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Iy items to be ranked

Each user ranks my items (chosen at random)
Ranking: [0, 1]

Correlation

@ Cclasses,c =1,...,.C
@ Ranking vector: r; = (r¢(1), ..., re(In))

Ranking vectors can “overlap”
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@ Complete Separation: re/(i) # ren(i),i =1, ..., Iy

@ “Edge does mean same class!”

@ “Correct Classification” means “Full Connectivity”

@ Is “complete separation” too strong an assumption?
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@ Notation

@ Fixed class c
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@ Probability that an edge exists between two users

mi 1
7:—-mN.mN

p(INamN) ~ IN IN

@ Not a Erdos-Renyi graph
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@ Py : Probability of Full Connectivity

@ Note 5 5
Nm m
N _NiN%Np(INamN)
In N
o If 5
Nm
N — w(logN)
In

then limy_ . Pn = 1,
o if 5
NmN

i =logN +a+o(1)
N

then limy_o Py < e ® ",
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