| > 2do
3 | DisjointPairComparisions(D, R)
4 ke—k-1
5 end
¢ return R

Fig. 4 Algorithm for generation of extended

k-disjoint pair comparision set
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Algorithm : kChainingPairComparisions

Input: D: list of ids in target data ;
k: minimum comparisons per each data ;
Output: R set of pairwise comparison
1 Re10
2 Q « RandomShuf fleQueue(D)
3 while k> 2A|Q] > 2do

1 head, « ¢y « Q.randomPoll()
5 while !Q.empty() do

6 ¢z < Q.randomPoll()

7 while R.exists(sort(cy,c2) do
8 Q.add(cz)

9 ¢y «— Q.randomPoll()

10 end

1 R.add(sort(cy,c3))

12 c] —
13 end

14 R.add((head, cy))

15 Q «— RandomShuf fleQueue(D)
16 ke—k-2

17 end

18 if k=1A|D| > 2 then

19 DisjointPairComparisions(D, R)
20 end

21 return R

Fig. 6 Algorithm for generation of k-chaining
pair comparison set
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