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ABSTRACT retrieves points that haveas one of the k-nearest neighbors. The

The Reverse k-Nearest Neighbors (RKNN) queries are important complexity of this naive approach @(.NQ) for non-lndexe_d data,_

in profile-based marketing, information retrieval, decision support andO(NlogN) for datasets that are '”dex‘?d by some hierarchical
and data mining systems. However, they are very expensive angstructure such as the R-tree[4Y (s the cardinality of dataset).
existing algorithms are not scalable to queries in high dimensional
spaces or of large values of k. This paper describes an efficient
estimation-baseBkNN search algorithm (ERKNN) which answers
RKNN queries based olocal kNN-distance estimatiomethods.

The proposed approach utilizes estimation-based filtering strategy
to lower the computation cost of RKNN queries. The results of ex-
tensive experiments on both synthetic and real life datasets demon-
strate that ERKNN algorithm retrieves RkNN efficiently and is scal-
able with respect to data dimensionality,and data size.

Categories and Subject DescriptorsH.3.3 [INFORMATION STOR-
AGE AND RETRIEVAL]: Information Search and Retrieval

General Terms: Algorithms, Performance, Design, Experimenta-
tion

Figure 1: An RkNN query example (¢ = 2).

1. INTRODUCTION Various methods have been developed for the efficient process-

The reverse k-Nearest Neighbors (RKNN) query aims to find ing of RKNN queries and can be divided into two categorjge:
points in a data set that have the given query point as one of their k- COmputatiorandspace pruningPre-computatiomethods [10, 18]
nearest neighbors (kNN). It has many applications in profile-based Pre-compute the nearest neighbors of each point in the datasets and
marketing, information retrieval, decision support and data mining Store the pre-computed information in hierarchical structures. This
systems and therefore, has received considerable attention in thedpproach cannot answer an RKNN query unless the corresponding
recent years[10, 15, 18, 14, 9, 11]. k-nearest neighbor information is availabl®pace pruningneth-

RKNN queries are much more complex than the traditional kNN 0ds such as [13, 16, 14] utilize the geometry properties of RNN
queries because unlike kNN, RKNN are not localized to the neigh- to find a small number of data points as candidates and then verify
borhood of the query point. We illustrate this behavior using the them with NN queries or range queries. However, these methods

example in Figure 1 wherg; is the query point an&=2. We ob-
serve thafp, is one of the 2-nearest neighborsmf, ps, andp..
Hence,ps’s reverse 2-nearest neighbors afe ps, andps. Note
that p4 is an R2NN ofp. although it is far from the query point
p2. In contrastps andp~ are not answers of the R2NN queryef
although they are close i%.
The naive solution for RKNN search is expensive. It first com-

putes the k-nearest neighbors for each pgiin the dataset and
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The rest of the paper is organized as follows. Section 2 defines
the problem and reviews related work. Section 3 describes the
estimation-based RKNN search algorithm. Section 4 presents the
results of the performance study, and we conclude in Section 5.



2. PRELIMINARY Symbol Definition

d data dimensionality
korkC an integer, number of nearest neighbors
2.1 Problem Statement p andq data point and query point
. . L(p, q) distance between poingsandq
. We focus On the conventional RKNN query [10] In our StUdy' It dnny (p) kNN-distance - distance betwegrand itskth-nearest neighbor
is formally defined as follows. ednny(p) | estimated kNN-distance
Definition 2.1 (Reverse k-Nearest Neighbors)Given a dataset dnny(p) [ KNN-distance - distance betweprand itsK'th-nearest neighbo

DB, a query pointg, a positive integek and a distance metric

£(), reversek-nearest neighbors af, denoted asRk NN (q), is a

set of pointsS C DB such thatvp € S,q € kNN (p), where set), which makes it expensive fbs of large values.

kNN (p) are thek-nearest neighbors of point p. TPL [16] uses thdalf-planespruning strategy to divide the data
Data points in our study are multi-dimensional vectprs=< space into two half-planes by the perpendicular bisector betgeen

21,22, ...,2q >. They could be locations and features vectors of and an arbitrary data poipt Then any point in the half plane pf

documents and images etc. The distance metric in our considera-C8Nnot be an RNN of. TPL traverse the R-tree to retrieve nearest
1/p neighbors incrementally as RkNN candidates and uses the candi-

Lo . P,

tion is theL, metric, where/(p,q) = [, [p.zi —q.@il” dates to prune tree nodes with tiien algorithm until all nodes of

1 < p < oo. For illustrative purposes, we shall use the most R-tree are either pruned or visited. The retrieved candidates are ver-
commonly used metrid,» (the Euclidean distance). Table 1 sum- ified by an I/O optimized refinement algorithm. For RKNN queries,

Table 1: Symbols and definitions.

marizes the symbols used frequently in the paper. the k-trim algorithm is used to prune R-tree nodes based on the
extendedhalf-planesstrategy. TPL is efficient in low-dimensional
2.2 Related Work space and for small values bf However, the cost df-trim algo-

Various methods have been proposed for efficient RKNN query rithm increases rapidly with respectio
processing. The majority have been designed for RNN queries (i.e.,
RKNN queries wherk = 1). We divide these methods intotwo 3, ESTIMATION-BASED RKNN SEARCH
categoriespre-cgmputatiormethods andpace pruningnethods. Algorithm 1 shows the estimation-based RKNN search (ERKNN)
Pre-computanor_method; [10, 18] pre-gonjpute and stc_)re_ the which has two main steps. The first step calls procedure Filter to
nearest neighbor information of each point in a dataset in index retrieve a set of points whose distance to the query poiptis

structures, i.e., the RNN-tree [10] and the Rdnn-tree[18]. With the equal to or greater thapls estimated kNN-distance as RKNN can-

pre-computed_ nearest neighbor mformatlon_, an RNN query IS an- giates. The second step calls procedure Refinement to verify the
swered by goint enclosure querfi0] that retrieves a set of points candidates with range queries

A such that for each point € A, the query point falls within the The novelty of ERKNN lies in its efficient candidate retrieval

sphere centered atand of the radiusinn (the distance fronp based on théocal kNN-distance estimatiowhich accurately ap-

to It; tnearest neFlzgkr:\leor). The IENN-tree and:he Rddnnt-tr(_ee ct?]n Eeproximates each point's KNN-distance. It answers RkNN queries
used to answer queries by pré-computing and storing the K- ¢ arbitrary k efficiently without requiring the correspondinig

nearest neighbor information in these structures and applying the nearest neighbor information and outperfospace pruningneth-

same point enclosure search. ods significantly especially when data dimensionality is high/and

The drawé’z\clh opre-corr]putazlhormethods |dehatkthey cartmot. h is big. The following subsections give the details of the estimation
answer an query unless the corresponding k-nearest neigh- .0 o oo procedure.

bor information is available. Since the valuesiahay vary greatly
in many applications, storing the k-nearest neighbor information
for all possible values of is expensive and sometimes infeasible,

Algorithm 1 ERKNN(T', q, k)

and maintaining such a large amount of k-nearest neighbor infor- 'npu; is the index treeg is the query pointi is an integer
mation in the presence of frequent updates is even more costly. output: ™ queryp ger.

Space pruningnethods such as TPL [16], SFT [13], SAA [14] RKNN answers.
filters a large portion of data points based on the geometry proper- Description:
ties of RKNN and returns a small number RkNN candidate points 1: A = @; /* A is the RKNN candidate set*/
for verification. SAA [14] makes use of tHeunded outpuprop- 2: Filter (T, ¢, k, A);
erty, e.g. for an RNN query in the 2-dimensional space, a query - Refinemen(Z’ ¢, k, A);
point ¢ has at most 6 RNNs [14]. Thus, SAA divides the data
space into six equal regions by straight lines that intersect at the . . .
query pointg. For each region, the nearest neighborsgcdre 3.1 Local kNN-Distance Estimation Methods
retrieved as candidates and then verified by NN queries. For an Previous studies on the kNN-distance estimation [3] employ the
RKNN query, the number of outputs is bounded by £ in 2- global uniform assumptigrthat is, the data are uniformly distributed
dimensional space [16] and similar algorithm is applicable to RKNN over the whole data space. We call these approacheglobal
queries. SAA s costly for high-dimensional data because the boundkNN-distance estimatioMhe kNN-distance computed by tgbal
ing number increases exponentially with respect to data dimension-kNN-distance estimatiois theaverageof the kNN-distance of all

ality. the points in the dataset. However, the local density of each pointin
SFT [13] is based on the assumption that RKNN and KNN are a dataset varies considerately and so does the kNN-distance of each
correlated, that is, an RKNN afis expected to be one KNN af point. RKNN candidate retrieval that is based on the average kNN-

whereK is a value bigger thah. It retrievesK nearest points to distance tends to produce a large number of false misses and false
q as candidates and then verifies the candidates with range querieshits, which increases the refinement cost and as well as decreases
However, the correlation between RKNN and KNN is not strong. the recall of the correct RKNN answers.

Hence,K should be set to be sufficiently big in order to redtaise In this work, we introduce the idea of tHecal kNN-distance
misseg(points that are RKNN but missed from the found answer estimationwhich is based on the nonparametric density estima-



tion [7]. The nonparametric density estimation estimates a point's Algorithm 2 Filter(T, ¢, k,.A)

local density function by a small number of neighboring samples

around the point. The resulting local density function gives a much
better approximation of the data distribution compared to the global

uniform assumption. Hence, tihacal kNN-distance estimaticap-

proximates the kNN-distance of each point much more accurately

than the global approach.
We develop twolocal kNN-distance estimatiomethods - the

PDE method and the kDE method. The PDE method is based on 55

the parzen density estimator with uniform kernel [7], which is a

most commonly-used non-parametric density estimator. The kDE :
method, as an alternative to the PDE method, is based on the in- g.

teresting finding which is deduced from the kNN density estima-

tor [7]. Our experiment study show that these methods produce 11:

similar estimation results, work effectively on both synthetic and
real life datasets and outperform the global approach significantly.

3.1.1 The PDE method

The PDE method is based on the parzen density estimator with

uniform kernel [7]. LetL(p) be a small sphere region centereg.at

The Parzen Density Estimator counts the number of points falling

in L(p) and estimates the local probability density functiorpat

X(p) as follows:

X(p) = ®
%4
whereN is the cardinality of dataset; is the number of points
within L(p) andV is the volume ofL(p). L(p) is ad-dimensional
hyper-sphere of radius= dnn(p), SO
Vrd . pd -~ Vrd - dnng (p)?¢ 5
rd/2+1)  I(d/2+1) @
where,['(z 4+ 1) = zI'(z), I'(1) = 1,I'(1/2) = /. Combin-
ing Equation 1 and 2, we have
(p) = kE/N -T(d/2+1)
P= Vrd - dnng (p)d
When knowing thap’s NN-distance isinny (p), we have
K/N -T(d/2 4+ 1)
Vrd . dnny (p)?
Equation 4 gives an approximation of local density aropnd
From Equation 3, we also have
T r(d/2+1)
N - V7d - X(p)

V =Var(p) =

3

X(p) = @

d

dnng(p) = ®)

Input:
T is the Rdnn-treeg is the query pointk is an integer,A is the set of
RKNN candidates.
Description:
1: Initialize queueR with root of T
2: while Q is not emptydo
3:  Dequeue a nod#’ from Q;
4: if Nisan internal nodéhen
for each sub-nodeN’ of N do
if MinDist(N',q) < Maz_-ED(N'’) then
InsertN’ to Q;
else
for each pointp in N do
if £(p, q) < ednny(p) then
Insertp into A;

10:

dnngtr  2dnng - (1+ Tld)
dnngyo =dnngpii- 14 m
=~ dnny - 1+ﬁ . 1+m

So for any two integers; andks (k1 # k2),

. ko—1
if k1 <kz2 dnng, =dnng, - iikl 1+ ﬁ)
dnny,
if k1 >ko dnng, & op—7
ishg a+3i

Therefore, we have the kDE method which estimates kNN-distance
using Equation 8: o
k—1 1

= dnnlc(p)~ i:’C(l-i-m) itk > K
_ dnnic(p) if k=K
ednny (p) = = Ll!f?n;c(p) < K (8)
- QK-1 141
i=k 7d

3.1.3 Discussion

The kNN-distance estimated by the PDE or the KDE methods
is an approximation of the real kNN-distance, so the candidate set
retrieved by the filter procedure of ERKNN may contain false hits
and miss true answers due to the estimation error. The false hits
will be removed with the refinement procedure of ERKNN. The
problem of false misses will be discussed in Section 3.3.

For RkNN queries of different values, ERKNN uses the same
KNN-distance as the basic for estimation. It is observed that when
k is far from KC, the approximation becomes less accurate. This
problem can be alleviated by a multipkés version of ERKNN.
That is, we store sever8INN-distances/C; NN-distance /CoNN-

Combining Equation 4 and 5 and applying the assumption that gjstance, ...k, NN-distance) and estimate a point's kNN-distance

the data density is uniform overs kNN vicinity to ANN vicinity
(thelocal uniform assumptionwe obtain
| g—

u K

e (6)

dnny(p) = dnnyc(p) -

Thus, we have the PDE method which estimates kNN-distance

of p using the following equation:
| g

X )

whereednny (p) is the estimated kNN-distance panddnn - (p)
is C'NN-distance, the distance betweeand itsCth nearest neigh-
bor, which is pre-computed in advancgis data dimensionality.

3.1.2 The kDE method
The kDE method is based on an interesting finding which is de-

duced from the KNN density estimator [7, J8]that is, the ratio of
(k+1)NN-distance to th&NN-distance is as follows [7, 8]:

dnnk+1

ednny(p) = dnny:(p) - 4

~1+1
- kd

dnny

Thus, we have,

!Refer [7] for the detail of deduction

according to théC;NN-distance such that; is closest td:. ERKNN
with multiple Ks is a straightforward extension of the sindle
case, so we will focus on the singtéversion ERKNN here.

The data dimensionality can be evaluated by either teembed-
ded dimensionality or thentrinsic dimensionality [17]. Theem-
beddeddimensionality is the length of the feature vector of data and
theintrinsic dimensionality is the number of theffectivefeatures
of data. Studies in query cost analysis and pattern recognition show
that cost estimation and data analysis based on intrinsic dimension-
ality are more accurate. This is same for theal kNN-distance
estimationaccording to our experimental study. The PDE and kDE
methods estimate the kNN-distance more accurately wheimthe
trinsic dimensionality is used in Equation 7 and 8. Approaches for
intrinsic dimensionality computation are in [17].

3.2 Algorithm

We now present the filter and refinement procedures of ERKNN.
We use the Rdnn-tree [18] data structure for the search.

Data Structure: The Rdnn-tree is basically an R-tree that is
augmented with the nearest neighloistance(NN-distance). We



Algorithm 3 Refinement(’, q, k, A)

Input:
T is the Rdnn-treeq is the query pointk is an integer,A is the set of
RKNN candidates.

Description:

1: Initiate range queries;

2: Refinein_memory(®, A);

3: RangeQuerieqT, k, R, Rq, A);

4: Output pointsp; in A;

store the data points and téNN-distance in the leaf nodes of
the Rdnn-tree. Each leaf node enirpas the formg, dnny (p)),
wherep is the data point andnn - (p) is the CNN-distance ofp.

Each entrye in theinternal nodes of the Rdnn-tree has the form
(ptr, MaxDnni, mbr). ptr points to a sub-nod&/’; mbr is the
minimum bounding rectangle (MBR) aV’; MaxDnny is the
maximal JCNN-distance of all data points in the subtree rooted at
N'.

MaxzDnng = Maz]~dnny (p;) 9)

whereps, ..., p., are all points withinV’. We use the algorithm
described in [18] to build the Rdnn-tree witENN-distance, except
that the NN queries are replaced by #iBIN queries. The tree can
also be constructed using the bulk approach proposed in [12].

3.2.1 Filter Procedure
In the filtering step, ERKNN retrieves a set of poiptsvhose

The algorithm stops whe is empty, that is, all the tree nodes
have been either visited or pruned. All the data pojngsich that
£(p,q) < ednny(p) are retrieved and stored in the candidate set
A

The filter procedure of ERKNN is equal to the point enclosure
query, so its complexity i®(logN) [10], whereN is the number
of data points.

3.2.2 Refinement Procedure

The candidate sed contains false hits due to the over-estimation
of a pointp’'s kNN-distance. A refinement step is needed to remove
the false hits.

A point p is a reverse k-nearest neighborgaf and only if there
areless thank pointsp’ such that’(p’, p) < £(p, q) [13, 16]. Ac-
cording to this property, the refinement procedure removes candi-
dates with a set of range queries. These range queries have the
candidate points as the query points and the distances between the
candidate points and the query point of the RKNN qugag query
ranges. Candidates that have at Idagiints within their corre-
sponding query ranges shall be removed ftdm

Algorithm 3 shows the four steps in the refinement procedure.
Step 1: Initialization of queries: for each point; in A, a range
query R;(ps;,r;) is initialized and inserted into the query gt
wherep; is the query pointy; is the query range and = £(p;, q).

Step 2: A fast refinement in memory: the range queries are first
evaluated among the candidates. That is, for each range @ery

estimated kNN-distance is equal to or greater than distance from it checks how many candidate points are witlifis query range.

p to the query poing. The estimated KNN-distancginn(p) is

Candidatep; that has at least points within its query ranges is

computed with either the PDE or the kDE method. This estimation- rémoved from4. .
based filter has the advantage that its computation cost is muchStep 3: Range queries: it performs the range queries on the Rdnn-
lower than the filtering strategies employed by space pruning meth- tree and removes data points that has at le@stints in their query

ods [15, 16, 13].

During the tree traversal, we apply the followipguning strat-
egy If MinDist(N,q)>Maxz_ED(N), tree nodeV can be pruned
from traversal, wheré/inDist(N, q) is the minimum distance
between the query poirgtand the MBR ofN and M ax_ED(N)

is computed as follows:
- The PDE method is employed for KNN-distance estimation:

a_—
]\/faa:,ED(N) = MaxzDnng - d %

-The kDE method is employed for KNN-distance estimation:
8 MaxzDnny - Qf;,%(l +4) fk>K

o MaxDnni ifk=K
Maz_ED(N) = = MaxDnng) itk <K
- QK-1
ik tia

SinceMaxDnnx = Mazi~dnny (p:), according to the com-
putation of Max_ED(N), Max-ED(N) =Maxi~,ednni(p;),
whereednny(p;) is the estimated KNN-distance pf andp; is a
point in N. Therefore, a nodéV such thatMinDist(N,q) >
Maxz_ED(N) can be pruned from traversal. Algorithm 2 presents

ranges from the candidate set.
Step 4: Points remains itd are output as RKNNs.

Steps 1-2 and 4 are straightforward. Step 3 dominates the cost
incurred in the refinement procedure. In order to reduce both I/O
and CPU cost, we apply treggregation strategin this step. The
basic idea is to first compute aggregated range quel, (pa, 7a)
before carrying out the individual range queries. The query range
of R,, which is centered at, and of radius-,, covers the search
ranges of allR; in . Figure 2 gives an example. There are three
candidate®:, p2 andps. The dashed circles are their query ranges.
The solid circle is the aggregated qudty. The computation query
sphere ofR, is corresponding to theinimum enclosing bafirob-
lems [6] whose complexity is lower bounded ©Y|.A4|), where] - |
is the cardinality of a set.

We design the followingpruning strategiedased on the aggre-
gated quenR,:

Node pruning: For a nodeN, if MinDist(N,ps) > ra, N is
surely out of the query range of arify; in ® and can be cut off
safely €.9. N1 in Figure 2). If MinDist(N,p,) < 74, We then

the candidate retrieval procedure that traverses the Rdnn-tree in acheck whetherV intersects with at least one range quéyin R.

breath-first manner. It utilizes a quegkgto store tree nodes that
shall be visited. @ contains the root of the Rdnn-tree initially.
While @Q is not empty, the algorithm dequeues a ndddrom Q
and processes it according to the node type:

- If N is aninternal node (line 4-7): for each sub-nodé’ repre-
sented by an entry in N, it calculatesMin Dist from the query
point g to N’, computesM az_ED(N’) and inserts\V’ such that
MinDist(N',q) < Max_ED(N') into  to be visited later.

- If N is anleaf node (line 8-11): for each poiptin N, it computes
the distance betweenand the query poing, estimates the KNN-
distance op and inserts points such thé&p, ¢) < ednny(p)) into
the candidate sed.

If N intersects with none of then can also be pruned awag.§.
N> in Figure 2).

Point pruning: For a data poinp, if £(p, pa) > ra, p iS surely out
of the query range of ani, in . (e.g.p in Figure 2).

Query pruning: When a nodeV is being visited, ifMinDist(N, p;)
> r,;, all the entries inV are surely out of the query range Bf.
Thus, R; is markedignoredwhile NV is being visited €.9, when
N3 in Figure 2 is being visitedR; and R are to be ignored).

The above pruning strategies show that with the aggregated query
R,, apointp or anodeV can be pruned away with a single distance
computation of!(p, p,) or MinDist(N, p,) instead of checking
its distance to each query poipt. This saves a large amount of



Algorithm 4 RangeQueries(’, k, R, R, A)

Input:
T is the Rdnn-treek is an integerk is a set of range queryz, is the
aggregated query 6t.

Description:

1: Initialize c;=0 for each quenR; in R;

2: Initialize priority queueR with root of T;

3: while Q is not empty andt is not emptydo

4: Dequeue a nod& from Q;

5:  Apply query pruning

6: if NV isan internal nodéhen

7.

8

9

for each sub-nodeN’ of N do

Apply node pruning
: InsertN’ into Q if it cannot be pruned;
10: else

11: for each pointp in N do

12: if p cannot be pruned byoint pruningthen
13: for eachnot ignoredR; in it do

14: if £(p,p;) < r; then

15: Increaser; by 1;

16: if c; = k then

17: RemoveR; from & andp; from A;

N3 | N
W op

Figure 2: Query aggregation and illustration of pruning.

distance computation and reduces the CPU cost.

Algorithm 4 describes the procedure Rar@eeries.c; counts
the number of points within query range &%;. Q is a priority
gueue and sorts nodes in ascending order of thiin Dist to p,.
Initially, @ contains the tree root. When the first queue itdhis

Figure 3: Points within the shade area are false misses.

retrieved by ERKNN.

Definition 3.1 Let.A be the RKNN answer set retrieved by ERKNN
and (2 be the complete answer set of the RKNN queryrehall of
A is denoted ang:%, where| - | is the cardinality of a set.

Theorem 3.1 Thegecall of the answer set retrieved by ERKNN is
lower-bounded byo"o f(x)dx, where f(z) is the probability dis-
tribution of the estimation errors.

Proof: For a pointp in the complete answer s, p is falsely
missed when both the following conditions are true:dd)n (p) <
dnng(p); (2) ednni(p) < £(p, q) (see Figure 3 as an illustration).
Let Pr{-} be the probability of an event.

| Q| -Pr{ednni(p) < £(p,q) N ednni(p) < dnnk(p)}

Ra=1
Q]

=1— Pr{ednni(p) < £(p,q) Nednni(p) < dnny(p)}

SincePr {ednny (p) < £(p, q) N ednny(p) < dnny(p)}
< Pr{ednni(p) < dnnig(p)}, Ra > 1 — Pr{ednni(p) < dnni(p)}
=1— Pr{ednng(p) — dnni(p) < 0}.

ednni(p) — dnni(p) is the estimation error. Letrr(p) =
ednni(p) — dnng(p), and f(z) be the probability distribution of
err(p). 2 2

Ra>1—Pr{err(p) <0} =1-— ’ f(z)dz = = f(z)dx
oo 0

Hence, we have Theorem 3.1.

dequeued, the query pruning strategy is applied to mark the queries  The above study shows that the false misses are introduced by

such thatMinDist(N,p;) > r; asignored (line 5). NodeN is

then processed according to its type:

- If N is aninternal node (line 6-9): for each sub-nodé’ repre-
sented by an entry in N, it applies thenode pruningstrategies.

the under-estimation of the kNN-distance. Therefore, we can im-
prove the recall by simply introducing a positive adjustment to the
estimated kNN-distance. Here, we present two approachel-the
cal adjustment and thglobal adjustment. Letdnn;’(p) be p's

Node N’ that cannot be pruned are inserted into the priority queue estimated kNN-distance after adjustment.

Q@ and shall be visited later.

- If N is anleaf node (line 10-17): for each poiptin N, it first
applies thepoint pruningstrategy. Ifp is not pruned, it checks
whetherp is within the query range of eactot ignoredquery R;.

If true, ¢; is increased by 1. Whenever there arpoints inside of

query range ofR;, p; is identified as a false hit and removed from

A and range query; is also removed fronR.
The procedure stops when eith@ris empty ork is empty, im-

plying that all the tree nodes that intersect with at least one range

Local adjustment: Let ¢ be a real number angl> 1.
ednny’(p) = ednny(p) - € (10)

¢ is called the local adjustment factor.

Global adjustment: Let A be a real number and > 0.

ednny’ (p) = ednny(p) + A (11)

queryR; in it have been searched or the RkNN query has anempty ) js called the global adjustment factor.

answer setd.g, the R2NN ofps in Figure 1 is empty).

The 1/O cost of the refinement procedureQGglogN) since it
carries out a set of range queries simultaneously, whéie the
number of data points. The CPU costi%|.A| - logN). The up-
per bound of the 1/0 and CPU costs aéN) andO(|A| - N)
respectively even when the index fails.

3.3 Analysis of Recall

ednni(p) in both Equation 10 and 11 shall be substituted with
either Equation 7 or 8. ERKNN then retrieves a set of pgirgdach
that/(p, q) < ednny’(p) in the filtering phase and then apply the
same refinement algorithm to verify the candidates.

These adjustments reduces {err(p) < 0} and hence increases
the recall. At the same time, the adjustment makes the filtering step
of ERKNN retrieve more data points as candidates which may in-
crease the refinement cost. However, the in-memory refinement

ERKNN may miss some correct answers due to the estimation procedure filters a number of candidates effectively, so its impact

error. This section examines tmecall of the RKNN answer set

on the overall performance is not significant.
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4. PERFORMANCE STUDY Dataset | Uniform | Zipf | Corel | CA
. . . Embedded 8 8 32 2
In this section, we present the results of our experiments to eval- Intrinsic 75 574 6.48 | 1.96
uate ERKNN. We use both synthetic and real life datasets. The size
of the synthetic datasets ranges from 100K to 500K with dimen- Table 2: Dimensionality of datasets.

sions ranging from 2 to 32. The real life datasets are the Corel
dataset from UCI KDD data repository [1] which contains 32 di-
mensional feature vectors of around 60K images, and the CA dataset We observe that the PDE and the kDE methods have similar
from the Sequoia 2000 benchmark [2] which contains 62,556 loca- accuracies on all the datasets. Estimations using the intrinsic di-
tions in California. mensionality are better than the estimations using the embedded di-
We compare ERKNN with TPL [16] and SFT [13]. We exclude mensionality. The superiority of PDE-id and kDE-id over PDE-ed
SAA because its performance is significantly worse than SFT and and kDE-ed is very clear on the Zipf dataset and the Corel dataset
TPL [16]. For both the R-tree (used by SFT and TPL) and the where the intrinsic dimensionality is much lower than the embed-
Rdnn-tree (used by ERKNN), the node size is 8192 bytes. By de- ded dimensionality (see Table 2). As for the uniform and the CA
fault, SFT retrieve$ - k nearest neighbors as candidates in its fil- datasets, their intrinsic dimensionality and embedded dimensional-
tering phase an&NN-distance used by ERKNN is 15NN-distance. ity are similar, so there is not much difference between the estima-
The experiments are conducted on a Pentium 4 2.6GHz PC runningtions using the intrinsic dimensionality and the embedded dimen-
WinXP. We measure the performance in terms of CPU time, num- sionality.
ber of node accesses and total query cost which includes both CPU  The local estimation methods are more accurate than the global
time and 1/O overhead by charging each node access 20us [5]. The estimation method (see Figure 4). The MSE of GEM on Corel
results are the average of 200 RKNN queries. The query points aredataset is too large to be plotted. On average, the local estimations

randomly picked from the datasets. are 37 times better than GEM on the uniform dataset. The local
. . . estimations on the Corel and the Zipf datasets outperform GEM
4.1 StUdy of KNN-Distance Estimation significantly than on uniform and CA datasets.

Ihe {i_fSt set tohf eé(petf;]m%nSSEStUd% thde prgrtir?si% |gca| Tyol\é-dwéagge The study demonstrates that local estimations outperform the
ﬁ?ng?gtlr?gk%?\l-gis?a-ncgof k=1r,nz?...,030a§nd e(\elaluatgqtﬁe osiimation dlobal approach significantly and yield more accurate approxima-

accuracy by the mean square error (MSE). tion of each point's kNN-distance on both uniformly distributed
Py datasets and real and skewed datasets. The study also confirms that
MsE — _i=1(ednni(pi) — dnny (pi))* (12) the intrinsic dimensionality captures the effective data dimension-
N ality and leads to better estimations.

whereN is the number of data points in the dataset.

Figure 4 shows the results on the uniform, Zipf and real life 4.2 StUdy on Recall
Corel and CA datasets. PDE-idr(kDE-id) indicates PDE dr Next, we evaluate the recall of the answer set retrieved by ERKNN.
kDE) method using thitrinsic dimensionality PDE-ed ¢r kDE- We query RKNNk = 10 and use the PDE method to estimate local
ed) is the PDEdr kDE) method using thembedded dimensional-  kNN-distance. We first evaluate thecal adjustment. Figure 5 (a)
ity. GEM is a global estimation method that calculates the average and (b) present the results on the 100K 8-dimensional Zipf datasets.
kNN-distance using the method proposed in [3]. Figure 5(a) exhibits the average recall when we vary the local ad-
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justment facto from 1 to 1.06. As expected, the actual recall is 252
always higher than the lower bound. Asncreases, the recall ap- g || 75 Winaggreqaion ey |
proaches 1 and the lower bound becomes tighter. Figure 5(b) shows i 2
the influence of the local adjustment on the performance of ERKNN & .
in terms of the total query cost. The real number on top of the bars g
indicate the number of RKNN candidates retrieved. Both the cost of g,
ERKNN and the number of RKNN candidates increase moderately s .
with the increase of. £os ﬁ/ﬂ wmw

We evaluate the effect of global adjustment on various datasets. * [LBs00000000000 000"
Figure 5 (c) and (d) show the results of the study on the 8-dimensional ° 5 10 1520 253
Zipf dataset. The global adjustment factotis varied from 0 to Figure 7: Number of distance computation on Corel dataset

0.015. Our study finds that the global adjustment has the simi-

lar influence on the recall and performance of ERKNN as the local is also more efficient because ERKNN retrieves much fewer candi-
adjustment on the uniform data but works more effectively on the dates than SFT and tleggregation strateggmployed by ERKNN
skewed Zipf dataset. On the Zipf dataset, when ERKNN with local prunes a large number of distance computations, thus reducing the
adjustment reaches 100% recall, only 15 RkNN candidates are re-CPU cost greatly. Experiment results on the Corel dataset show that
trieved. While ERKNN with global adjustment needs to retrieve 22 theaggregation strategprunes around 75% distance computations
candidates. The reason is the local adjustment is more adaptive toon average (see Figure 7).

the data density distribution. The experiment shows that the recall We observe that ERKNN incurs more node accesses than SFT.
of ERKNN can be adjusted effectively and the adjustments affect This is because ERKNN accesses more nodes during the filtering

the performance of ERKNN moderately. phase (ERKNN accesses 1863.95 nodes for the Corel dataset while
SFT accesses 1319.65 nodes on average). The reason is that ERKNN
4.3 Study on Real Datasets may access more tree nodes to retrieve some potential RKNNs which

We now compare the performance of ERKNN with SFT and TPL are far from the query point according to the estimated kNN-distance.
on real dataset with Varying values bf Figure 6 presents the re- Further, the lowest recall of ERKNN is 97.12% on the Corel dataset.
sults on the Corel datasets when we véarfyom 1 to 30. Note that ~ The lowest recall of SFT is 79.6%.
the lines of ERKNN have a break At15 because wheh = K The study also shows that for RKNN query, 1/O cost is no longer
the RkNN queries are answered using the point enclosure querythe dominant cost for both SFT and ERKNN because both meth-
directly. Contrary to the experiment results in [16], SFT is more 0ds execute a set of range queries simultaneously and traverse the
efficient than TPL in our experiments. The reasons are two-fold. index tree only once in the refinement procedure. CPU cost is
First, SFT retrieves only - k points as candidates in our exper- More expensive because there are multiple candidates to be veri-
iments, while SFT retrieve$0 - d - k points as candidates in the fied. On Corel data, the average 1/O overhead of ERKNN and SFT
experiments in [16]. Second, we use an optimized SFT with batch is 0.069 sec (3342.26 node accesses) and 0.055 sec (2763.46 nodes
execution of the boolean range queries [13]. The batch executionaccesses) respectively, while the CPU cost is 0.19 sec and 4.68 sec.
of boolean range queries reduces I/O cost and speeds up the query, .
performance considerably [13]. 4.4 Study on Synthetic Datasets

This study shows that ERKNN outperforms both TPL and SFT  In this section, we study ERKNN, SFT and TPL on synthetic
significantly. The speed-up factor on the Corel dataset in terms datasets of various sizes and dimensions.
of total response time is 50.5 whénis 1 and 2024.45 wheh is . . .

3. The average speed-up of ERKNN over SFT is more than 20, 4-4.1 Effect of Dimensionality

TPL is expensive wheh is large mainly because thetrim algo- We first evaluate the effect of data dimensionality on the RKNN
query by varying the number of dimensions from 2 to 82=(10).
Figure 8 shows the results on the Zipf datasets.
timesclippings[16], wheren.. is the number of RKNN candidates. ERKNN outperforms SFT by an average factor of 28.7 on Zipf
ERKNN is more efficient than SFT because its low CPU cost for datasets. The recall of ERKNN remains higher than that of SFT. For
candidates retrieval and refinement. During the filtering phase, the Zipf datasets, the recall of ERKNN remains steady at around
ERKNN performs the point enclosure query, while SFT performs 99%, while the recall of SFT decreases from 91.03% to 70.79%
the KNN query. KNN query is more expensive due to the additional when the data dimensionality increases from 2 to 32. The study
CPU cost to sort and insert the KNN candidates. It is considerable demonstrates that ERKNN is more scalable to RKNN queries in
especially wherk is large. The refinement procedure of ERKNN high-dimensional spaces compared to TPL and SFT.

rithm used by TPL to prune an R-tree node requires tg &Lg )
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Figure 9: Effect of Data Size (Uniform, Dim=8)

4.4.2 Effect of Data Size

We examine the RKNN query performance on datasets of varying
sizes. We query RKNM = 10 on the uniform datasets and vary
the dataset size from 100,000 to 500,000 objects. Figure 9 shows [7]
the results. We observe that ERKNN outperforms SFT and TPL
significantly. In terms of total query cost, the average speed-up of [8]
ERKNN over SFT is 29.6 on the uniform datasets. The average
speed-up of ERKNN over TPL is over 10,000. Figure 9(d) com-
pares the recalls of the RKNN answer sets retrieved by ERKNN and [9]
SFT. As in the other studies, ERKNN has a higher than SFT.

5. CONCLUSION
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