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» Data objects are represented as permutations of a finite set of integers: 1, = [iy, ..., ix], ix €1{1,..,N}
= Similarity queries are executed in the permutation space
" Permutations can be efficiently indexed and searched (e.g., using inverted files)
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Our generalization: Permutations induced by a space transformation f

Def. The permutation representation of an object o € (D, d) induced by the function f:(D,d) = RY is the sequence
H£ = |mq, ..., my] that lists the permutants {1, ..., N} in an order such thatvi € {1,:--,N — 1}

f(o)ni < f(o)ni+1 or [ f(o)ni — f(o)niﬂ ] Almy <miypql

Permutants: 1 2 3 2 5 2 1 3 5 4
o€ (D,d) - f(o)=1[0.3,0.1,04,2.4,11] € RN - sort(f(o)) =[0.1,0.3,0.4,1.1,2.4] » I, =[2,1,3,5,4]

> novel permutation-based representations can be defined (assuming a suitable f: (D,d) — R" is used!)
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