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Efficient and Accurate EDM Estimation and
Its Application to Range Queries

KeENTAROU KipO,*! Hirosnr Kuwajimafl+2
and TAKASHI WAsHIO!!

This paper proposes a novel approach to estimate admissible values and their
intervals of missing elements in an Euclidean Distance Matrix (EDM) based on
limited known distance values among given objects in Euclidean space. Fur-
thermore, this paper presents a new efficient range query approach by applying
this estimation method. The superior performances of these approaches in
both efficiency and accuracy are demonstrated through comparisons with some
conventional approaches.
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Pre-construction of Distance Factor Information
Input: OB C OU; a dataset of objects

€01 €ER; Euclidean error tolerance
Output: K € T; the mazimum steps
OA € OB; an ordered list of pivots
oc* € OB; a completed set for each k

U[K] € RIOAIX(j0AI+OCk)) .
factorized vectors for each k
E[k] € RIOAI+I0CH].
factorized error bounds for each k
Function: d? : OU x OU — R; squared distance
EC:R—-R; EC-transform
EC™':R - R; inversed EC-transform
begin
k:=0, OA:=¢, U:=[];
while OB # ¢ do
k:=k+4+1;
PV = Pmaxz € OB, OB := OB — {pv};
approximating
U(OA, OB)
{EC(d?(pv, 9))lq € OB}
OA(k) := {pv}; distance computing
U, E] :=ICD(U); one step incomplete Cholesky
decomposition (updating lower bound)
ock .= CR(E, EC™Y, eflol); column reduction
OB := OB—0C¥; (eliminating)
Ulk] = [U(OA, OA) U(OA, OC*)];
E(k) := [E(OA) E(OC*)];
U=[U(OA,OA)U(OA,OB)]|;
endwhile
K =k;
end

initializing

U(OA, 0A) U(OA, {pv})

01 maesa 00000000000

Fig.1 Pre-construction algorithm of maesa.
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Range Query of (q,7)q

Input: ¢ € OU; a query object

r € R; a range for query
efol ER; Euclidean error tolerance
KeZI; the maxzimum steps
OA € OB; an ordered list of pivots

ock € OB; a completed set for each k
Ulk] € RIOAIX(0AI+IOCK))

facto’rzzed vectors for each k

Elk] € RlOA\HOC"’
factomzed error bounds for each k
Output: Q € OB; query result
Function: d? : OU x OU — R;
EC: R —-R;
EC™':R > R;
Ib: R*+2 L R;

squared distance
EC-transform
inversed EC-transform
lower bound of similarity
begin
Ug = []7 Q= ¢;
for every k=1:K do
apu,g = BEC(d*(0OA(K), 0));

initializing
distance computing
S
Apv,q
if apy,q <7 then Q = Q + OA(k) endif
[ug, egk)] = ICD*([U[k] ugl); one step and last
column incomplete Cholesky
decomposition (updating lower bound)
Q=Q+ updating query result
{pe OCk\\/E'C' (Ib(up,uw e e(k))) < r where
ps Uq) €p s =
up = UK](OA(L : k), {p}), el := E[K|({p})};
endfor
compute d (q,p) for all p € Q; distance computing

={pe QlW <r}; finalizing query result
nd

02 maeesa OO0O00O00O0OOOOO0O
Fig.2 Range query algorithm of maesa.
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01 0000000 ECOSG-transform 000D00O
Table 1 Performance of ECUO SG-transform against number of objects.
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Table 2 Performance of EC-transform against noise ratio.

0o0ooo%o 0 3 6 10 100
gooo 0.218 0.890 1.17 2.11 20.2
00000secO

oooo 0.006  0.017 0.020 0.042 0.283
0 00secO 1.12 1.12 1.12 1.12 1.12
goooo 11 43 73 114 944
goooooo

00000000 %0o 0.46 0.60 0.55 0.54 0.57
00000000000 EC-transform/00000000
00000000 g0 100000000

OOEDMOOO PSDOOOOOOOOOOOOOEDMOOOOOOOOOOOOOO
ooo0ooOooOoUo (l)Do0o0o0oooooooooooooooooooooo
gooobooooooooboooooobooobooooOoboOo0ooooooOoOoooobonoa
O00000000000000000000000000 EC-transform 0000000
ooboooooboog

02000000000000000 EC-transform 00000000000 DOOODO
ocooooOoOoOO0OO0O0000O0O0O0000000000000O0OOODODO kBOODOOO
00000UoO00OU00O00O000000ULOUOUODO0OLOD0OOOOOOO0On 100%00
goboooooooooooboooboooooooobooOooOoOoooboOobooooDbOoOooDo

(© 2009 Information Processing Society of Japan



1502 0O00O0OO0OO0O00000O0OO0OCOCOO0O000O0O0O0O0O0
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Table 3 Comparison of average range query time for artificial datasets.
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Table 4 Comparison of averaged distance lower bounds between objects for artificial datasets.
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Table 5 Comparison of average range query time for read datasets.
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Fig.3 Comparison of average range query time for ionosphere.

0.0035

0.003

& maesa -4 laesa - M-tree

> ;t Ld Ld .
Q
Z 0.0025
Q
£ oo —8——8
% 0.0015
=1
o \
o 0001
o0
x N\
§ 0.0005 ® °
<
0 T T T .
1 3 5 10 30
¥ : % of average distance
0 4 spambase 00000000000 0OOOO
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