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Abstract. Applications requiring the handling of uncertain data hkeceto the
development of database management systems extendingoibe af relational
databases to include uncertain (probabilistic) data atieerndata type. New au-
tomatic query optimizations having the ability to estimtie cost of execution of
a given query plan, as available in existing databases, toeleel developed. For
probabilistic data this involves providing selectivitytiggations that can handle
multiple values for each attribute and also new query typéstiwreshold values.
This paper presents novel selectivity estimation funatifom uncertain data and
shows how these functions can be integrated into Postgré8@thieve query
optimization for probabilistic queries over uncertainalathe proposed methods
are able to handle both attribute- and tuple-uncertainty.éXperimental results
show that our algorithms are efficient and give good seliégtastimates with
low space-time overhead.

1 Introduction

Recently there has been a surge in interest in managing Ipitistia data in relational
databases [2,7, 14,16, 17]. This interest is engendereuaygeds of numerous appli-
cations including scientific data management, data integrasensor databases, data
cleaning, text processing and location-based services.rélational database model
has very little support for uncertain data, limited to the o§NULL values. The nature
of uncertainty in many applications is such that it is neagsto store alternative values
for tuples, or attributes and process probabilistic qeawieer this data.

Several models have been proposed for extending the scopltibnal databases
to include uncertain (probabilistic) data as a native dgtetThese models define new
semantics for query processing over uncertain data. Thdtsesf these queries are
typically probabilistic in nature. Since results with a Ipnobability of occurrence are
generally less interesting that higher probability answan important new class of
thresholdqueries has been identified [4]. These queries return ooletlanswers that
have a probability exceeding a threshold. While this thoédihg weeds out less rel-
evant answers, it also opens up possibilities for querynupéition. There has been
some recent work on efficient processing of threshold gaener uncertain data [5].
This work has largely focused on indexing methods to impiopuery performance.

The long-term goal for several projects is the developménbweel database man-
agement systems that natively handle uncertain data. Aaritat step in this direction
is the development of automatic query optimization as idalvie in existing databases.



Toward this end, an essential ingredient is the ability toveste the cost of execution
of a given query plan. For probabilistic data this would ilweoproviding selectivity
estimates for probabilistic operators. Currently, thered work on providing such se-
lectivity estimation functions for probabilistic data. Withe availability of these esti-
mation functions it is possible to use existing query optamtion techniques that are
already built into databases to handle the case of probabitlata.

In this paper we address this problem and develop noveltséteestimation func-
tions for uncertain data. We also show how these functiondesntegrated into Post-
greSQL to achieve query optimization for probabilistic qes over uncertain data.
Selectivity estimation for uncertain data needs to handldtipte values for each at-
tribute and also novel query types with threshold valuesthieumore, an important
type of uncertainty transforms a single attribute valuetormtinuous distribution — this
is especially common in sensor databases [8]. The existisgestimation methods are
therefore not applicable for this domain.

The goal of this paper is to handle selectivity estimationtfe two main types
of uncertainty that have been proposed in recent wioide uncertaintyf2, 7] andat-
tribute uncertainty{4]. To demonstrate the effectiveness of our selectivitynestion
technigues, we have used an open-source database managgstem for uncertain
data called Orion [14] which is built into PostgreSQL.

The major contributions of this paper are as follows:

— We have developed efficient algorithms for selectivity raation of probabilistic
threshold queries over uncertain data.

— We have implemented these algorithms in a real databasnsyst

— Our experimental results show that the algorithms are efficand provide good
estimates for query selectivities.

The rest of this paper is organized as follows. Section 2 sarnzes the related work
done in this area. We formally describe the uncertainty rhade probabilistic queries
in Section 3. Our algorithms for selectivity estimation aresented in Section 4. We
present the experimental results in Section 5, and Secttmméludes this paper.

2 Related Work

There is a rich body of work on selectivity estimation forditeonal relational database
management systems. Most approaches for selectivity &stimon precise data use
histograms. Poosala et al [15] proposed a taxonomy to aaptlpreviously proposed
histogram approaches. These approaches are not applicablecertain data because
both the queries and the underlying data types for uncedaiia differ greatly from
traditional data and queries.

More recently, there has been a great deal of work on the djewednt of models
for representing uncertainty in databases. Two main ajghesafor modeling uncertain
data have emerged in this field: Tuple uncertainty [2, 7] attdl®ute uncertainty [4].
Similar models have been proposed in moving-object enwilemts [9] and in sensor
networks [8]. Several systems that handle such uncertairdgta have been recently



proposed (Orion [14], MayBMS [1], Mystiq [3], Trio [19], [I This probabilistic
modeling of data has also been extended to semi-structated 3] and XML [10].

Efficient evaluation of probabilistic range queries is disged in [4, 7, 9, 8]. Proba-
bilistic nearest-neighbor queries are presented in [4,A2]index called Probabilistic
Threshold Index was proposed in [6] that can be used to efflgiexecute some classes
of probabilistic queries.

To best of our knowledge, the issue of selectivity estinrafar queries over prob-
abilistic data has not been addressed before.

3 Uncertainty Model

To model the uncertainty present in a data item, a data sckapwen as théAttribute
uncertainty modelvas proposed in [4]. This scheme assumes that individu#daties,

as opposed to complete tuples, are uncertain. The attriinaertainty model assumes
that each data item can be represented by a range of posaibles\valong with the
distribution of values over this range. Formally, assuna #ach tuple of interest con-
sists of an uncertain attribute If there are more than one uncertain attributes within
the same tuple, they are assumed to be independent of eamhTtle domain of the
uncertain attribute can be continuous (e.g. real-valuedjistrete (e.g. integer). The
probabilistic uncertainty of a continuous attributeonsists of two components:

1. Uncertainty Interval : Theuncertainty intervabf an itema, denoted by, is an
interval [l,, r,] wherel,,r, € R,r, > l, anda € U,. The range ofR, of a is
defined asR, = r, — l,.

2. Uncertainty pdf: Theuncertainty pdfof a, denoted byf, (x) is aprobability dis-
tribution function(pdf) of a wheref,(z) = 0 if z ¢ U,.

In addition to the pdff,(z), we can also define eumulative distribution function
(cdf) F,,(z), which is defined ag, (z) = [*__ f.(z)dz. Note that, similar to the con-
tinuous case, we can also define the pdf and cdf functionssim @badiscrete attribute
by replacing the integral with a sum in the above definitions.

The tuple uncertainty model [2, 7, 11] assumes that the cet@mplple is uncertain.
A probability value is attached to each tuple which repréeséme probability of that
tuple being present in the database. In addition, multigiets can be grouped together
to form anx-tuple[2]. The tuples present insidexatupleare called alternatives and
they represent mutually exclusive values for the tuple.

The goal of this paper is to propose estimation solutionsat@applicable to both
models of uncertainty: attribute and tuple. For our purppse are interested in a single
attribute at a timegy (real-valued or integer), for which we are estimating tHec#ity.
Thus, we can ignore the intra-tuple dependencies. We ashatihe uncertainty in the
data can be captured in terms of attribute uncertainty.Herotords, for the attribute in
question, we are able to generate a p@j @nd cdf (,) for each tuple of the relation.
This is directly available from the attribute uncertaintpael. For the case of tuple
uncertainty, there are two cases to consider. The first ikefet are nac-tuples. In
this case, each tuple has a probability value associatédtvaibd is independent of any
other tuple. For this case, the pdf for each tuple is simpysihgle attribute value along



with the associated tuple probability. In the second cdsegituple itself provides
multiple alternatives for the given attribute along wittsasiated probabilities. These
are collapsed into a single attribute uncertainty (digjrptf.

3.1 Operators and Threshold Queries

A number of operators are defined in [5] for comparing unéestalues with both un-
certain and certain (precise) values. This paper focuseelection queries that com-
pare an uncertain value with precise values. For theseegjeve present the definitions
for comparing uncertain with certain data. Operators betwan uncertain valueand

a certain value € R can be defined as:

Pr(a <v) = /j fa(z)dx = Fo(v)
Pr(a>v)=1— Fy(v)

The set of queries that we consider in the paper are cBiledabilistic Threshold
Range Querieand were proposed in [6]. These queries are a variant of piliie
queries where only answers with probability values overréagethresholdr are re-
turned. With this concept, all the operators discussedabam be changed into boolean
predicates by adding a probability threshold to them.

4  Selectivity Estimation

In this section we describe various techniques that candxfes estimating the selec-
tivity for a given probabilistic threshold operator.

4.1 Unbounded Range Queries

This approach is based on mapping the uncertain attribltesdo a 2-D histogram
and estimating the query result size by executing a 2-D bexygon the histogram.

To understand the approach, let us consider an unboundeed carery) given by
a <, xo, Wherer is the probability threshold for the predicate. This query returns
all uncertain items such thatPr(a < x¢) > 7. In terms of the cumulative distribution
function F, (x), we get the following condition:

Pr(a < mp) >17 < /jo fa(x)dx > 17 & Fo(xg) > 7 1)

This follows from the definition of pdf and cdf functions.

Let us consider a 2D graph where we plot the cdf funcfibof all uncertain items.
Figure 1 shows an example of this graph. The cdfs for threg itirhs a, b, and ¢ are
shown. The range quely given by Equation 1 can be translated into a (unbounded)
box queryr < xo andy > 7 over this 2D plot (the shaded region in Figure 1). Items
andb satisfy the query as they intersect the shaded region.
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Fig. 1. Example plot for query)(zo, 7).

Theorem 1. All the items whose cdf functidh,(x) lies in the box defined by que€y
are part of the result of quer). That is,Va, where the cdf functiod, lies in the box
defined by querg), we havePr(a < xg) > 7.

Proof. We observe that for any cdf, that lies in the box of quer§), we haveF, (z) >
T for somez < zy. As F, is a monotonically increasing function, we can deduce that
Fy(xo) > Fo(z) > 7. Using 1,P(a < xg) > 7.

Now we state the following theorem without proof:

Theorem 2. The total number of cdf lines that lie in the query l@xs equal to the
number of lines crossing (intersecting) the vertical Isegment given by : =z =
xo0,7 < y < 1, which furthermore is equal to the number of lines crossinge(-
secting) the horizontal ray = 7,z < .

The proof of this theorem follows from basic geometry andrtt@otonically increas-
ing nature of cdff'.

Now finding all the items whose cdf function lies in the box defl by a query) is
equivalent to finding the total number of intersections dfliceks with the vertical line-
segment. To efficiently calculate this number we need to develop gm@pamation of
the above technique. For this purpose, we defigelagrid of histogram over the plot
region. Givernu;, 0 < i < m as all the uncertain data items, we define

{ =min (l,,),r = max (ry,)
wherel[l,,,, 7] is the uncertainty interval af;. The plot region is bounded by 0 and 1
in they (probability) direction and, r in thex direction. The rang& of the histogram
is defined ask = r — . The width of the histogram is given by the parametgrand

0, which represent the size of histogram alangndy (probability) axes respectively.
A histogram buckef! (z, y) covers the area given by the box y, x + .,y +9,). The
notations used are summarized in Table 1.



|SymbolMeaning
fa |Probability distribution function (pdf) of uncertain itesmn
F, |Cumulative distribution function (cdf) of
la, 7o |Left and right bounds of’s interval.
R, |Rangeofu, R, =74 —la
u;  |All the uncertain data item®(< ¢ < m)
l,r |Leftmost and rightmost limits of all the uncertain inteiwva
Range of input datakR = r — [
0z, dp |Width of histogram bucket along andy (probability) axis
H |Histogram structure for cost estimation
Table 1. Notations

Definition 1. The height of a histogram buck&t(z, y) is the total number of cdf lines
of uncertain items intersecting the box y, z + 9.,y + d;).

With this definition, we can now informally define the algbrit for calculating
an approximation (upper-bound) of operator selectivityind Theorem 2 we see that
the sum of individual histograms that cover the vertica¢isegment gives a good
approximation of the upper-bound of the result set size.&rhar in this approximation
can be reduced by reducing the size of the histogram budKgitsextra accuracy comes
at the cost of increased space overhead for storing theghéstostructure.

If a cdf line has a large slope, it can contribute to more thamlistogram in a given
vertical window. This will result in over-estimation of thesult size because the same
cdf line will be counted multiple times. To prevent this, wepose a simple fix: If a
cdf line intersects multiple (contiguous) histograms iriveeg vertical window, we only
count its contribution in théopmosthistogram. With this slight change, we will avoid
counting the same line multiple times and obtain a tightgremgpound. Note that by
adding the contribution of a given cdf line to the topmostdgsam, we are guaranteed
that there will be no false negatives. The algorithm for ¢tarting this 2-D histogram
is presented in Figure 2.

The algorithm presented in Figure 2 takes as input the usioattita items from an
attribute and the parametefs andd, defining the width of each histogram inside the
structureH . In addition to these values, it also takes tlaadr values (defined earlier)
which represent the spread of input data values. Dependirthe attribute domain,
these parameters can be provided by the user or the systeseleahthem by random
sampling. For a given uncertain itemwe start counting its contribution from its lower
bound!, and stop when we hit the upper-most bucket in the y-direqi®ap 1(ii)).
This small optimization saves a lot of computations as ttép $s repeated for all the
input uncertain data items. Note that, for the correctnéssipalgorithm wedo need
to add the contributions to all the successive top buckelisefiom a. We take care of this
correctionin step2 with just one pass over the entire histogram.

Given this histogram structurd, we can easily give an approximation for query
result size. Figure 3 shows the algorithm for finding the ctelity estimate for query
Qz,7) =a <, .



Input
u;, 0 < i < m: All the uncertain data items
0z, 0p : Width of histogram along: andy axis
I, r : The left and right bounds for the histogram
Output
H: The histogram structure for the input data
0. Initialize H with all bucket heights= 0
1.for a = up,u1...,um—1 do
@) letz=1{(la—1)/0z];p=0
(i) whilep < (1 — dp)
@p = Fa(l+
(b) H (x, [p/5,
(C)z++
2.forx=0,1,...,|R/dz]
(i) H(x, [1/6,)) += H(z — 1,[1/5,])
3.return H

x+1)dz)
)++

O~

Fig. 2. Algorithm for generating the histogram for unbounded ragageries

Note that the above discussion applies ta . = queries only. For unbounded range
queries of the forn®) : a >, z, we have the following result:

a>xe Prla>x)>7e F(z)<l-—71 (2)

Using Equation 2 we can see that if an uncertain itedoes notatisfy the query
a <1—, z (i.e. F,(x) # 1 — 1) then it will satisfy the query. >, x. The algorithms
presented in Figures 2 and 3 can therefore be used fagueries with slight modifi-
cations. The selectivity of can be calculated by computing the selectivity<ofnd
using the fact that selectivity fos ;. is 1 - selectivity for<;_ ..

Theorem 3. The time complexity of algorithm presented in Figure 2 is:

S (%) o (2)

=0

Proof. The first terms comes from Step (1) in which we go through etach once for
each uncertain item. Finally we add up all the contributiortke top histogram buckets
in Step (2) which gives us the second term in the above express

4.2 General Range Queries

As discussed earlier, a general range qugrig expressed aBr(z; < a < x2) > T.
This query returns all tuples such that:

T2
Pr(z; < a < xz) >T<:>/ folz)dz > T
x1

& Fo(xg) — Fo(z) > 7



Input
xo, 7 : Parameters of a query
H : Histogram structure
m : Total number of uncertain items
0, 0p - Width of histogram along: andy axis
I, r: The left and right bounds for the histogram
Output
An estimate (upper-bound) of query selectivity
1.if zo < lreturn O
2.if ko > rreturn1
3.x=|(xo—1)/0z]
4.letS=0
5.forp=|7/0p],...,|1/0p]
(i) S=S+H(z,p)
6.return (S/m)

Fig. 3. Algorithm for estimating query selectivity for unboundexhge queries

The previous section on unbounded range queries is a spasialof the general
range query wherg; = —oo (orl) or zo = oo (orr).

We can extend the earlier solution to general range queyiadding another dimen-
sion to the histogram. In addition to theaxis andy-axis representing, (end-point of
the range query) and the probability thresholeéspectively, we will now have aaxis
representing:; (or the beginning of range query).

The theoretical discussion of this selectivity estimagotution is similar to the un-
bounded case. In place of a 2-D curve, we will now have a 3-Decfor each uncertain
item which is given by the function:

Galorvaz) = [ " fu(@)dz = Fy(za) — Fa(z) 3)

The range query) will now translate to a box query given by < z5, y > 7 and
z = x1. We can now state the following theorem for the 3-D curve:

Theorem 4. Each item for whichG,(z1, z2) intersects the box defined by qué&pyis
part of the result of queryy. That is,Va, where the functiortz, intersects the box
defined by querg), we havePr(z; < a < x2) > T.

Proof. We observe that for any cdf, that lies in the box of querg), we know that
Ga(x1,2) > 7 for somex < zs. This gives us thaG,(z1,22) > Gq(x1,z) > T
Using 3, we haveP(z1 < a < x9) > 7.

Similar to Theorem 2, we can prove that we can count the tataibver of items
in the result set by counting the total number of intersexstiof functionG,, with the
line-segment = x2, 7 < y < 1in thez = x; plane. The definition and construction
of 3-D histogram is similar to the 2-D counterpart and is preed in Figure 4. The
algorithm for estimating the answer size for a given qu@(y, 22, 7) is presented in
Figure 5.



We can apply an optimization similar to the algorithm in Fig@ by modifying
only the local histogram area which is affected by an ungeitam and then propa-
gating the effects globally by adding a post-processing.stais optimization helps
in bringing down the running time of the algorithm signifitignTo achieve this goal
we keep three temporary histogram tabiés, H, and H,, along with the main his-
togram structurdd. For an uncertain item, Step 1 adds the contribution of the item
to the main histograni/, along with adding the contributions that are to be propadjat
globally to the temporary histogramid,, and H, store the contribution to the bins cor-
responding ta = I, andx = r, respectively, while,., stores the contribution to the
bin corresponding ta = [, andz = r,. It is easy to see that the local contribution
of the itema to H, needs to be propagated to the plane giveribyx z < r, and
z < l, as for these valueBr(z < a < z) = Pr(l, < a < z) (Step 3a). SimilarlyH,
needs to be propagated globally to the plane z < r, andz > r, as for this plane
Pr(z <a<z)=Pr(z <a<r,) (Step 3b). In a similar fashiorf/ . is propagated
toz < I, andz > r, (Step 4 and 5). Finally, we add all the temporary histograms t
the main histogram to get the final histogram structure (8)ep

Theorem 5. The time complexity of algorithm presented in Figure 4 is:

m—1
R2. R?
2 <25§) "o <636p>

i=0

Proof. By counting the number of loops. All the steps in Figure 4,eptdor Step 1,
touch the cells only constant number of times. The numbesayd in Step 1 gives the
first summation.

4.3 General Range Queries using Slabs

In Section 4.2 we discussed how the histogram construaichmique can be extended
to general range queries. While the accuracy of such an &tim very good, the
initial construction time and space trade-off is quadratiterms of the range of the
input data R). In this section, we present another technique which lmageneral, a
lower accuracy than the previous technique but better spragecomplexity.

In this algorithm, we partition the entire range of inputaatto slabs. Similar
to histograms, the length of a slab is controlled by the irgarametep,. Each slab
stores estimates of query selectivity for different valogs. A slab with end-points at
x = x1,x2 Stores the selectivity of a bounded range quefy, z2, 7) for different
values ofr. Once again, the number of divisions (estimates) alongrblegbility axis is
controlled bys,. Note that, for a query that spans multiple slabs, we camursbgjdd the
contributions of individual slabs. To solve this probleng tvave a hierarchy of slabs.
The size of slab at the bottom-most level of this hierarchexisctlys, but as we go up
the hierarchy the size increases exponentially until welreéhe top-most slab, which
encompasses the entire input region. At each level of theuttiey there are twosets

1 n general, we can have more than two sets of slabs for eaeh déhierarchy which will
further increase the accuracy of this technique.



Input

u;, 0 < i < m: All the uncertain items

0z, 0p : Width of histogram along:,z andy axis

I, r: The left and right bounds for the histogram
Output

H: The histogram structure for the input data
0. Initialize H, H,, H », H,, with all bucket heights= 0

1.for a = up,u1...,um—1 do
@) let zmin = [(la — 1) /02|, Tmaz = [(ra —1)/ds]
(i) for z = Tmin, - .-, Tmaz dO
forz = z,..., Zmas dO

@)p = Ga(l + 264, + (x + 1))
(b) if (z = Zmin) A (T = Tmaz)
Ha(x, p/5,] , 2)++
(c)elseif(z = zmin)
H.(x, |p/5,] , 2)++
(d) else if(z = Tmaz)
Hﬂc(fc7 Lp/(SPJ 7Z)++
(e)elseH (z, |p/dp| , 2)++
2. let Tmaz = |R/0z]
3.forp=0,...,[1/6p]
(@)for x =0,...,Tmax
for z = Tmaz — 1, Tmaz — 2,...,0
Hz($7p7 Z) += Hz(m,p7z + )
(b)for z=0,...,Tmaz

forx =1,2,..., Zmax
Hy(z,p,2)+ = Hy(x — 1,p, 2)
4.forx =0,...,Tmaz
for z = Tmaz — 1, Tmaz — 2,...,0
Hox(x,|1/6p], 2) += Haz (2, [1/0p],2 + 1)
5.for 2=0,...,Tmax
fore=1,2,..., Tmax

sz(l’, Ll/apjvz) = sz(:C -1, Ll/épJ,Z)
6.for all z, z,p
H(CC7Z7p) += Hz($7p7 Z) + Hx(m,p, Z) + sz(:c,p, Z)
7.return H

Fig. 4. Algorithm for generating the histogram structure for gaheange queries

of slabs, one starting at the midpoint of the other, so thatareget better estimates.
We call these slabd and B, respectively.

Formally, we havéog(R/4,) hierarchical levels, with each hierarchical level hav-
ing two sets of slabs&l(i, j, p) andB(i, j, p) wherej < [log,(R/d:)].

Definition 2. The slabsA(i, j, p) and B(i, j, p) cover the region®; = [l + 27i,, 1 +
29(i4+1)6,] andRo = [l + 27 (i + 1/2)d,, L + 27 (i + 3/2)4,] respectively. The height
of the slabA(i, j, p) (or B(3, j, p)) is given by the number of uncertain items satisfying
the bounded querR; (or R.) with probability betweemd,, and (p + 1)d,.



Input
x1,x2, 7 . Parameters of a quey
H : Histogram structure
m : Total number of uncertain items
0z, 0p - Width of histogram bucket along,z andy axis
I, r: The left and right bounds for the histogram
Output
An estimate (upper-bound) of query selectivity
1IfCC1 <lxi1 =1
2.if zo >ras=r
Bletx = |(x2 —1)/0z], 2= [(z1 —1)/dz]
4.letS =0
5.forp=|7/0p],...,[1/5p]
) S=S+H(z,p,=2)
6.return (S/m)

Fig. 5. Algorithm for estimating query selectivity for general genqueries

As mentioned earlier, each of these slabs stores the qusweas for different val-
ues of query threshold. Thus, everyA(i, j) or B(4, j) is an array of(1/4,| values.
The construction algorithm is presented in Figure 6. In Stefor each item, we find
the slabs that are affected by the item and add the conitbofithe item to the corre-
sponding slabs.

Once we have this slab structure, we can get estimates bpdiaddair of slabs that
contains (over-estimate) and is contained (under-estiniat the query region. With
these estimates, we interpolate the estimates based ohehetérval size to get the
final estimate. The algorithm for finding the estimate is praed in Figure 7. In the
algorithm, Step 1 pickg which corresponds to the slab size just smaller than theyquer
We have two additional functionsckLBandpickUB, which given the query limits and
a levelj, returns the slab that is contained inside and containsubeyqespectively.
If these functions can not find any such slab at levéhey returnnull. Forj < 0,
these functions simply return a slab with sizend all estimates are set @o In the
case, these functions find more than one slab which satisfgdhditions of UB (LB)
they return the one with minimum (maximum) estimate. Thiddsie in order to get
a tighter bound on the final estimate. The details of thesetifums are omitted due to
space considerations. Steps 2 and 3 find the slabs and retuimn ®nce we have a slab
T, g that bounds the answer from below and a glalp that bounds the answer from
above, we find the selectivity estimatesigfp andTy g in Step 6 and then finally in
Step 7 we linearly interpolate the estimates based on tleeofigquery and size of the
two intervals returned. This gives us an estimate of theygresult size.

Lemma 1. For any queryQ, the difference between the levels, from whigh; and
Ty g are picked up, is at mo&t Thus, the space covered by p is at mostd times that
of Tr.B.

Proof. It follows from the cases of Figure 7. It remains to show tih&tedlse cases in
Step 2(b) and Step 3(a),(b) are always successful in findisigla Note that the size



Input
ui, 0 < i < m: All the uncertain items
0z, 0p : Parameters controlling width of divisions
l,r : The left and right bounds for the input region
Output
The slab structure for the input data
0. Initialize A and B with all buckets heights= 0
1.for a = uo,u1,...,um—1 do
(i) for j=0,1...,[log,(R/é.)] do
@)let zmin = [(la —1)/(278:)],
Timaz = [(ra — 1)/(276,)]
(b) for £ = Tmin . . - Tmaz dO
(A) letp = Go (1 4 2276,, 1 + (x + 1)276,),
(B) A(IE,j, Lp/6PJ)++ . .
(©) let wmin = |(la — (L +27716,))/(2762) ],
Tmaz = [(1a — (1 +277"62))/(2762) )
(d)for £ = Tmin - - - Tmae dO
(A) p=Ga(l+ 2/ (2 +1/2)65,1 + 2/ (2 + 3/2)5)
(B) B(x,j, [p/dp))++
2.return A,B

Fig. 6. Algorithm for generating slabs

of the slab at levej is less than the query interval. So a slab at lgvebuld fit in the
query. If this happens with thé slab being contained, then there is a slab at I¢vel
that surely contains the query. This is becaused @hab at levelj + 1 contains at least
one end-point of the query, and hence at lg\veR, since anA slab and & slab extend
this A slab at levelj + 1 in different directions, at least one of theslabs at levej + 2

or B slabs at levej + 2 will cover the entire interval. If at level, the query covers 8
slab, then it cuts two consecutiveslabs at levej and hence it is covered in either an
A slab or aB slab at levelj + 1. If the query does not cover any slab at leyethen it
again cuts two consecutivé slabs at levej. This means it is covered by a slab at level
j + 1. Also, it cuts at least one of theseslabs by more than half at the leyelThus,
there is and slab at levelj — 1 which is contained in the query.

Theorem 6. The time complexity of algorithm presented in Figure 6 is:
m—1 R R
O(; ( 5. >—|—m og(&v))

Proof. The above result directly follows from the following expsem which is the
total cost of Step 1.




Input

x1,x2, 7 . Parameters of a quey

A, B : Slab structure

m : Total number of uncertain items

0z, 0p : Parameters controlling width of divisions

I, 7 : The left and right bounds for the histogram
Output

An estimate of the query selectivity
Lletj = [logy((z2 — x1)/dz))
2.if (T = pickLB(z1, z2, j)) exists

(a) T =T

(b) if (T" = pickUB(z1, z2, j + 1)) exists

Tup =T
elseTyp = pickUB(z1, z2,j + 2)

3.else

(a)TLB = piCkLB(l’1, l’z,j — 1)

(b) Tus = piCkUB(:El7 l’z,j + 1)
4.let Spin = Smaz = 0, t1 = length of Ty, 5,

to = length of Ty
5.forp=|7/0p],...,[1/5p]

(a) szn += TLB(p), Smaw += TUB(p)
6.5 = Simin + (Smaz — szn) X (1’2 — X1 — t1)/(t2 — t1)
7.return (S/m)

Fig. 7. Algorithm for estimating query selectivity using slabs

Similarly, we can also show that the total space overhe&l(iB/¢,,). Both these
results are intuitive if we observe that the total cost/spiacasymptotically bounded
by number of slabs at the bottom-most level as the numberatissht higher levels
decrease exponentially.

5 Experimental Evaluation

We have implemented our statistics collection and seligégtistimation algorithms in
Orion, a publicly available extension to PostgreSQL that prowidative support for
uncertain data [14]. To efficiently evaluate the queriesuised in this paper, Orion
uses an indexing scheme knownmsbabilistic threshold indexPTI) introduced in
[6]. This system not only allows us to validate the accuratpuwr methods in a re-
alistic runtime environment, it also gives additional gidi into the overall effect our
techniques have on query optimization in an industriargjth DBMS.

5.1 Implementation

PostgreSQL measures the cost of query plans in disk pageefe{éor simplicity, all
CPU efforts are converted into disk 1/0s). The optimizereyefly estimates the cost



of query plans by calculating the overall selectivity andtiplying it against the esti-
mated cardinality. In the common case of multiple predigatedividual selectivies are
multiplied together, except for range queries where theeddpnce between the lower
and upper bounds is simple to evaluate.

Virtually every numeric data type in PostgreSQL shares #messource code for
cost estimation. Using this code base, we have built ouréemphtation of the algo-
rithms in Figures 2, 4, 3, and 5. Using the elegant framewargtdgteSQL provides
for new data management techniques, our implementaticendstthe functionality
of Orion’s UNCERTAIN data type by registering the optionallbacks for collecting
statistics and estimating selectivity.

5.2 Methodology

To ensure correctness, we ran each experiment on a varigtieoes and datasets, and
then averaged the results. After populating the datababeeatch test dataset, we first
usedVACUUM ANALYZE to generate the statistics in advance. The following experi
ments were conducted on a 1.6 GHz Pentium CPU with 512 MB RAMRing Linux
2.6.17, PostgreSQL 8.1.5, and Orion 0.1. Note that mosteofakulting plots show the
relative errorof the selectivity estimates, i.e. the goal is to be as clo$84 as possible.

Synthetic DatasetsEach dataset consists of random “sensor readings,” usicigesrsa
Readi ngs (rid, val ue). Without loss of generality, the uncertain values (i.e.
reported from the sensors) are floating point numbers rgnfgaom 0 to 1000, and the
pdf for each uncertain value is a uniform distribution. Theerval sizes are distributed
normally, with midpoints distributed uniformly. We refey bur three main datasets as
Dat a- 5, Dat a- 50, andDat a- 100; the numbers correspond to the average width of
the uncertain value intervals.

Table 2 summarizes the control variables for the subse@xperiments. In partic-
ular, we show that our algorithms perform well without redyéo dataset cardinality,
and are reasonably robust to query selectivity and proiséibithreshold. In addition,
we demonstrate the effect of increased precision as a tfidetween construction
time and space versus the resulting accuracy of the satg@stimates.

| Variable [Default Value]
Cardinality 250,000
Selectivity| 25%
Threshold 50 %
Precision 70 bins

Table 2. Summary of control variables.



Example Query Plan To illustrate the impact that correct estimates have onyguer
optimization, we present the following example output fr®wostgreSQL. When no
selectivity estimation function is available for a giveregicate, PostgreSQL simply
returns the default value of 1/3 for estimating unboundedeaqueries, and 0.005 for
general range queries. In practice this estimate favorsiskeof unclustered indexes,
such as PTI [6], to improve 1/O performance:

SELECT * FROM Readi ngs WHERE val ue < 750;

Bi t map Heap Scan on Readi ngs
(cost=742. 33..4075. 67 rows=66667 wi dt h=36)
(act ual =20379. 348. . 20824. 652 rows=153037)
Recheck Cond: (value < 750::real)

-> Bitmap I ndex Scan on pti_val ue
(cost=0.00..742. 33 rows=66667 wi dt h=0)
(actual =20378.677..20378. 677 r ows=153K)

I ndex Cond: (value < 750::real)

With accurate estimates, the optimizer makes the corragsida, namely not to
use the available PTI index:

(sane query as before, but using our algorithns)

Seq Scan on Readi ngs
(cost =0. 00..5000. 00 rows=164333 wi dt h=35)
(actual =83. 841..15545. 401 r ows=153037)
Filter: (value < 750::real)

As shown in this example, accurate selectivity estimataves the system thou-
sands of disk fetches (i.e. 15545 total cost instead of 2p82general, incorrect esti-
mates may result in much higher losses of efficiency.

5.3 Results

We now evaluate the accuracy and performance of our costain techniques for
unbounded range queries using the 2D histogram structtnadinced in Section 4.1
(see Figure 3), and general range queries using the 3D hastodiscussed in Section
4.2 (see Figure 5).

Accuracy at Varying Selectivities: The first experiment verifies the accuracy of our
algorithms, regardless of query selectivity. Figures 8 dsdmmarize the results using
all three synthetic datasets. For clarity, we have onlytptbbne of them. The-axis
shows the selectivity of the query which was varied from Hitfb) to low (100%). The
y-axis shows the accuracy of the estimation as a percent&wedo the size of the
exact result. Our algorithm significantly outperforms tlasdline PostgreSQL estimate.
As expected, high selectivity has a slight effect on the eamyuof our methods.

Accuracy at Varying Cardinalities: The next experiment studies the overall scala-
bility of our algorithms, namely the impact of the size of tietation on the accuracy of
the estimations. Figures 10 and 11 show the results for tepresentative queries. The
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Fig. 13. Thresholds (3D)

x-axis shows the size of the table in number of tuples which veaed from 50,000
to 800,000. The results show that our approach is unaffdstélde size of the dataset.
This is in sharp contrast to the baseline PostgreSQL esimiabt shown) which is
much more sensitive to the dataset size, particularly f@emdatasets.

Accuracy at Varying Thresholds: Figures 12 and 13 show the impact of query
threshold on the accuracy of the estimates. THaxis shows the threshold probability
and they-axis shows the relative accuracy with respect to the coamswer size. Once
again, we observe that our algorithm is much more robusttti@haseline PostgreSQL
estimator (not shown) that simply returns a constant selgctOur implementation
shows slightly better accuracy for smaller thresholds drt pecause larger thresholds
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result in additional tuples becoming part of the query amsl®ading to overestimates.
We can see that for highly selective queries, our algorithrsignificantly better that
the baseline and thus it is more likely to lead the optiminér choosing a much more
efficient plan.

Accuracy at Varying Precisions: Next we show the relationship between the size
of the histograms and the resulting accuracy. Figures 14l&rslimmarize the results
for each dataset. Theaxis shows the number of histogram buckets in each dimensio
which was varied from 10 to 100. Clearly, both algorithmsfpen better with a more
detailed histogram. Our algorithm outperforms the basdtm smaller histograms. As
expected, we see that after a certain amount (i.e. 70, feetbdatasets and queries),
larger histograms do not provide significant increase ingzy.

Runtime Performance Overhead:The final set of experiments study the runtime
performance of constructing the statistics and estimatiegselectivity of a query. We
have omitted figures for these findings because of limitedespas expected, the esti-
mation times are constant and almost negligible (on therarftEs ms). The histogram
construction times scale linearly with respect to dataiocatiy, and grow a little more
than linear as the requested number of buckets increasethd-bulk of our experi-
ments, histogram construction only amounted to severaltaghmilliseconds.

More detailed experimental analysis is omitted in this paloe to space limitations
and is available in our technical report [18].

6 Conclusions and Future Work

In this paper, we developed algorithms for computing seliggtestimates of proba-
bilistic queries over uncertain data. The estimation tepnes can be applied both to tu-
ple uncertainty and attribute uncertainty models. Thedetieues were implemented in
PostgreSQL and found to provide accurate estimates fortaicelata. The algorithms
presented can be further improved by combining them withdgted cost estimation
technigques such as equi-depth binning and sampling. Weesthbuwth theoretically and
empirically that our histogram construction algorithme fast. The experiments show
that they give very accurate estimation especially for fdactive queries. For more
selective queries, the accuracy is not quite as good, butlisnsich better than the
baseline estimator.
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