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Under the development of ubiquitous sensing, electric documents and multi-media technologies, data sets consist-
ing of high dimensional and massive instances have become available in various practical fields. Efficient evaluation
of the similarity measures, e.g., correlations and distances, among such instances is one of the most important
tasks for the instance queries and clustering which are required to analyze the data. However, the computational
complexity of the evaluation for n instances is O(n2) which is practically intractable under the high dimensional
and massive data. The objective of this paper is to provide an efficient remedy to this problem. We propose a fast
approach to estimate the similarity measures among n instances from their small portion by using a mathematical
constraint called “positive semi-definiteness” governing the similarity measures. The superior performance of our
approach in both efficiency and accuracy of the estimation is demonstrated though the evaluation based on artificial

and real world data sets.
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Randomly select 1 instance

Calculate the similarity measure between
the selected instance and any other instances
¥

| Calculate the incremented cholesky decomposition and all the eigenvalue |
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max eigenvalue <4,

Output estimation results

01000000

o0oo0ooUo0ood n/k000000000000
go00o0o00o0obO0oDb00D kOOODOOODbODODODO
Jo00000oO00o0O0oO0boO00b0O0bOn =1000,m =
1000,k =100000000000n = 300, 1000, 3000, 10000
m = 300, 1000, 3000, 10000 k = 3,10,30,100 OO OO OO
gooboboooboooooboooboboooo
00000 UCI Machine Learning Repository 0 0 0 0O O
0 400000 O muskd isolet[ spambasel] inonosphere [
0000000000 (00000000 00)00000
musk (65980 167) 0 isolet (62380 618) 0 spambase(46010 58)0
ionosphere(3510 34) 00O O
ooooooooobobobobbobbbbobooooooo
gooooobobooooooboooooooooooooa
0000D0O00bO0obOO0o0oo0obOobOoOoOobOOobooooooon
goooooo1000d =005000000000

4.2 00O

g2000000000000000000000000d
goooooooooooooooboboobooooooooon
gooooooboooooooooobooooooooooon
gooooooooooooocoooooooobooooooon
gooooooooboooobooooooooooooooon
gooooo

1900

| 370 F
o 1400 | — A /
- HEEE = /
¥ I CEEHE 220 | ScEEHE
e 900 = iftE / 170 b = /
® )/ 120 | - /
400 [ 4
'Y /
[ e S ) 20 rm———=— T 4
-100 -30 -
100 1000 10000 100 1000 10000
EHI%K KT
10
o —---------—--
i .
¥ 6 --EEHE
£ gt = #E
#
2 |
0
1 10 100
IS REH

02000000000

0l0000oO000o0o0O0o0oooooooooooooo
oooooOoOoO00OO0OO0O00O00O0OoOoooOooooooO
O00000000000muskO isolet 000000000
poooooOoO0OO0O0000O000000O00O0000O
00000 spambase 0 ionosphere 00000000000
0000000o00oo0ooo0Oo0oOOoUoOoooOoooDooO
ooo0ooooOoOo0o0ooOoooOoooUoooooUooO

goobooboooooooooooboobbooooooooo
ooooooooooooooooooobooooooon
goooooooooooooooooooooooooon
oooooooooocooooooooobooooooooon
gooooooooboooooooboooooooooooo
00000000000 00000000O(kn)0DODOO
000000000000000000 O(»*) 000000
OOO0OO0OOmuskO isolet 00000000 OCOOODOOOO
goboooooooboooobooooo

|00 (s) |00D00 (s) | ODOO

musk 67.55 86.66 66
isolet 175.14 286.14 196
spambase 24.12 11.64 45
ionosphere 0.11 0.03 33

0100000000

5. 00O

gboooboooobooooooobooboobooboooon
gooooooooooooooobooooboooboobooooooo
goooooooooooboboooboboboooooooooo
oooooooooooboo

odooooooooooooooobooboooooooo
oooooooooooooocoooooooooooooon
goboooooon

goobo

[CNBM 99] E. Chavez, G. Navarro, R. Baeza-Yates, J.
Marroquin: Searching in metric spaces, Technical Re-
port TR/DCC-99-3, Dept. of Computer Science, Univ.
of Chile, 1999.

[Yianilos 93] P. N. Yianilos: Data structures and algo-
rithms for nearest neighbor search in general metric
spaces, Proc. 4th ACM-SIAM Symposium on Discrete
Algorithms (SODA ’93), pp.311-321, 1993.

[DN 87] F. Dehne, H. Nolteimer: Voronoi trees and cluster-
ing problems, Information Systems, 12(2), pp.171-175,
1987.

A Connection Between
Positive Semidefinite and Euclidean Distance Matrix

[Laurent 98] Monique Laurent:

Completion Problems, Linear Algebra and its Appli-
cations, 273, pp.9-22, 1998.

[Laurent 01] Monique Laurent: Matrix Complition Prob-
lems, C. Floudas and P. Pardalos, editors, The En-
cyclopedia of Optimization, volume III, pp.221-229.
Kluwer, 2001.

[Graepel 02] T. Graepel:
semidefinite programming, J.R. Dorronsoro, editor,
Artificial Neural Networks-ICANN 2002, pp.687-693,
Springer Verlag, 2002.

Kernel matrix completion by

[TAA 03] K. Tsuda, S. Akaho, K. Asai: The em Algorithm
for Kernel Matrix Completion with Auxiliary Data, J.
of Machine Learning Research, vol.4, 2003.



