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Probabilistic Reverse Nearest Neighbor
Queries on Uncertain Data
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Abstract —Uncertain data is inherent in various important applications and reverse nearest neighbor (RNN) query is an important
query type for many applications. While many different types of queries have been studied on uncertain data, there is no previous
work on answering RNN queries on uncertain data. In this paper, we formalize probabilistic reverse nearest neighbor query that is to
retrieve the objects from the uncertain data that have higher probability than a given threshold to be the RNN of an uncertain query
object. We develop an ef cient algorithm based on various no vel pruning approaches that solves the probabilistic RNN queries on
multidimensional uncertain data. The experimental results demonstrate that our algorithm is even more ef cient than a sampling-based
approximate algorithm for most of the cases and is highly scalable.

Index Terms —Query Processing, Reverse Nearest Neighbor Queries, Uncertain Data, Spatial Data.
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1 INTRODUCTION two blocks. However, the results provided by the converation

IVEN a set of data point® and a query poing, a reverse queries may not.be meani_ngful. There are two major limita-
Gnearest neighbor query is to nd every pom2 P such tions for convent|9nal querlgs on such data_ _
thatdist(p;g)  dist(p;p?) for everyp®2 (P p). In this 1) The conventional queries do not consider the locations
paper, we formalize and study probabilistic RNN query th&Qf houses within each reS|d§nt|aI bloc_k. Th|s. affects dqyali
is to nd the probable reverse nearest neighbors on uncert@ the reported results. For instance, if the distance betwe
data with probability higher than a given threshold. centroids of two residential blocks is used as distancetiomc
Uncertain data is inherent in many important applicatiorf§€ closest block oA is B (in other words the person living
such as sensor databases, moving object databases, madfkéy IS not the RNN of someone living irQ). However, if
analysis, and quantitative economic research. In these Hbe locations of houses within each block are considered, we
plications, the exact values of data might be unknown duid that for most of the houses i, the houses iQ are

to limitation of measuring equipment, delayed data updat&doser than the houses Bi. For example, the distance af

incompleteness, or data anonymization to preserve privacyl© €Very house irQ is less that its distance to any house in
. Similarly, the distance of, to every house irQ is less

Usually an uncertain object is represented in two Way§: e ; ek
1) using a probability density function [4], [6] (continusu than its distance tb,. Which means, a person living lh has

case) and 2) using all possible instances [22], [17] eabiph chances_to be the _RNN of some person Iivinggin__
with an assigned probability (discrete case). In this paper ~ 2) Conventional queries do not report the probability of
investigate discrete cases. objects to be the answer (an object is either a RNN or not

Probabilistic RNN queries have many applications. Consid®@ RNN). On the other hand, probabilistic reverse nearest
the example in Fig. 1, where three residential bloak$ and neighbor queries provide more information by including the

Q are shown. The houses within each block are shown as snigfPability of an object to be the answer. For example, a
circles. The centroid of each residential block is shown asP&obabilistic reverse nearest neighbor query reports tat
hollow triangle. For privacy reasons, we may only know thBrobability of a person living in block to become the RNN
residential blocks in which the people live (or zipcode) biftf @ person living inQ is 0:75 according to the possible
we do not have any information about the exact addresses'§ird semantics (see example 1). This type of results ar@mor
their houses. We can assign some probability to each pessffiéaningful and interesting.
location of a person in his residential block. e.g; the exact Probabilistic RNN queries have applications in privacy
location of a person living irA is a; with 0:5 probability. preserving location-based services where the exact tocati
Conventional queries on these residential blocks may udgevery user is obfuscated into a cloaked spatial regioh [16

distance functions like the distance between the centroidsHowever, the users might still be interested in nding their
reverse nearest neighbors. We can model this problem to
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trends in stock markets. Each stock has many deals. A deal and the probability threshold. Although in this paper, we
(transaction) is recorded by the price (per share) and the focus ondiscretecase where each object is represented by
volume (number of shares). For a given staglclients may some possible probable instances, our pruning rules can
be interested in nding all other stocks that have tradiremtts be applied to thecontinuouscase where each uncertain
more similar tos than others. In such application, we can treat  object is represented by a probability density function.
each stock as an uncertain object and its deals as its uimcerta To better understand performance of our proposed ap-
instances. There are a number of other applications for the proach, we devise a baseline exact algorithm and a
queries that consider the proximity of uncertain objects [4 sampling-based approximate algorithm. Experiment re-
[6], [14] and the applications of RNNs on uncertain objects sults on synthetic and real datasets show that our algo-
are very similar. rithm is much more ef cient than the baseline algorithm
and performs better than the approximate algorithm for
most of the cases and is scalable.

The rest of the paper is organized as follows: In Section 2,
we formalize the problem and present the preliminaries and
notations used in this paper. Our proposed pruning rules
are presented in Section 3. Section 4 presents our proposed
algorithm for answering probabilistic reverse nearesginei
bor queries. Section 5 evaluates the proposed methods with
extensive experiments and the related work is presented in
Section 6. Section 7 concludes the paper.

Fig. 1. An example of a Fig. 2: Any point in shaded
probabilistic RNN query area cannot be RNN af 2 PROBLEM DEFINITION AND PRELIMINARIES

Probabilistic RNN query processing poses new challeng%’s1 Problem De nition

in designing new ef cient algorithms. Although RNN queryGiven a set of data point and a query poin, a conventional
processing has been extensively studied based on varifgierse nearest neighbor query is to nd every pgr P
pruning methods, these pruning techniques either cannot3h thatdist(p;c)  dist(p; ) for everyp®2 (P p).
directly applied to probabilistic RNN queries or becomefine Now we de ne probabilistic reverse nearest neighbor
cient. For example, the perpendicular bisectors adoptettie dueries. Consider a set ohcertain objectd) = fUy;::;; Uy g.
state-of-the-art RNN query processing algorithm [20] assu Each uncertain object); consists of a set ofinstances
that objects are spatial points. In contrast, uncertaireabj fU1;:; Um 9. Each instance; is associated with a probability
have arbitrary shapes of their uncertain regions. In awfiti Puj called appearance probabilitywith the constraint that
applying the pruning rules on the instance level of uncertai j-1 Py, = 1. We assume that the probability of each
objects is extremely expensive as each uncertain objeatlysuinstance is independent of other instancespassible world
has a large number of instances. W = fug;:upg is a set of instances with one instance

Another unique challenge in probabilistic RNN querie§0m eachyuncertain object. The probability\&f to appear is
is that the veri cation of candidate objects usually incur® (Wp= " i-; Pu, - Let be the set of all possible worlds,
substantial cost due to large number of instances in ed®§n ., P(W)=1.
uncertain object. By veri cation, we mean computing theexa The probabilityRNN o (U;) of any uncertain object); to
probability of an object being the RNN of the query and testinP€ the RNN of an uncertain obje@ in all possible worlds
whether it quali es the probabilistic threshold or not. lkdhat can be computed as;
instances from objects that are close to the candidate tshjec X
also need to be considered in the veri cation phase. RNNg(U) = Pq Pu RNNg(u) (1)

In this paper, we formalize the problem of probabilistic (u;g);u2U;;92Q
RNN queries on uncertain data using the semantigssible i - _ )
worlds We present a new probabilistic RNN query processidgN N a(U) is the probability that an instanae 2 U; is the
framework that employs (i) several novel pruning approach&NN of an instanceg 2 Q in any possible worldV given

. o0 ; : h h inw.
exploiting the probability threshold and geometric, taygital that bothu andq appear in X
and metric properties. (ii) a highly optimized verication RNN 4(u) = (1 p) (2)
method that is based on careful upper and lower bounding V2(U Ui Q) v2Vidist (uv)<dist (u:q)

of the RNN probability of candidate objects. Gi t of ai biecty and babilit
Our contributions in this paper are as follows: IVen a set of uncertain objecty and a probabiiity
._threshold , problem of nding probabilistic reverse nearest
To the best of our knowledge, we are the rst to formalize . . o .
o2 . neighbors of any uncertain obje@is to nd every uncertain
the problem of probabilistic reverse nearest nelghbor%.
X . objectU; 2 U such thatRNN o (U;)
based on the possible worlds semantics.
We develop ef cient query processing algorithm of probExample 1: Consider the example of Fig. 1 where the un-
abilistic RNN queries. The new method is based on nonertain objectsA, B and Q are shown. Assume that the

trivial pruning rules especially designed for uncertaitedaappearance probability of each instance0iS. According
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to Equation (2),RNN g, (a1) = 1 becausea; is closer to need verication. In this section, we present several prgni
oy than it is toly or . Also RNNg (a2) = 1 05 rules from the following orthogonal perspectives:
becausedist(ay; ;) < dist (a2;q1). Note thatb; does not
affect the probability ofa, to be the RNN ofqy because
dist(az;by) > dist (a2; on). Similarly, RNNg,(a;) = 1 and
RNN g, (a2) = 0:5. According to Equation (1)RNN g (A) =
(0:5 05 1)+(0:5 05 1)+(0:5 05 05)+(0:5 Metric based pruning (Section 3.3)
0:5 0:5) = 0:75 RNN probability of B can be computed Probabilistic pruning that exploits the probability thines
similarly andRNN g (B) = 0:25. If the probability threshold old (Section 3.4)

is 0:7, then the objecA is reported as result.

Half-space based pruning that exploits geometrical prop-
erties (Section 3.1)
Dominance based pruning that exploits topological prop-
erties (Section 3.2)

Lo 3.1 Half-space Pruning
2.2 Preliminaries

Consider a query poingl and a ltering objectU that has
n instancesfug;uy;:::;ung. Let Hy,.q be the half-space
Qetweenq andu;. Any instanceu 2 U that lies in\ [L; Hy, q
%has zero probability to be the RNN af because by the
r6roperty ofHy,.q, U is closer to every; than tog.

The lter-and-re ne paradigm is widely adopted in processi
RNN queries in spatial databases. The idea is to quicklygru
away points which are closer to another point (usually dall
Itering point) than to the query point. The state-of-the-a
pruning rule is based on perpendicular bisector [20]. Itststs
of two phases: the pruning phase and the veri cation phas&xample 2: Consider the example of Fig. 2 where the bi-
Hence, some objects are used to Iter other objects ardctors betweery and the instances & are drawn and the

are called ltering objects. Objects that cannot be Itered half-spaceHa,.q, andHa,.q, are shown. Intersection of the
are calledcandidate objects The pruning in RNN query two half-spaces is shown shaded and any point that lies in
processing involves three objects, the query, the Itebiect the shaded area is closer to bathanda, thang,. For this

and a candidate object. We uBg, Rfj andRc,q to denote reasonk, cannot be the RNN ofy in any possible world.
the smallest hyper-rectangles enclosing uncertain qugect

Itering object and candidate object, respectively. This pruning is very expensive because we need to compute
Table 1 de nes the symbols and notations used throughdntersection of all half-spaced,, .q for everyu; 2 U. Below
this paper. we present our pruning rules that utilize the MBR of the entir
Itering object, R¢j , to prune the candidate object with respect
TABLE 1: Notations to a query instanceg or the MBR of uncertain query object
[ Notation [ De nition | Q.
U an uncertain object
ui i™_instance of uncertain objett 3.1.1 Pruning using Ry and an instance q
Bx:q a perpendicular bisector between painandq
Hx:q a half-space de ned b .q containing poinix First we present the intuition. Consider the example of Big.
H q:x a half-space de ned bjx:q containing poinig where we know that the poimtlies on a lineMN but we do

Ha:p\ Heg intersection of the two half-spaces . . .
PIi] value of pointP in the ™ _dimension not know the exact location gb on this line. The bisectors

Ru minimum_bounding rectangle (MBR) enclosing dil Petweeng and the end points of the liné/( andN) can be
instances of an uncertain objedt used to prune the area safely. In other words, any pointitet |
in the intersection of half-spacés$y .q andHy .q (grey area)
can never be the RNN d@f. It can be proved that whatever be
3 PRUNING RULES the location of pointp on the lineMN , the half-spacéd.q

. L . always containgdy .q\ Hn.q. Hence any poinp® that lies in
Although the pruning for RNN query processing in spati qM o\ Hy:q would always be closer tp than tog and for

databases has been well studied, itnsn-trivial to devise , .

: ) . . _this reason cannot be the RNN qf
pruning strategies for RNN query processing on uncertata. da
For example, if we rigely use every instance of a ltering
object to perform bisector pruning [20], it will incur a huge
computation cost due to large number of instances in ea
uncertain object. Instead, we devise non-trivial gengagitbn
of bisector pruning for minimum bounding rectangles (MBRS|
of uncertain objects based on a novel notionnofmalized
half-space

Veri cation is extremely expensive in probabilistic RNN
query processing because, in order to verify an object
probabilistic RNN, we need to take into consideration nat >
only the instances of this object but also the instances efyqu Fig. 3: The exact location of Fig. 4: Any point in shaded
object and other nearby objects. Hence it is important tisdevthe pointp on line MN is area cannot be RNN af in
ef cient pruning rules to reduce the number of objects thatot known any possible world
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Based on the above observation, below we present a prun‘\
rule for the case when the exact location of a pgints
unknown within some hyper-rectanghg;; .

PRUNING RULE 1: LetR¢; be a hyper-rectangle ampbe a
guery point. For any poirp that lies in ,221 Hc,.q (Ci is the
i corner ofRy; ), dist(p; ¢) > maxdist (p;Rsi ) and thusp
cannot be the RNN of.

teghhn?cgﬁurrgngr:lj[s is based on Lemma 4 that is proved in OHQ. 5: Any point in dotted Fig. 6: Antipodal corners

. P ' : ) L area can never be RNN of and normalized half-spaces
Consider the example of Fig. 4. Any point that lies in shaded

area is closer to every point in rectandte, than tog. Note

that if Ry is a hyper rectangle that enclosals instances of cornerg if for every dimensioni whereC[i] = R1.[i] then
I1hed ltering objectU; then any instanca 2 U;j ¢ thatliesin  c9i] = R24[i] and for every dimensioj where C[j] =
i2:1 Hc,.q can never be the RNN af in any possible world. R1y[j]thenCY%j]= R2 [j]. Fig. 6 shows two rectanglé®l
andR2. The corner® andO are antipodal corners. Similarly,
other pairs of antipodal corners ai&;M ), (C;N) and @; P).
3.1.2 Pruning using Ryi and Rq Antipodal Half-Space: A half-space that is de ned by the

Pruning rule 1 prunes the area such that any point lying inbl{sector between two antipodal comers is caltEatipodal

can never be the RNN of some instamcéiowever, the points E'alf-space Fig. 6 shows two antipodal half-spades e and
in the pruned area may still be the RNNs of other instances. ‘A"

of the query. Now, we present a pruning rule that prunes tﬂeNgrr_Tea:!;id|Sg?qlf1_8;)nadu; zl‘eiei 223\/“& bi_rt]\gon%?::;z'g q
area usingRy; and Rg such that any point that lies in the yp 9 ’ P Y.

3 0 -
pruned area cannot be the RNN arfy instance ofQ. half-spaceHy, .5 is a space de ned by the bisector betweén

: ) ., andB that passes through a pomsuch that[i] = (R1_[i]+
Consider the example of Fig. 5 where the exact location gf5 |i1)= for all dimensionsi for which B[i] > M [i] and
the query poing on lineMN is not known. Unfortunately, in il]=(R14[i]+ R24[j])=2 for all dimensionsj for which

contrast to the previous case of Fig. 3, the bisectors betw il MI[j]. Fig. 6 shows two normalized (antipodal) half-
phand thebend p0|r(1jtslfof the linkl Nh do not de\na the aI:ea spacesHS , andHS.,. The pointc for each half-space is
that can be pruned. If we prune the alldg.y N (the 3150 shown. The inequalities (3) and (4) de ne the half-gpac

arey area), we may r_nis(;s some pophtthat is the RNN _Of Hwm:s and its normalized half-spadg) .5 , respectively.
g. Fig. 5 shows a poinp® that is the RNN ofqg but lies in :

the shaded area. This i§ because the half-sbq;;gdoes not X BhT M . x (Blil MIND(BIiI+ MTi]) 3
containHp:u \ Hp:n . This makes the pruning usirgy and (BT M) x[ij<- > ®3)
Ro challenging. i=1 i=1

Note that ifHp.n is moved such that it passes through the X ] ) ]
point whereH .q intersectsH v thenHpwm \ Hpn would (Bli] MI[i]) x[i]<

be contained byH,.q. We note that in the worst case whpn =t 38 ) .

lies in nitesimally close to pointM , Hp:q andHp:y_intersect g > (RI[i]+ R2[i]) i BI]> M [i]
each other at point which is the centre of line joining and (B[i] MIi]) 2 ]

M. Hence, in order to safely prune the area, the half-space,-; > (R14[i]+ R24i]) otherwise
Hp:n should be moved such that it passes through the point 2 (4)

¢. The pointc is shown in Fig. 5. A half-space that is moved fQote that the right hand side of the Equation (3) cannot be

the pointc is called anormalizedhalf-space and a half-space ; ; ; ;
. : : . smaller than the right hand side of Equation (4). For thisoea
Hp:n that is normalized is denoted &0, . Fig. 5 shows | o Hues 9 g @)

0 i i 0 I MB
Hp in broken line andHj \ Hp:m (the dotted shaded Now, we present our pruning rule.
area) can be safely pruned.

The correctness proof of the above observation is lengtfjfUNING RULE 2 Let Rq and Ry be_two hyper-
though it is quite intuitive. Thus we omit it from the papeheT rectangles. For any poinp that lies in = 7, H .o,
interested readers may read the proof in our technical t¢glor mindist (p; Rg) > maxdist (p; Rsii ) where Hgi:c_o is nor-
for a more general case when both the query and data objaiiized half-space betwea (thei®h corner of the rectangle
are represented by hyper-rectanglesdimlimensional space Ry, ) and its antipodal corne€? in Ro.

(Lemma 5). Before we present our pruning rule for the general ) o )
case that use’ half-spaces to prune the area using hype?—-he proof_of correctngss is non-trivial and can be found in
rectanglesRo andRy; , we de ne the following concepts: Lemma 5 in our technical report [5].

AntipOdal Corners: Let C be a corner of rectanglél and 2. Ry [i] (resp.Ry [i]) is the lowest (resp. highest) coordinate of a hyper-

C% be a corner inR2, the two corners are calleantipodal rectangleR in i dimension
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X Rem; and Rem,. Note that at any stage if the remnant
rectangleRem becomes equal tB.nq, the clipping by other

& bisectors is not needed $®.,q is returned without further

% —\&4// clipping (line 10).
| *
/ 3.2 Dominance Pruning
I:I We rst give the intuition behind this pruning rule. Fig. 9
shows another example of pruning by using pruning rule 2 in

two dimensional space. The normalized half-spaces aresde n
Fig. 7: Any point in shaded Fig. 8: Clipping part of the such that ifR is fully dominated by Rq in all dimensions
area can never be RNN of candidate objecR¢,g that  then all the normalized antipodal half-spaces meet at fgjnt
anyq2 Q can not be pruned as shown in Fig. 9. We also observe that for the case W&gn
is fully dominated byRgq, the angle between the half-spaces
that de ne the pruned area (shown in grey) is always greater
Consider the example of Fig. 7 where the normalizethan90 . Based on these observations, it can be veri ed that
antipodal half-spaces are drawn and their intersectionds the space dominated Wy, (the dotted-shaded area) can be
shaded. Any point that lies in the shaded area is closer ty everuned*.
point in rectangleRs; than every point in rectanglRg.
Note that if Ry and Rq are the MBRs enclosing all {
instances of an uncertain objetf and query objectQ,

respecq_vely, any instance 2 U;j ¢; that lies in the pruned
d

region, i2:l Hgi:c_o, cannot be RNN of any instance gk Q

in any possible world. Even if the pruning region partially
overlaps withRy , we can still trim the part of any other
hyper-rectangleRy,; ,, that falls in the pruned region. It
is known that exact trimming becomes inefcient in high
dimensional space, therefore, we adopt the loose trimming

Rena proposed in [20]. Fig. 9: Pruning area of half- Fig. 10: Dominance Prun-
space pruning and domi-ing: Shaded areas can be
Algorithm 1 : hspace_pruning (Q; Ryii ; Rend) nance pruning pruned
Input: Q: an MBR containing instances @ ; Ry : the MBR to be L .
used for timmingR¢nq : the candidate MBR to be trimmed Let Ro be the MBR containing instances . We can
Description: obtain the2 regions as shown in Fig. 10. L&y be an
1o Rem = 2/ Remnant rectangle MBR of a Itering object Ry that lies ?:om letel U‘in one of
2: for each cornerC; of Ry do , i g onj fil p y
3: if Q is a pointthen the 2¢ regions. Letf be the furthest corner dRy, from Rq
‘5‘3 lRe_;"Qi = C“F;](chd ?HtC. :leh// clipping algorithm [10] andn be the nearest corner &g from f . Thefrontier point
;o Ssefl I8 a yperrecangicnen F, lies at the centre of line joining andn
6: Ci0 = antipodal corner oC; in Q p | :
: amtp el . . ] . ]
7 Rem; =clipRena ;Hc, o) // clipping algorithm [10] PRUNING RULE 3: Any instanceu 2 U; that is dominated
8:  enlargeRem to encloseRem; by the frontier pointF, of a Itering object cannot be RNN
9: if Rem = Reng then of anyq2 Q in any possible world.
10: return Reng
11: return Rem Fig. 10 shows four examples of dominance pruning (one in

each region). In each partition the shaded area is domirgted

The overall half space pruning algorithm that integratds, and can be pruned. Note thatRf; is not fully dominated
pruning rules 1 and 2 is illustrated in Algorithm 1. For eachy Rq, we cannot use this pruning rule because the normalized
half-space, we use the clipping algorithm in [10] to ndantipodal half-spaces in this case do not meet at the same
a remnantrectangleRem, Reng that cannot be pruned point. For example, the four normalized antipodal halfegsa
(lines 4 and 7). After all the half-spaces have been used fotersect at two points in Fig. 7. In general, the pruning gow
pruning, we calculate the MBRem Rcng as the minimum of this rule is less than that of the half-space pruning. Big.
bounding hyper rectangle covering evé®gm;. As such, we shows the area pruned by the half-space pruning (shaded area
trim the originalR.ng to Rem. and dominance pruning (dotted area).

For better illustration we zoom Fig. 7 and show the clipping The main advantage of this pruning rule is that the pruning
of a hyper-rectangldR¢,g in Fig. 8. The algorithm returns procedure is computationally more ef cient than the haiése
Rem;, Rem, (rectangles shown with broken lines) whempruning, as checking the dominance relationship and trimymi
H% . g andHS., are parameters to the clipping algorithmthe hyper-rectangles is easier.
respectively. For the half—spaceﬁ‘\), :C and H 8:D the whole 3. If every point inR1 is dominated (dominance relationship as de ned in

hyper-rectangléRcng can be pruned_ so the algorithm returngyyiines) by every point iR, we say thaR; is fully dominated byR>.
. The remnant hyper-rectangRem is an MBR that encloses 4. Formal proof is given in Lemma 6 of our technical report [5]
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3.3 Metric Based Pruning

PRUNING RULE 4 : An uncertain objecR.nq can be pruned
if maxdist (Reng; Rt ) < mindist (Rend; Ro)-

This pruning approach is the least expensive. Note that|it
cannot prune part oRnq, i.€., it either invalidates all the
instances oR.ng or does nothing.

3.4 Probabilistic Pruning >

Note that we did not discuss probability threshold whil&ig. 11: Regions pruned by Fig. 12: Probabilistic Prun-
presenting previous pruning rules. In this section, we emes Rq and its subseRY ing

a pruning rule that exploits the probability threshold and

embeds it in all previous pruning rules to increase theinjg

powers. for everyqg andp,, = 0:25 for every u;). Suppose that no

A simple exploitation of the probability threshold is tontri part of Reng can be pruned usinBg and any ltering object
the candidate object using previous pruning rules and thBm (for better illustration, lItering object is not shown). We
prune the object if the accumulative appearance probgabilpruneRcng using the rectangl®q, that is contained bRq.
of instances within its remnant rectangle is less than tAdis trims Reng and the remnant rectangR; is obtained.
threshold. Next, we present a more powerful pruning rulé th@imilarly, R, is the remnant rectangle when pruning rules are
is based on estimating an upper bound of the RNN probabil@pplied forRq,. Note that only the instances R; (u; and
of candidate objects. u) can be the RNN of instances iRg, (0, Gz and o).

First, we present an observation deduced from Lemma 5%imilarly, no instance can be the RNNs of any instance in
our technical report [5]. In previous pruning rules, we @unRg, becausdr; is empty. So the maximum RNN probability
some area using MBR of a query objeRt and a Itering 0f Reng is (0:6  0:5) +(0:4 0) = 0:3. If the probability
objectRy . We observe that the area pruned by usﬁ@ and threshold is greater tha®:3, we can prundR.,q . Otherwise,

RY always contains the area pruned Ry andRy where we can continue to trinRcng by using the smaller rectangles

Ry Rg andR) Ry . Fig. 11 shows an example. Thecontained inRg, .

shaded area is pruned wharg andRy; are used for pruning

and the dotted shaded area is pruned wRenandRy are In our implementation, we build an R-tree on query object
used. Note that this observation also holds for the domimar@nd the pruning rule is applied iteratively using MBRs of
pruning. children. For more details, please see Algorithm 5.

We can use the observation presented above to prune thélthough the smaller rectanglé®) contained inRy can
objects that cannot have RNN probability greater than tt#so be used, we do not use them because unlike query object
threshold. First, we give a formal description of this pngi there may be many lItering objects. Hence, using the smaller
rule and then we give an example. rectangles for each of the Itering objects would make this

pruning rule very expensive in practice (more expensiva tha

PRUNING RULE 5: Let the instances of) be divided into the ef cient veri cation presented in Section 4.3).

n disjoin® sets fQ1;Q2;::;;Qng and Rg, be the mini-
mum bounding rectangle enclosiral instances inQ;. Let
fRend,; Rend,: i Rend, 9 be the set of bounding rectangles3.5 Integrating the pruning rules
such that eacRenq, contains the instances of the candip|gorithm 2 is the implementation of Pruning rules 1-4.
date object that cannot be pruned fQr using any of the gpeci cally, we apply pruning rules in increasing order loéir
pruning rules. LePRei andPR«i be the total appearancecomputational costs (i.e., from Pruning rule 4 to 1). While
BI’Onbablhtles of instances iQ; and Reng,, respectively. If simple pruning rules are not as restricting as more expensiv
=y (PReei PRei) < the candidate object can be prunetgnes; they can quickly discard many non-promising caneidat

Pruning rule 5 computes an upper bound of the RNN prob@bjects and save the overall computational time.
bility of the candidate object by assuming that all instanice
Rcnd, are RNNs of all instances iQ;. The candidate object
can be safely pruned if this upper bound is still less than the
threshold.

Example 3: Fig. 12 shows MBRs of the query objeBlg D |:|
and a candidate objed.,y along with their instancesg{

to g5 and u; to ug). Assume that all instances within an
object have equal appearance probabilities (gqg;= 0:2 I:I

z

5. We only require instances €J to be disjoint. The pruning rule can be >

applied even when the minimum bounding rectangies overlap each other . .
as shown in Fig. 12. Fig. 13:Rcng can be pruned bRR; andR;,
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Algorithm 2 : Prune(Q; Syii ; Rend)

Algorithm 3 : Answering Probabilistic RNN

Input: Rg: an MBR containing instances @@ ; Sy : a set of MBRs
to be used for trimmindR¢nq : the candidate MBR to be trimmed
Description:
: for each R¢j in Sy do

1
2: if maxdist (Reng ; Ryil )
Pruning rule 4
return
if mindist (Reng ; Rfii ) > maxdist (Rq;Reng ) then
St = Skl R¢i /I Rgj cannot prune Rend
Rem = R¢nqg
6: for each R¢j in S do
7. if Ry is fully dominated byRq in a partitionp then // Pruning

< mindist (Rg;Rcng) then I

akr®

rule 3

8: if some part olRem lies in the partitionp then

9: Rem = the part ofRem not dominated byFp

10: if (Rem = ) then return

11: for each R¢j in S do

12:  Rem = hspacepruningRq; Ry ;Rem) // Pruning Rules 1
and 2

13: if (Rem = ) then return

14: return Rem

It is important to useall the Itering objects to Iter a
candidate objects. Consider the example in Fig. BR3ug
cannot be pruned by eith&; or R, but will be pruned by
considering both of them.

Two subtle optimizations in the algorithm are:

If mindist (Rena; R ) > maxdist (Rg;Reng) for a

given MBR Ry , then Rs cannot prune any part of ;
is not considered for dominance o:

R¢ng . Hence suchRy

and half-space pruning (lines 4-5). HowevR;; may

still prune some other candidate objects, so we remo

suchRyg only from alocal set of ltering object, Sy .

Input: Q: uncertain query object;: probability threshold,;
OQutput:  all objects that have higher thanprobability to be RNN ofQ
Description:

1: Shortlisting: Shortlist candidate and ltering objects (Algorithm 4)

2: Renement: Trim candidate objects using disjoint subsets@fand
apply pruning rule 5 (Algorithm 5)

3: Verication: Compute the exact probabilities of each candidate and
report results

4.1 Shortlisting

In this phase (Algorithm 4), the global R-tree is traversed t
shortlist the objects that may possibly be the RNNQfThe
MBR Rcng of each shortlisted candidate object is stored in a
set of candidate objects call&d,q . Initially, root entry of the
R-tree is inserted in a min-heap H. Each erdng inserted in
the heap with keynaxdist (e; Rg) because a hyper-rectangle
that has smaller maximum distance Ry, is likely to prune

a larger area and has higher chances to become the result.

Algorithm 4 : Shortlisting

1St =, Scnd = s
2: Initialize a min-heagH with root entry of Global R-Tree
3: while H is not emptydo
4:  de-heap an entrg
5. if (Rem = pruneRgq; Sfj ;€)) 6
6: if e is a data objecthen
Send = Sena [f €9
else ife is a leaf or intermediate nodeen
Sti = S f eg
for each data entry or chilcc in e do
insertc into H with key maxdist (¢;Rq)
St = Sl [f cg

then

10:

This optimization reduces the cost of dominance and half-

space pruning.

If the frontier pointFp, of a Itering object Ry , is

dominated by the frontier poirfe,, of another Itering

objectRyj ,, thenFp, can be removed frorB; because
the area pruned by, can also be pruned b¥,,.

We try to prune every de-heaped eng&line 5) by using
the pruning rules presented in the previous sectiore 1§
a data object and cannot be pruned, we insert it Big; .
Otherwise, ife is an intermediate or leaf node, we insert its
childrenc into heap H with keymaxdist (c; Rg). Note that

However, note that a frontier point cannot be used fJ! €ntrye can be removed frong; (line 9) if at least one

prune its own rectangle. Therefore, before deletig,
we use it to prune rectangle belonging kg,. This
optimization reduces the cost of dominance pruning.

4 PROPOSED SOLUTION

of its children is inserted ir5;; because the area pruned by
an entrye is always contained by the area pruned by its child
(Lemma 5 in our technical report [5]).

4.2 Re nement

In this phase (Algorithm 5), we re ne the set of candidate
objects by using pruning rule 5. More speci cally, we desten

In this section, we present our algorithm to nd the probainto the R-tree ofQ and trim each candidate objeBg

bilistic RNNs of an uncertain query obje€. The data is

against the children o and apply pruning rule 5.

stored in system as follows: for each uncertain object, an R-Let PR be the aggregate probability of instances in any
tree is created and stored on disk that contains the ingtanagper-rectangleR. At this stagePRe¢ of a candidate object

of the uncertain object. Each node of the R-tree contains thewy be less than one becauRgq might have been trimmed

aggregate appearance probability of the instances inlitsesi

during shortlisting phase. We can pruRgng if upper bound

We refer these R-trees &xcal R-trees of the objects. AnotherRNN probability of a candidate objedaxProb = PRed s
R-tree is created that stores the MBRs of all uncertain ¢hjedess than (line 3).

This R-tree is calledjlobal R-tree

We use a max-heap that stores entries in foeyR( key)

Algorithm 3 outlines our approach. Our algorithm consistwhere e and R are hyper-rectangles containing instances of
of three phases namely Shortlisting, Re nement and Ver cadQ andR¢ng, respectivelykey is the maximum probability of
tion. In the following sub-sections, we present the detafls instances irR to be the RNNs of instances i (i.e; key =

each of these three phases.

Pe PRed ). We initialize the heap by insertingd( Rend .,
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Algorithm 5 : Re nement

Description:

1: for each Reng in Sgng do

2: if (MaxProb = PRed ) < then

3 Send = Send Rend ; continue;

4 Initialize a max-heap H containing entries in forey R; key)
5:  insert Q;Rcng ;MaxProb ) into H
6:
7
8
9

while H is not emptydo
de-heap an entrfe; R; p)
Rem = Prune €; Sy ;R)
MaxProb = MaxProb p+(P& PRem)

10': if MaxProb <  then

11: Send = Send  Rend ; break; Fig. 14: Finding the range of the global quer
12: if (PReM > 0) AND (e is an intermediate node or leafjen 9. 1% g the range of the global query
13: for each child ¢ of e do

14: insert ¢;Rem; (P¢ PReM )y into H

Consider the example of Fig. 14 where the range of
qgueries centred au; and u, are maxdist (u;;R;) and

MaxProb) (line 5). For each de-heaped entm; R;p), we maxdist (uz; Rg), respectiyely (circles With broken .Iines).
trim the hyper-rectangl® againste by Sy and store the We want to reduce multiple range queries to a single range

trimmed rectangle irRem (line 8). The upper bound RNN duery centred at the centre &g with a global ranger
probability MaxP rob is updated toMaxProb p+ (P¢ such that all instances required to compute RNN probataifity
PRem) Recall thap= P® PR was inserted with this entry every candidate instanag 2 R¢,g are returned. Let; be the

assuming that all instances i are RNNSs of all instances in "ang€ of the range query of computed as described above.

e. After we trim R using e (line 8), we know that only the 'N€ global range is max(r; + dist(ui;c)) for every u; 2

instances inRem can be RNNs of. That is the reason we Rend Wherec s the centre 0Rcnq . In the example of Fig. 14,
subtractp from MaxProb and add(P¢ PRem). the global range is = maxdist (uz; Rg) + dist(uy;c) as

At any stage, if theMaxProb < the candidate object shown in the gure (solid circle). Note that this range eresur
can be pruned. Otherwise, an entgy Rem;(P¢:PRem)) is that all the instances required to compute RNN probability o

inserted into the heap, for each chitcf e. Note that if the POthu1 andus lie within this range.
trimmed hyper-rectangle does not contain any instance t

PRem s zero and we do not need to insert childrenech ) i
the heap for suckRem. We issue a range query on global R-tree with ramgas

Recall that every node in local R-tree stores the aggreg&fPuted above. For each returned objéctwe issue a range

appearance probability of all instances in its sub-treectvhiduery on the local R-tree df) to get the instances that lie
makes computation of aggregate probability cheaper. within the range and then create a list containing all these
instances. We sort the entries in eachllisin ascending order

of their distances fronuicnq .
4.3 Veri cation The listLo for the instances of query objeGt is shown in
The actual probability of a candidate objeRt,g to be the Fig. 15. Each entrg contains two valuegd; p) such thatd is
RNN of Q is the sum of probabilities of every instanagg2 distance ofe from ucng andp is the appearance probability of
Reng to be the RNN of every instanagof Q . To compute the instancee. The lists for other objects are slightly different
the probability of an instance; to be RNN ofg, we have to in that each entrye contains two valuegd; P) whereP is
nd, for each uncertain objedt, the accumulative appearancdhe accumulativeappearance probability of all the instances
probability of its instances that have smaller distance tthan that appear in the list before In other words, given an entry
dist(g; u) (Equation (2)). A straight forward approach is tdd; P), the total appearance probability of all instances (is thi
issue a range query for every 2 Reng centred atu; with  list) that have smaller distance tharnis P.
range set aslist(q;u) and then compute the accumulative Given these lists, we can quickly nd the accumulative
appearance probability of instances of each object that @@pearance probability of all instances of any uncertajaatb
returned. However, this approach requije® j j Reng j that lie closer toueng than a query instancg. The example
number of range queries whejr€ j andj Reng j are number below illustrates the computation of exact probability of a
of instances inQ and R¢ng, respectively. Below, we presentcandidate instancecng .

an ef cient approach that issues only one global range qQUeBample 4: Fig. 15 shows the lists of query obje€t and

to compute the exact RNN probability of a candidate objecfyree uncertain objecta, B and C. The lists are sorted on
o their distances from the candidate instancgq. We start

4.3.1 Finding range of the global range query the computation from the rst entrygp in Q and compute

Let Rfj be an MBR containing instances of a Itering objectRNN ¢, (Ucng). The distancedy, is 0:3. We do a binary

An instanceu; has zero probability to be RNN of an instancesearch onA, B and C to nd an entry in each list with

g if dist(u;; ) > maxdist (u;; R ). So the range of a rangelargestd smaller thand,,. Such entries arez(0:1; 0:3) and

query foru; centred atu; is minimum of maxdist (ui; Rg) (0:2;0:4) in lists A and B, respectively. No instance is

and maxdist (u;; Ry ) for everyR¢; in Sy . found in C. Hence, the sum of appearance probabilities of

hz?.%.Z Computing the exact RNN probability of Reng



TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING 9

J,—L .

I l |

Fig. 15: lists sorted on distance from a candidate instage

Fig. 16: Bounding lower and upper bound RNN probabilities
instances ofB that have distance fromi.,q Smaller than g g PP P

dg, is 0:4, similarly for A it is 0:3. Given bothg, and ucng
appear in a world, the probability af..q to be RNN ofqp is
obtained from Equation (2) g& 0:4)(1 0:3) =0:42 The
probability ofucng to be RNN ofg, in any possible world is

accumulate the appearance probabilities of all the ins&nc
u such that everyc,g is always closer to (or further from)
. u than everyqg. More speci cally, we traverse each lidt;
0:42(Pg,  Puc )- o )
Similarly  th " v . d d and accumulate the appearance probabilities of everyniosta
RNII\lmI arly. fhe. nex te(;] ryh_ '2 Q 'S _ﬁp;gct)esse a? u; for which mindist (Rcnd; Rg) > dist (uj;c) + d=2 and
o (Uena) IS computed which is agai0: €cause 11S qihre the accumulated probabilities B2 . Similarly, the

?AStZr.‘Ce frorrucn(;] |s@the_ sameRN T b (_uFf“d ) r'f ze;o_bicatilse accumulated appearance probabilities of every instander
e binary search o@ gives an entryq; P) whereP =1 (@ which maxdist (Reng; Rg) < dist (uj;¢) d=2 is stored in

oot ™. Thn thgymaxinim RN probabiy of sy insiance
! P P 84 Ucng IS pTIaX = 8Li(l P8 ). The minimupg probability

against remaining instanceg and gs because their distances ‘end ) ) far
from Ugng are larger thardg, and RNN g, (Ugng) = 0. Also  Of @Y nstancelcng to be RNN ofQ isping = g1, (P )
note that the area to be searched in anyLlisby binary search PecauseP;™ is the total probability of instances that are
becomes smaller for the processing of next query instancede nitely farther. So we assume that all other instances are
closer toughg thang and this gives us the minimum RNN
The above example illustrates the probability computatigrrobability.
of an instanceaucng to be the RNN of all instances iQ. We Let PRaw  be the aggregate appearance probability of all
repeat this for every instanognq 2 Reng to compute the the instances ifRchg then Reng can be pruned ifP Rend
RNN probability of the candidate object. Next, we preseftyy < . Similarly, the object can be reported as answer if
some optimizations that improve the ef ciency of veri cati P Rew  phin
phase. b) Bounding RNN probabilities using instancesQ@f
Optimizations Lo - If an objectR¢g cannot be pruned or veried as result
. Our proposed op_t_|r_n|zat|ons bc_;und the minimum and Ma%t this stage, we try to make a better estimate pgf]
imum RNN proba_lk_nlltles and verify the objects that have th nd pi@ by using instances withirQ. Note that every
minimum probapll|ty greater than or equal to the thrgshol a2 Rong is always closer taa than a query instance
Similarly, the objects that have the maximum probabilitysle i . : . _ P
if mindist (Reng;g) > dist (a;¢) + d=2. Similarly,
than the threshold are deleted. Below, we present the det%lery Ueng Would always be further froma, than g if

of the proposed optimizations. maxdist (Reng; ) < dist (g;¢) d=2. Consider the example
a) Bounding RNN probabilities usingq: of Fig. 16 where every point iR¢ng is closer to botha; and
Recall that, for each candidate objd¢,q, a global range a4 thang,. Similarly, every point iRRcqq is further from both
query is issued and for each objadit within the range a list a; andas than it is froma.
L; is created containing the instanceslf lying within the To updatep]a , we rst sort every list in ascending order
range. Just before we sort these lists, we can approximate @i dist(c; u) wheredist(c;u) is already known (returned by
maximum and minimum RNN probability of the candidatelobal range query). Then, the likly is sorted in ascending
object based on the following observations. order of themindist (R¢nq; G ). Then for eachy in ascending
Let ¢ be the centre and be the diagonal length &, and order, we conduct a binary search on every listand nd
a; be some instance in ligk. Everyusng 2 Reng is always the entrye(d; P) with greatestd in the list that is less than
closer toa than everyg 2 Q if mindist (Rena;Rg) > mindist (Reng; G)  d=2. The probabilityP of this entry is
dist(a;;c) + d=2. Similarly, every uc,q would always be accumulated appearance probabifty*" of all the instances
further froma; than everyg 2 Q if maxdist (Reng; Rg) < & such that everyieng is always closer ta; thang . Then the
dist(a;;c) d=2. Consider the example of Fig. 16, every pointhaximum probability (Sf any instancg.ng 2 Rcng to be the

in Reng is always closer tay than any point irRq. Similarly, RNN of g is pTa¢ = “5 (1 P). W%,do such binary
every point inRcng is always further froms; than it is from searches for everg in the list andpfiy = g4 20 Pl -
any point inRgq. The update ofplpg is similar except that the lisk o is

Based on the above observations, for every object, we csorted in ascending order nfaxdist (Rcng ; ) and the binary
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search is conducted to nd the entegd; P) with the greatest 4. The appearance probabilities of instances were generated
d that is smaller tharmaxdist (Reng;G) + d=2. The total following either uniform or normal distribution. Our defau
appearance probabilities of all instanced.inthat are always synthetic dataset contains approximately 1.8 Million &mstes
farther from everyueng thang isFPifar =(1 P).Finally, (%%2-5%) Similar to [19], the query object follows same
prn = g (P/® ) andpmn = 820 PIn distribution as the underlying dataset.

After updating pfi2< and p" , we delete the candidate The real datasetconsists of 28483 zip codes obtained from
objects for whichPRee  plMax < Similarly, a candidate 40 states of United States. Each zip code represents art objec
object is reported as answerRfReu pgig } and theaddress blocksvithin each zip code are the instances.
The data source provides address ranges instead of individu
ddresses and we use the teaudress blockfor a range

o ! - g f addresses along a road segment. The address block is an
estimation of maximum and minimum RNN probabilities theﬂ'lstance in our dataset that lies at the middle of the road

we have to compute exact RNN probabilities (as describedé@gment with the appearance probability calculated asvist]

Sect|on_ 4'3‘2) of the mstanc_e_s_ N 't.' B_y using . MaxIMUilyi 1y he the number of total addresses in a zZip coderartuk
and minimum RNN probabilities, it is possible to verify,

invalidat biect without tina th ¢ RNt e number of addresses in the current address block then the
or gwt?'ll't'a N ?n "otk{ec. Vf[" ou (i/e/mpur:rjg t(;.exacm ppearance probability of the current address blockis.
probabriiies ot all the Instances. We achieve this as ;0. The real dataset consists of 11.24 Million instances and the

We sort all the instances iR¢ng in descending order of their aximum number of instances (address blocks) in an object
appearance probabilities. Assume that we have computed @Snford North Carolina) were 5918

exact RNN probabilityRNN g (u) of rst i instances. LeP be
the aggregate appearance probabilities of thesd irsttances . . . :
andPruy be the sum of thelRNN o (u). At any stage, an 5.1 Comparison with other possible solutions

object can be veri ed as answerfizyy +(1  P):phin . We devise a nae algorithm and a sampling based ap-

Similarly, an object can be prunedPgyy +(1  P):p™ < proximate algorithm to better understand the performance

d
« of our algorithm. More speci cally, in the rige algorithm,

Note that (1 p);pg;ig is the minimum probability for we rst shortlist the objects using our pruning rule 4 (e.g;

the rest of the instances to be the RNN Qf Similarly, any objectRcna can be pruned ifmindist (Rena; Rq) >
(1 P):pla is the maximum probability for the remainingmaxdist (Rena ; R1ii )). Then, we verify the remaining objects

c) Early stopping:
If an objectR.ng is not pruned by the above mentionecg

instances to be the RNN. as follows. For each paifu;i;g), we issue a range query
centred atu; with rangedist(u;;g) and compute the RNN
5 EXPERIMENT RESULTS probability of the instanceay; against the query instanag

] _ using the Equation (2). Finally, the Equation (1) is used to
In this section we evaluate the performance of our propos(egmpute the RNN probability of the object.

approach. All the experiments were conducted on InteI_Xeonln sampling based approach, we create a few sample possi-
2.4 GHz dual CPU with 4 GBytes memory. The node size g \yorids before starting the computation. More speciyal

each local R-tree idK and that of global R-tree i8K. We 5 hossible world is created by randomly selecting one igtan
measured both the 1/0O and CPU time and I/O cost is arou m each uncertain object. For each possible world, we

1-5% of the total cost for all experimentsience, for clarity create an R-tree (node siZZK) that stores the instances

of experiment gures, we display the average total cost Pgf the possible worlds. This reduces the problem of nding

query. We used both synthetic and real datasets. probabilistic RNNs to conventional RNNs. For each possible
world, we compute the RNNs using TPL [20] that is the best-

TABLE 2: System Parameters known RNN algorithm for multidimensional data. Lete the

[ Parameter [ Range | number of possible worlds evaluated amdbe the number of
Probability threshold () 0.1,03,050.7,09 possible worlds in which an obje&c.g is returned as RNN,
Number of objects (1000) 2,4,6,8,10 ; 6 —
Maximum number of instances in an objert200, 400,600, 800, 1000 thenReng |s_reported_as answerm n L The COSt§ shown
Maximum width of hyper-rectangle 19, 29, 3%. 4% do not consider the time taken in creating the possible world
Distribution of object centres Uniform, Normal Note that this algorithm provides only approximate resutts
Distribution of instances _ Uniform , Norma real dataset, the accuracy varies fré@% to 75%
Appearance probability of instances Uniform, Normal

Nave algorithm appeared to be too slow (average query
time from 7 minutes to 2 hours) so we show its computation

Table 2 shows the speci cations of the synthetic datasq}ﬁqe only when comparing our veri cation phase in Fig. 18.

we used in our experiments and the defaults yaluee arq:ig. 17 compares our approach with the sampling based
shown in bold. F_|rst the centres ef fche_uncertaln Objeczi?)proximate approach (for 100 and 200 possible worlds) on
were created (uniform or normal distribution) and then thg yihatic dataset. In two dimensional space, our algorithm
instances f_or_each ebject (unl_form or normal distributioeye _ comparable with the sampling algorithm that returns approx
created within their respective hyper-rectangles. Thetivwdim(,i,[e answer. On the other hand, the Fig. 17 shows that our

of the hyper-rectangle in each dimension was set flom ;0 ithm is more ef cient for higher dimensions and scales
to w% (following uniform distribution) of the whole space

and we conducted experiments fer changed froml to 6. http://www.census.gov/geo/wwwitiger/
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p : - . . o
0 ém":ggzglwgﬁgéi? of g Vot - with appearance probability fo_IIowmg unlform.dlstnbulu. _
. piing (+PW= o et The performance of our algorithm on non-uniform data is
§ = e d better than the uniform data as can be observed from Fig. 20.
P s 1 ¥ ° This is mainly due to two reasons. Firstly, we observe that
0s \M the number of candidates B.,q is smaller after the pruning

005 phase if the data is non-uniform. Secondly, if the probspbili

2 3 4 5 6

Number of Dimensions Number of Dimensions distribution is not uniform the veri cation phase is faster
because we sort the instances in descending order of their
appearance probabilities and this lets us validate or iohaes

an object earlier.

Fig. 17: Overall cost Fig. 18: Veri cation cost

better. The cost for our algorithm rst decreases as the rermb

of dimensions increase and then it starts increasing. Tdsore 5 Effect of data size

is that for low dimensional space, the data is more dense an'a

the veri cation phase cost dominates the pruning phase cost Fig. 21, we increase the maximum number of instances

On the other hand, for high-dimensional space, the dataiiseach object from 200 to 1000. The performance degrades

sparse and while the veri cation is cheaper the pruning phass the number of instances increase. Although the increase i

is expensive (e.g; greater number of bisectors requireduioed number of instances does not have signi cant effect on prgini

the space). phase, the veri cation phase becomes more expensive if each
In Fig. 18, we compare the veri cation cost of our algorithnpbject has greater number of instances. Also observe that

with the veri cation cost of nae algorithm. The costs shownthe cost does not change signi cantly for higher dimensions

are veri cation costs per candidate object. Our proposésécause in high dimensional space, the pruning phase cost is

veri cation is three orders of magnitude faster than thévea dominant which is not affected signi cantly by the number of

veri cation. instances

5

5.2 Performance on real dataset and effect of data
distribution -

Fig. 19 compares the performance of our algorithm againgt’
the sampling based approximate algorithm on real dataset fo*
probability threshold changed from 0.1 to 0.9. For sampling *
based algorithm, the costs are shown for the evaluation ®f 10 ° "
and 200 possible worlds. Our algorithm performs better than

the approximate sampling based algorithm for larger trotesh Fig. 21: Effect of number of Fig. 22: Effect of number of
instances in each object objects in the dataset

4

Time (seconds)

Number of Instances Number of Objects

,_‘
>
w

Our Algorithm —x— unif-unif-unif Bz
unif-unif-norm e

oo S Fig. 22 evaluates the performance of our algorithm with

K _norm-norm-norm ———

14 Sampling (#PW=100) it
Sampling (#PW=200) &

N
@

N

increasing number of objects in the dataset. The compautatio
cost increases with increase in number of objects mainly due
to the increased veri cation cost because larger number of
e mmrram— S objects (and in effect instances) are returned by the global
Probability Threshold Number of Dimensions range query
Fig. 19: Comparison on Real Fig. 20: Effect of data distri-
Dataset bution

Time (seconds)
Time (seconds)
=

Y

o
@

5.4 Effect of probability threshold and width of
Note that although the accuracy may vary, the cost of Saﬁ}?per-rectangle

pling algorithm does not change with the change in thresho
underlying data distribution (as noted in [20]), width ofgey- Fig. 23 shows the effect of probability threshold. The algo-
rectangle or number of instances in each object. Moredver, tithm performs better as the probability thresholihcreases
cost of sampling algorithm increases linearly with the nembbecause fewer number of candidate objects pass the pruning
of possible worlds evaluated. For this reason, now we focus phase and require the veri cation. The effect is more signif
the performance evaluation of only our proposed algorithmicant in lower dimensions because for low dimensions the
Fig. 20 shows the performance of our algorithm for differerveri cation cost dominates the overall cost.
data distributions. The legend shows data distributiorferim In Fig. 24, we change width of each hyper-rectangle and
distl dist2 dist3 where distl is the distribution of the objecstudy the performance of our algorithm. The performance
centres, dist2 is the distribution of instances within thgeots degrades in low-dimensional space due to larger overlap of
and dist3 is the distribution of appearance probability. &6 objects with each other and the query object. The effect in
ample, normnorm_unif shows the result for the data such thahigher dimensions is not as signi cant as in low-dimensiona
the centres of objects and instances are normally distributspace.
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Fig. 23: Effect of probability Fig. 24: Effect of width of Fig. 27: Effectiveness of Fig. 28: Effect of width of
Threshold hyper-rectangles pruning rules hyper-rectangles

5.5 Evaluation of different phases is used. More speci cally, we compare the number of objects

In this section, we study the effect of our pruning phasegeMo" Scnd When only the pruning rule 4 is used, the dominance
speci cally, we compare the number of candidates after rfi'uning is used along with pruning rule 4, and when all
phase (shortlisting), second phase (re nement), optitiiza PrUning rules from 1to 4'are used..S.lnce pruning rule 5 uses
(of the veri cation phase) and the number of objects in naf€ other underlying pruning rules, it is enabled for all&po
result. Fig. 25 shows the number of candidates after ed@ntioned settings. The half-space pruning signi cany r
phase. The number of candidates afshortlisting is from duces the number of candidate objects and the effectivafiess
10-20 and there nement phase reduces the number to lesdominance pruning is more signi cant for the low-dimensabn
than its half. The optimization presented in the veri catio 9at&-

phase prunes more objects in high-dimensional space becaus

in low-dimensional space due to larger volume of MBRs, mo§t7  Effect of hyper-rectangle width on the size of

of the MBRs of remaining candidates overlap with the quepagt

object. Hence the optimizations are more useful for higher ) )
dimensions. We note that if the hyper-rectangles of objects largely layer

each other, the probabilistic reverse nearest neighboregue
are not very meaningful. In other words, there would be no
objects satisfying some reasonable probability threshald
value that can be considered signi cant). Fig. 28 shows the
number of objects that satisfy different probability threkls.
The width of hyper-rectangle in each dimension is changed

Number of candidates

from 1% to 7% and the results are shown for two dimensional
Fig. 25: Number of objects Fig. 26: Computational time space. It can be observed that with large overlap in reatangl
in Scng after each phase taken by each phase more and more objects satisfy very small probability thodgh

constraint. On the other hand, there are very few or no object
Fig. 26 shows the time taken by each of the prunindt all that have greater than 0.1 probability to be the RNN.

phase. Our proposed optimization takes very small amount of
timt_a an_d is quite u_seful espegially for high—dimen_sionabda RELATED WORK
Veri cation phase is the dominant cost for low-dimensiona
queries and the pruning phases (shortlisting and re nejneftecently, a lot of work has been dedicated to uncertain
dominate the overall cost for high-dimensional queriesteNodatabases (see The TRIO system [22], The ORION project [7]
that logscale is used for y-axis. and the references therein). Query processing on uncertain
databases has gained signi cant attention in last few years
, . especially in spatio-temporal databases.
5.6 Effectiveness of pruning rules In [8], the authors develop index structures to querying
Pruning rule 5 is used in phase 2 (re nement) of our algorithmincertain interval effectively. They are the rst to study
and uses the other pruning rules to estimate the maximyprobabilistic range queries. In [19], the authors propasess
probability. Its effectiveness can be observed in Fig. 25 hiethods designed to optimize both the 1/O and CPU cost
comparing the number of objects aftgrortlistingandre ne- of range queries on multi-dimensional data with arbitrary
mentphases. probability density functions. The concept of probabitist
Fig. 27 shows the effectiveness of other pruning rules. Véémilarity joins on uncertain objects is rst introduced [ib3]
observed that the dominance pruning rule prunes fewer sbjewhich assigns a probability value to each object pair irtitica
than the simple distance based pruning rule 4. However, tte likelihood that it belongs to the result s&ankingand
dominance pruning can prune some objects that cannot theesholdingprobabilistic spatial queries are studied in [9].
pruned by the simple pruning rule because the dominan&ethresholding probabilistic query is to retrieve the oligec
pruning rule can trim part of the candidate objects. qualifying the spatial predicates with probability greatean
Fig. 27 shows the number of candidates aftenement a given threshold. Similarly, a ranking probabilistic quer
phase of our algorithm when a combination of pruning rulegtrieves the objects with the highest probabilities tolifypa



TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING 13

the spatial predicates. A probabilistic skyline model ig-pr and DP0666428) and Google Research Award. Wei Wang's
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