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LBD: Exploring Local Bit-code Difference for KNN Search in High-dimensional Spaces
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Abstract Recent advances in research fields like multimedia and bicinformatics have brought about a new generation of
high-dimensional databases. To support efficient querying and retrieval on such databases, we propose a methodology
exploring Local Bit-code Difference (1LBD) which can support k-nearest neighbors (KNN) queries on high-dimensional
databases and yet co-exist with ubiquitous indices, such as B -trees. On clustering the data space into a number of par-
titions, LBD extracts a distance and a simple bitmap representation called Bit Code (BC)for each point in the database
with respect to the corresponding reference point. Pruning during KNN search is performed by dynamically selecting
only a subset of the bits from the BC based on which subsequent comparisons are performed. In doing so, expensive
operations involved in computing L-norm distance functions between high-dimensional data can be avoided. Extensive
experiments are conducted to show that our methodology offers significant performance advantages over other existing
indexing methods on both real life and synthetic high-dimensional spaces.
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Algorithm KNNSearch (point Q, real step, integer K, point_sets
CurrentKNNList)
R=r, CurrentKNNList={};
Initialize Ip [J=o0,rp []=0;
pd=MaxDist(CurrentKNNList, Q) ;
While R<<pd or |CurrentKNNList{<(K do
R=R+step;
For each cluster ¢/; with the centriod O; do
If c/; intersects sphere(Q,R)then
SearchRange=Determine_Range(cl; , Qs keyiow s keVhigh )
SearchRange=BC_Pruning( SearchRange,O; » Qs pd)s
If MinKey(SearchRange)<(lp [i] then
Ip [i]=SearchDown(lp [i f MinKey(SearchRange))
If MaxKey(SearchRange) =>rp [i] then
rp[i]=SearchUp(rp [i], MaxKey(SearchRange))

Function BC_Pruning(SearchRange, 0, Q, pd)
For t=1to N do
rank [ t]=rank_dimension(Q,0)
width=1;
while( w1dth<N)do
n<— (dth) ;
List [n][vwdth]< (T
Fori=1tondo
DimDist=0;
For j=1 to width do
DimDist=DimDist+ dist (GramLia[1][;]] » Omamt{Lise LT )
If (DimDist<pd)

break
else
For each point P in SearchRange do
diff num=0;
I';or =0 to width do N
If BC, ; C, wran then
diff T ]53} #’f';“"‘[ 0]

If diff_num=width then
Remove P from SearchRange
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width ++;
Return SearchRange;

Function SearchUp(startkey, endkey)
For each point P_with key from startkey to endkey do
If | CurrentKNNList | = =K then
CurrentKNNDist=MaxDist(CurrentKNNList, Q)
If dist(P, Q)<CurrentKNNDist then
Remove the point with largest distance from Current-
KNNList;
Insert P into CurrentKNNList

Else
1f| CurrentKNNList | <K then
Insert P into CurrentKNNList

return endkey;
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