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Efficient Skyline and Skycube Computation Using
Point—Based Space Partitioning
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(Skyline: a set of points that are not dominated by any other points.)

St
=

a dominates b.
— a is no worse than b on all dimensions.

a is incomparable with b.
— a is not dominated by b and vice versa.
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The categorization of existing algorithms

o Sorting-based algorithms: optimizing point order to prune out non-
skyline points early on.

o Partitioning-based algorithms: grouping points into subregions to
perform region-based dominance comparisons.

They focused solely on optimizing dominance!!

Our work

o Exploit point-based space partitioning to optimize both dominance
and incomparability.
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Sorting-based algorithm — SFS
o Access points in decreasing order of dominance regions.

o Prune out non-skyline points early on.
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Partitioning-based algorithm — BBS
o Access points in descending order of Manhattan distances.
o Remove points in the dominance region at once.
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= Must treat incomparability as the first-class citizen for cost
optimization, especially, for high-dimensional data.
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Mapping points into subregions

o For a point e, each point is mapped into a binary vector.
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Which point is better as a pivot point?
o Select a point maximizing both dominance and incomparability
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= Using the projection on a diagonal line X, find a point with
higher incomparability.
o Assume that data distribution is uniform and independent.
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Suppose that points are accessed in alphabetical order.

o Access points in a linear scan manner.
Find a point that is not dominated and well-balanced.

D,

A
10T c(3,9)
9T ® i(8.8)
il “e® e °

1 h(7,6)
6 I b(2.5) e d(4,6) ®
> e(4,4) g(6,4)
4T ¢ ° k(8,3)
3T o
27 72 91
1 B o

(@)

12345678910D1



35138

2s}o] 24 44 W

14



BSkyTree—S

Sorting-based algorithm
selection

using our proposed pivot point
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Partitioning-based algorithm using our proposed pivot point
selection: recursive partitioning
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Experimental settings

o Distribution: Independent, Anti-correlated

o Dimensionality d: 4 ~ 22 (default d = 12)

o Cardinality n: 200K ~ 1,000K (default n = 200K)

Compared algorithms
o Pivot point selection: MaxDom, Random vs. Balanced
o Scalability: SFS, SalLSa, SSkyline vs. BSkyTree-S, BSkyTree-P
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Effect of pivot point selection over dimensionality
o BSkytree-P + arbitrary pivot point selections
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= Scalability of our proposed algorithm over dimensionality
o Recursive partitioning reduces # of comparisons from incomparability.
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= Scalability of our proposed algorithm over n
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What if users may issue skyline queries based on arbitrary
subsets of dimensions?
o subspace skylines can be very different!

D, | D, | Dy | D,
a 3 4 2 5
b 4 6 7 2
C 9 7 5 6
d 4 3 6 1
e 2 2 3 1
f 6 1 1 3
g 1 3 4 1

4-dimensional dataset
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Skyline on (D, D3)

1 234 56789 D

Skyline on (D, D,)
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A d-dimensional space contains 29 - 1 subspaces.
o A skycube is the collection of all possible subspace skylines.

D,D,D;D, — Full-space skyline

N

D,D,D, D,D,D, D,D;D, D,DD,

[TEZSTFN

p,0, b,D, DD, D,D, D,O, D,D,

e

D, D, D, D,

o Multiple subspace skylines may share redundant computation!!
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Mapping points into subregions
o Restricting possible subspaces to be a skyline point
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Exact optimization Incur a prohibitive cost of O(49).

A systematic two-phase approximation approach
o First phase: consider skyline points as the pivot candidates.

o Second phase: select a skyline point maximizing incomparability.
Assume that data distribution is uniform and independent.
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Use the volume of regions to approximate the cardinality.
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We prove, for any point p, its projection on the diagonal X
has higher incomparability.

o Find local optimum among points on the dotted line.

dist(p, X) quantifies the difference from local optimum.
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Assuming skyline projections are inherently skewed,
dist(p, X) can approximate incomparability regions.
o Incomparability over local optima does not vary much.
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Use a upper bound of dist(p, X) for p=(p4, ---, Py)

o Find a minimizing p,,., — Pmin INStead of computing dist(p, X).

diSt( p’X):\/( pl_p2)2+"c'l+(pd—1_pd )2 <\/( pmax_p:n) X(Z)

> 0O(d).
Pmax =MaX i e [1,d] Pi

d

d

dISt( p,X )S( Pmax — Prmin )X

P min = MIN i < [1,d] Pi
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Example of a lattice when dimensionality is three.
o Dominance: a top node and a bottom node

o Partial dominance: self-pair, reachable node pairs

o Incomparability: non-reachable node pairs

00171)

011(3)

000(0)

010(2)

10175)

111(7)

Dominant pairs: (000, 111)

100(4)

Incomparable pairs:

110(6) (001, 010), (001, 100), (001, 110)

(010, 100), (010, 101), (100, 011)
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Effect of pivot point selection over cardinality
o BSkytree-P + arbitrary pivot point selection
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= Scalability of our proposed algorithm over n
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