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Abstract— Emerging uncertain database applications often
involve the cleansing (conditioning) of uncertain databass using
additional information as new evidence for reducing the uner-
tainty. However, past researches on conditioning probabistic
databases, unfortunately, only focus on functional deperghcy. In
real world applications, most additional information on uncertain
data sets can be acquired in the form of aggregate constraiat
(e.g., the aggregate results are published online for varis
statistical purposes). Therefore, if these aggregate caingints can
be taken into account, uncertainty in data sets can be larggl
reduced. However, finding a practical method to exploit aggegate
constraints to decrease uncertainty is a very challengingnpblem.
In this paper, we present three approaches to cleanse (coriitin)
uncertain databases by employing aggregate constraints.eBause
the problem is NP-hard, we focus on the two approximation
strategies by modeling the problem as a nonlinear optimiza-
tion problem and then utilizing Simulated Annealing (SA) ard
Evolutionary Algorithm (EA) to sample from the entire solution
space of possible worlds. In order to favor those possible wiols
holding higher probabilities and satisfying all the constrints at
the same time, we define Satisfaction Degree Functions (SD&)d
then construct the objective function accordingly. Subsegently,
based on the sample result, we remove duplicates, re-normag
the probabilities of all the qualified possible worlds, and @rive
the posterior probabilistic database. Our experiments veify the
efficiency and effectiveness of our algorithms and show thatur
approximate approaches scale well to large-sized database

we need techniques beyond the mere retrieval of tuples and
their confidence to enhance the power of query languages
for supporting advanced applications. For example, most of
the existing techniques for processing and managing large
uncertain data sets only focus on how to query over a given
uncertain database statically [2], [4], [5], [6], [7].- If eh
uncertain database is inherently highly inaccurate, théle

be no chance that the retrieved results are precise. Therefo
as an essential operation, data cleansing is required tweed
uncertainty for subsequent query processing. In this paper
we try to cleanse uncertain databases by adding aggregate
constraints as the neevidenceto refine a prior probabilistic
database to a posterior probabilistic database. In othedsyo

we apply a set of aggregate constraints to an uncertainatsgab
and materialize the cleaned, less uncertain database. This
procedure can be seen as knowledge compilation and have
numerous applications in reality.

Consider the example of an uncertain database of employees
and their respective salaries as shown in Table I. Uncaytain
exists for the salary of each employee. The alternativeidist
butions of the three tuples can be represented as Equation 1,
Equation 2 and Equation 3, respectively.

0.4,z =20
I. INTRODUCTION 0.1,z = 30
Uncertain and probabilistic database systems have nuserou pa(z) = 0.4. 2 — 70 @
applications such as information retrieval [1], data clean 0.1 2 =90
ing [2], computational science [3], decision support arabei T =
nosis systems, sensor and RFID data processing, etc. Hgweve 0.7,y = 30
| Employee | Salary (unitK) | Confidence | 0.1,y = 90
Alice 70 0.4
Alice 20 0.4 0.3,z=10
Alice 90 0.1
Alice 30 0.1 pz(2) = 0.6,2=20 ©)
Bob 30 0.7 0.1,z =190
Bob 80 0.2 Suppose we have acquired a new evidence of the above
Bob 90 0.1 . .
uncertain database that the sum of the salaries for all the
Charles 10 0.3 -
Charles 50 06 employees is in the range of [50K, 70K]. Thus some of the
Charles 90 01 possible worlds in the above uncertain database (can dedrea
as a prior probabilistic database) should be removed becaus
TABLE | they do not satisfy this constraint. For example, the péssib

AN ILLUSTRATION OF THE EMPLOYEE DATABASE

world < z = 70K,y = 30K, z = 20K > should be discarded
because the sum is equal to 120K which is over the range.



Consequently, we need to retrieve all the qualified possiblee In our approximate approaches, we model the cleansing
worlds and re-normalize their probabilities to make them su operation as a nonlinear optimization problem and em-
up to 1 again. The outcome is the posterior probabilistic ploy simulated annealing and evolutionary algorithm to

database with less uncertainty. In particular, if the aggte sample from the entire solution space of possible worlds.
constraint is inconsistent with the given uncertain databall o We conduct extensive simulations to validate the effi-
possible worlds should be deleted. ciency and effectiveness of our approximate algorithms

and show that they scale well to large-sized databases.

A. Chall izati
allenges D. Paper Organization

The rest of this paper is organized as follows. The un-
« The cleansing operation on uncertain databases levegrtainty representation model and aggregate constraiats
aging aggregate constraints is at least as hard as fmalized in Section II. In Section IlI, we illustrate ouxat
act confidence computation, which is proven to be approach which employs the branch-and-bound technique to
NP-hard problem [3], [8], [9]. Therefore, we need tgrune the generation tree of possible worlds. Two approtdma
utilize approximation mechanisms to solve the proble@pproaches based on sampling from the entire solution space
efficiently and effectively. of possible worlds are presented in Section IV. In Section V,
« Due to the existence of constraints, a possible world withe remove duplicates, re-normalize the probabilities bfie
a higher probability in the prior probabilistic databasgualified possible worlds, and at last compute the posterior
does not necessarily have a higher probability in thsrobabilistic database. The experimental validation of ou
posterior probabilistic database. solutions is presented in Section VI. Section VIl surveys th

« A possible world with a higher probability does notelated work. Finally, Section VIII concludes the paper.
guarantee that it will satisfy all the constraints. On the

contrary, a possible world satisfying all the constraints Il. PRELIMINARY
may have a negligible or trivial probability. ThereforeA. Uncertainty Representation

we need to develop techniques to efficiently retrieve the For the uncertainty representation in database systems,
possible worlds holding higher probabilities and satisfysxtended relational moddlLo], [11], [12], [13], [3] is pro-

The challenges of the problem are as follows:

ing all the constraints at the same time. posed where the classical relational model is augmentetl wit
_ attribute-level or tuple-level confidence values. In théper,
B. Overview of Our Approach we define sets of possible worlds following the model of U-

In this paper, we propose an original solution of C|eansir{§lational databases [14]l-relationswhich can capture most
uncertain databases based on aggregate constraints. ©Ourr@presentation formalism for uncertain and probabilisiéata
proaches enable the updating of an uncertain database Wig Proposed recently in database research literaturets asu
additional aggregate knowledge to achieve higher pretisidtio [14], MayBMS [12], [15] and MystiQ [3]. In our model,
and accuracy. In our exact approach, we construct a gemerafin uncertain relation is a collection of tuples. Each tuple
tree of possible worlds and make use of the branch-and-bodhi@omprised of one or more mutually-exclusive alternative
technique to prune the tree. Because the cleansing Omﬁra%lch alternative is an instantiation of a tuple and holds an
is an NP-hard problem, we also propose two approximaqgsociated probabilistic confidence value in the rande,df,
strategies by modeling the problem as a nonlinear optiioizat i.e., each tuple is associated with a probabilistic masstion.
problem and utilizing simulated annealing and evolutignaBesides, if a tuple has an infinite number of alternativesnth
algorithm to sample from the entire solution space of po¥e can associate a probabilistic density function to théetup
sible worlds. The objective function is constructed by gsinFor each tuple, the confidence values of all the alternasives
Satisfaction Degree Functions (SDF). Subsequently, based!© 1. On the other hand,@ossible worlds a relation generated
the sample result, we remove duplicates, re-normalize tR¥ Selecting exactly one alternative for each tuple. This, t
probabilities of all the qualified possible worlds, and cartep total number of possible worlds for an uncertain relation is

the posterior probabilistic database. the product of the number of alternatives of all the tuples. |
addition, each possible world has an associated probabilit
C. Our Contributions which is the product of the probabilistic confidence valués o

all the selected alternatives. Therefore, uncertainiogiatare

finite sets of possible worlds with probability weights. et

« To the best of our knowledge, we propose the first sthat the probability weights of all the possible worlds swm t
lution to cleanse uncertain databases based on aggredat€onsequently, an uncertain relation can be interpreteal a
constraints. probability distribution over all the possible worlds.

o In our exact approach, we construct a generation tree ofFormally, an uncertain relation is a finite set of structures
possible worlds and then employ the branch-and-boutl= < A", ..., A, ', p1 >, ..., < A", ..., A", p,, > such that
technique to prune the tree to efficiently enumerate &l p; = 1, where 4;,° is an alternative for tupld’, in the
the qualified possible worlds. possible worldpw; =< A1, ..., Ax* >. p; is the probability

The contributions of our study are as follows:



of pw; and0 < p; < 1. Each tupl€l; is a set of its alternatives, 1) Sorting and Bounding AlternativesiVe first sort and
which can be denoted a%,, ..., A4,,. Besides, each alternativebound all the alternatives for each tuple for the subsequent
A, is a structure of< x,conf(x) >, wherez is a value branch-and-bound process. We enumerate all the alteesativ
and conf(z) is the probabilistic confidence associatedzto for each tuple and arrange them from left to right in the
In particular, we havey, = [] conf(z) (i.e., tuples are generation tree by ascending order.

TEPW;
assumed to be independent ofpeach other). 2) Branch and BoundBranch-and-bound [16] is a strategy
developed for solving discrete and combinatorial optiriira
B. Aggregate Constraints problem. With the branch-and-bound approach, in the gener-

) ) ) ation tree of possible worlds, at any nodgif some ofn’s

As discussed before, our solution of cleansing uncertaiycendants cannot generate a qualified possible world, the
databases takes advantage of aggregate constraints vemchitanches of those descendants can be pruned. Consequently,
be obtained from various data sources, e.g., aggregat#sresy onoygh branches of the generation tree can be pruned, the
are often published online for statistical purposes. Is paper, complexity of the problem of traversing the generation tree
we focus on the four SQL aggregate operations: SUM, MAXye gramatically reduced. Take the generation tree in Figure
MIN, and AVG. We denote an aggregate constrdiftwith g an example. When the branch-and-bound approach is ap-
the following form:< C; = R, T’ a,b > whereR is the subset pjieq the actual search space for the constraidt < SUM
of data (tuples) that the aggregate constraint is applied’on < 70 ¢ can represented as Figure 2. Since the generation tree

is the type of aggregate, andandb are the lower and upper .65 exponentially with a large-scale database, we ptesen
bounds of the constraint, respectively. the exact approach mainly for demonstrating the concept. We
Definition Given a set of aggregate constraints, denoted,as focus on the following two approximate approaches in this

a possible worldis defined to be qualified with respect @ PaPer:
if this possible world satisfies every constraintGh

Ill. EXACT APPROACH BRAND-AND-BOUND /\\

A. The Generation Tree of Possible Worlds X720 X=3‘° X0
In our model, uncertain databases are finite sets of possit y=30 y=30

worlds with probability weights. Thus, if we denote eact /\

tuple as arandom variable each alternative of a tuple can =10 220 z=

be considered as an assignment to the corresponding rand
variable. Consequently, a possible world can be mateeidlizFig. 2. The actual search space by applying branch-andebstrategy with
if we assign values to all the random variables (tuples). A"® ag9regate constraifio K’ < SUM < 70K.

shown in Figure 1, all the possible worlds for a specific

uncertain database can be enumerated by a generation f IV. APPROXIMATE APPROACHES NONLINEAR

of possible worlds. Figure 1 illustrates the generatiore tre OPTIMIZATION PROBLEM

of possible worlds for the employee database, where all tt

nossible worlds are enumerated In our approximate approaches, we investigate the problem

of cleansing uncertain databases based on aggregate con-
straints from the nonlinear optimization problem’s pertpe.
At first, we define the satisfaction degree functions to dbscr

root the extent to which a specific possible world satisfies aggesg

\ constraints. Then we derive the objective function by inte-
30 4o w70 390 grating satisfaction degree functions with the probabsitof

/// //\ /‘ \ \\\ possible worlds. By maximizing the objective function ggin
y=30 y=80 y=60 y=30 y=80 y=00 y=30 y=80 y290 y=30 y:80 y=90 simulated annealing and evolutionary algorithm, we collec
those possible worlds with higher values of the objective
/\\ ////\\ function. In this paper, we consider the four SQL aggregate

7z=10z=20 z=90 z=102=202=90 ...... ... 7z=10z=20 z=90 z=10 z=20 z=90 operations: SUM, MAX, MIN, and AVG.

Fig. 1. Th tion tree of ibl Ids. . . . .
9 © generation tree of possible worlds A. Satisfaction Degree Functions of Constraints

For each constrain€;, we define the satisfaction degree
function SDF¢, to evaluate the extent that an aggregate con-
straint is satisfied. For example, assume that a SUM aggregat

In order to decrease the size of the generation tree, wenstraint has a satisfying range af{] (if the aggregate is
use the branch-and-bound technique to prune the entirehsealAX, MIN or AVG, the procedure is similar). Although any
space according to the given aggregate constraints. value within this range is qualified, in order to describe the

B. Traverse the Generation Tree by Branch-and-bound



extent to which a possible world satisfies this sum aggregate

we assume that the function has the highest satisfactioredeg OF (pw;) = p; - H SDF¢,(pw;)
when the value is aég—b. On the other hand, the satisfaction CieC 6
degree is extremely low for any value a or > b. _ H conf(z) H SDFo (puy) (6)

One possible solution is the exponential function, as shown
in Equation 4, wherer is the aggregate result based on the
possible worldpw, andC; denotes the constraint< SUM < C. The Simulated Annealing based Approach

b. If the aggregate value is &° thenSDFc, (pw) =1.The  are e elaborate on our simulated annealing based ap-
values goes down when the value deviates fi&f. Z is a roach. Simulated annealing [17] is a widely used algorithm
normalization factor, which can be tuned based on the COACIeyr nonlinear optimization problems. It is well-known, how
aggrggate constraint. Figure 3 illustrates the satisgfacegree ever, that SA algorithm does not keep track of any previously
function for the sum constraifi00000 < SUM < 700000,  gccepted states, i.e., it only stores the latest state isdioéion
wherea = 300000, b = 700000 andZ = 100000. Specifically, gnace Therefore, in our design we modified the SA to keep
in Figure 3, the red lines represent the lower and upper Boun, . of each state (possible world) once accepted by SAnFro
of the SUM aggregate constraint. the perspective of sampling, each state in the resultindar
chain constitutes a possible world.

SDF¢,(pw) = exp—Z'W—aT“’\ (4) 1) Naive Simulated Annealingn SA, each step replaces
the current solution by a random perturbation mechanisra. Th
probability of making the transition from the current state
s to a candidate new staté is specified by an acceptance

rEPW, c;,eC

ol probability function P(s,$,T). If the new states is better
097 than the current state then the system will move to the new
0.8 state with a probability of 1. On the contrary, if the new stat
o7y $ is worse than the current statethen the system will move
L% to the new staté with a probability of P(s, $,T"), which will
3 057 be in the range of [0,1], meaning that the system may move
0.4f to the new state even when it is worse than the current one.
03} This strategy prevents the method from been trapped in & loca
0.2} minimum.
0.1/ K On the other hand, the temperature is gradually reduced as
s o - I : the search proceeds. Initially; is set to a high value, and it
Sum value x10° is decreased at each cooling cycle. WHers close to zero,

the probability P(s, $,T) tends to zero. To be specific, for a
Fig. 3. The satisfaction degree function for the constraa000 < SUM smaller values of”. the system will decreasingly favor moves
< 700000. ’
that go to a worse state. Whén becomes 0, the procedure
o _ will reduce to the greedy algorithm.
B. Objective Function 2) The Markov Chain of Possible World# our improved

In this subsection, we formalize the objective function b§imulated annealing, we extend the naive simulated amgeali
integrating the satisfaction degree functions with thebpinl- {0 keep track of each state once accepted by the system to
ities of possible worlds. The computation of the probapilitmaintain a Markov chain of possible worlds, i.e., each atemp
for a possible world can be represented as Equation 5, whéfate at each move is added to the end of the current state
pw; is a possible worldz represents an alternativeyn f (z) chain. The resulting Markov chain of possible worlds (fate
denotes the confidence of the alternativeand p; represents will be used to derive the posterior probabilistic database
the possibility ofpw;. Based on Equation 5, the probability 3) The Perturbation StrategyBecause each possible world
of a possible world is the multiplication of the confidencegan be treated as a very high-dimensional vector, whose
of all the alternatives in that possible world. As a resulflimensionality is equal to the number of tuples in the data
the Objective Function (OF) opw,; can be computed assSet, we need to devise an effective scheme to generate the
Equation 6, where' denotes the set of aggregate constraintgerturbation on the current state (sample). In our desfgme i
In the following sections, we employ simulated annealing afhave the current state & = (X1, X», ..., X,,), the proposal
evolutionary algorithm to maximize this objective functio StateS;” will be generated as follows:
while keeping track of all the collected samples at the same, Randomly select a column (tuple) to be changed for the
time. next move;

o Randomly select an alternative for that column;
p; = H conf(z) (5) o Replace the current alternative with the selected alterna-
wEpws tive for that column.



Algorithm 1 Simulated Annealing Based Approach selection to gradually evolve the population of solutions t
1: Load the original uncertain database into the main memory; maximize the objective function.

gf ggfg‘rza‘etetf‘tﬁ;?ﬁg?%tzcm” of the Markov chain of nossible . L) Encoding of Individuals and Constraintdo implement

"~ worlds by randomly se?;l(t:)tli’ng one alternative for eacr? tuple the evo!utipnary algorithm, we need to choose a repre.sr'..er?tat
4 for T = Initial temperature to Final temperatude for the individuals (solutions). For our problem, each uidH
5. for cycle =1to MAX_NUM do ual corresponds to a possible world of the uncertain dagabas
6: Generate a random integebetween 1 and the total numberconsisting of alternatives (one alternative per tuple).

_ of tuples in the uncertain database; . . 2) Fitness Evaluation:in our evolutionary algorithm, the
; gigg?g:éy g'c:eyvp ggsgilgeléni\tlg‘ﬁé;?’r tgf ]:eplt;gl:é the fitness function is defined as the objective function as shown

corresponding alternative for the" tlL.lple with alt; in Equation 6.
o: if OF (pw;) > OF (pw;) then 3) Evolution Process:
10: Add pw; to the end of the Markov chain of possible , parent selectionDuring parent selection, individuals that
" elsvgorlds as the next state; are allowed to mate and create offspring will be selected
12: Generate a random numbgrbetween 0 and 1: from the current _popul_ation. We e_n_1p|oy a tournament-
13 if p < expf«)F(pmefOF(pw’-» then b_ased selection, in Whlgh two |n_d|V|duaIs are _ran_dpmly
14: Add puw! to the end of the Markov chain of possible picked from the populatll(_)n at a time and each individual
worlds as the next state: holds the same probability to be selected.

15: else « Crossover Crossover is used to create new individuals
16: Add pw; to the end of the Markov chain of possible in unexplored regions of the search space. It takes two
. en\év?frlds as the next state; parents and combines them into two children. Here, we
18 end if opt for a classical one-point crossover operator. One pivot
19: cycle++; gene is randomly selected and the two parts around it
20:  end for are swapped between the two parents to generate two
21: T =T x Cooling_factor; children.
22: end for

o Mutation Mutation is aimed at exploring the neighbor-
hood of an individual, compared with crossover whose
goal is to produce big jumps in the search space. To
4) Algorithm Description: The details of the simulated  perform mutation for an individual, we first randomly

annealing based approach is illustrated in Algorithm 1. In  gglect a gene (tuple) in that individual, then select at

AlgOI’Ithm 1, line 1 to 3 load the Original uncertain database random an alternative for that Speciﬁc gene, and f|na||y

set up the cooling factor and then generate at random the replace the gene with the selected alternative.

starting state of the Markov chain of possible worlds. Line , syrvival selectionWe employ an elitist selection strategy
4 to 22 generate the entire Markov chain of possible worlds jn our evolutionary algorithm. Once we get offspring,

while the temperature keeps decreasing. Line 5 to 20 produce e compare them with all the parents and survive the
MAX_NUM states for the Markov chain at each temperature  ndividuals with higher fitness values.

level. L|n_e 6 to 8 generate the next state_ ac_cordlng _to our4) Algorithm Description: Our steady-state evolutionary
perturbation st_rategy. If the value of the objective fuoctdf algorithm based approach is formalized in Algorithm 2. Line
the new state is larger than that of the current state, th&® sty 1 3 |5ad the original uncertain database and initialize th
the new state at the end of the Markov chain as shown in ligg, |ation size and the total number of generations. Then i

9 to 10. Otherwise, we compute the acceptance probabilify, g generate the first generation of the population at rando
and accept the new _state as the ngxt _state with the C(_)mplﬂ?fhe entire solution space. Line 7 to 16 produce el X -
_acceptance probability, as shown in fine 12 to 16. Line generations of the population. Line 8 to 11 choose parents
increments the cycle numl_)er. Line 21 cools dqwn the curr a tournament-based selection and conduct crossover and
temperature for constructing the Markov chain at the ne utation on them to generate offspring. Then we compute the
temperature level. values of the objective function for all the parents and the
children and only survive the tof individuals for the next

] ) _generation as shown in line 12 to 14. Line 15 increments the
Evolutionary algorithms [18] are based on a populatiofeneration number.

of individuals that evolve based on natural selection and

mutation. Each individual, representing a candidate &miyt V. POSTERIORPROBABILISTIC DATABASES

competes with its siblings based on the fitness function.By using simulated annealing or evolutionary algorithm to
Evolutionary algorithms have been proven to be efficiemtalk on the solution space randomly, we are able to obtain
on optimization, modeling, and simulation problems. In ou collection of samples (possible worlds). Afterwards,egiv
evolutionary algorithm based approach, we treat the olkigectall the samples, we remove duplicates from them, re-noz@ali
function, as shown in Equation 6, as the fitness function, attte probabilities of all the qualified possible worlds, amrdize
then use the steady-state evolutionary algorithm withiselitthe posterior probabilistic database at last.

D. The Evolutionary Algorithm based Appraoch



Algorithm 2 Steady-state Evolutionary Alg. Based Approach. Calculation of the Marginal Distributions of Tuples
1: Load the original uncertain database into the main memory;

2: Initialize the population sizeS$; After we have obtained the possible worlds in the poste-
3: Initialize the total number of generations/ AX’; rior probabilistic database with their probabilities, feach
4: for =110 5 do alternativea of each tuple, we summarize the probabilities of

5:  Generate an individual (possible worlg)y;, by randomly se-

lecting an alternative for each tuple in the uncertain dataeb each poss_lble world w_herceemsts_ FO _compute the_conﬂdence
6: end for value ofa in the posterior probabilistic database, i.e., compute
7: for generation = 2 to MAX do the marginal distributions for each tuple. Consequentlg, w
8 fork=1to% do ~can obtain the posterior probabilistic database. Using the
9: Ra“dgnmdw select two parents from the current generatiogmployee database as an example, we can obtain its posterior
PWm PWn; P . .
10 Generate two childrenpw!, and pu, by crossover and probabilistic databasg as shown in Table [I. Compared Wlth
mutation onpw., andpwn,: Table I, the database in Table Il contains much less unogytai
11:  end for In particular, the tuple for the employee "Bob” has been

12:  ComputeOF (pw) for all the parents andF(pw’) for all cleansed from a non-deterministic one to a deterministe on
the children, respectively;
13:  Survive the topS individuals with the highesO F' value;

14:  Store the selectefl individuals as the population for the next VI. EXPERIMENTAL VALIDATION
generation;
igi gi{bemtwnﬁ? We implemented our simulated annealing and evolutionary
: end for

algorithm based approaches in GNU C++ to evaluate their
performances. The experimental results are reported & thi
. o section. We varied the cooling factor, the number of genera-
A. Confidences Re-normalization tions, and the number of tuples to obtain their effects on the
Suppose we have a qualified possible wogld,,,, and its running time. We used synthetic data sets for our experisnent
probability in the prior probabilistic database can be dedo where each tuple is assumed to have two alternatives and each
asp(pw,,). To compute the probability gfw,, in the posterior alternative is a random integer within the range[@f100].
probabilistic database, which is denotedpé@w,,), we can For each experiment, to make the aggregate constraints con-
obtain sistent with our uncertain data sets, we assumed that the
sum aggregate constraint can be denotedtas N < SUM
< 70 x N, where N represents the number of tuples in the
/ _ plpwwn) plpwnm) . . - o
P (pwm) = ~ (7) corresponding experiment. In addition, to show the schigbi
ZVPWGAp(pw) ZprGSp(pw) of our approaches, we varied the number of tuples in the
where A denotes the set of all the possible worlds whickynthetic data sets fromX to 1)/. For the experiments
satisfy all the constraints and denotes the set of all theon simulated annealing, we varied the number of the state
sampled possible worlds which satisfy all the constraintg¢cepted at each temperature level from 100 (SA (100)), 200
respectively. (SA (200)) to 500 (SA (500)). For the experiments on the
Taking the employee database as an example, supposeewelutionary algorithm, we changed the population sizenfro
have a SUM aggregate constrafiitk’ < SUM < 70K. Then 100 (EA (100)), 200 (EA (200)) to 500 (EA (500)). We ran
there are three qualified possible worlds, x = 20,y = each experiment 100 times to obtain the average values. All
30,z = 10 >, < = = 20,y = 30,z = 20 > and the experiments were conducted on a computer with an Intel
<z = 30,y = 30,z = 10 >. Their probabilities in the Core2 Quad CPU (Q9400 2.66GHz).
prior probabilistic database ar@4 x 0.7 x 0.3 = 0.084,
0.4 x 0.7 x 0.6 = 0.168 and 0.1 x 0.7 x 0.3 = 0.021,
respectively. After re-normalization, their probabésgiin the

A. The Simulated Annealing based Approach

posterior probabilistic database afes: = 0.308, 9352 = 1) The Impact of the Cooling Factortdere we evaluated
0.615 and 3921 = 0.077. the performance of SA (100), SA (200) and SA (500) by
varying the cooling factor. We assumed the number of tuples
[Employee [ Salary (unitk) | Confidence | to be 100K. As Figure 4(a) demonstrates, when we raised the
Alice 20 0.923 cooling factor, all the running time of SA (100), SA (200)
Alice 30 0.077 and SA (500) kept increasing. For example, the running time
[Bob [ 30 [1 | for SA (500) was 29.820 seconds at the cooling factor of 0.8
Charles 10 0.385 while the running time for SA (500) jumped to 60.779 seconds
Charles 20 0.615 at the cooling factor of 0.9. The reason is that the higher the
TABLE |I cooling factor is, the more slowly the algorithm cools down.
THE CLEANSED(POSTERIOR PROBABILISTIJEMPLOYEE AND SALARY  In other words, with a higher cooling factor, the algorithm
DATABASE. will construct a longer Markov chain of possible worlds in

the entire solution space .



2) The Impact of the Number of Tupldst this experiment, is intrinsically highly correlated. Therefore, ignoringich
we varied the number of tuples to investigate its effectshen tcorrelations can result in highly inaccurate query results
running time of SA (100), SA (200) and SA (500). We set the 2) Correlated Tuples Model:By using a probabilistic
cooling factor as 0.9. As demonstrated in Figure 4(b), witraphical model, Sen et al. [19] present a framework to in-
the increase of the number of tuples, the running time of S#vrporate tuple correlations. However, their proposechotbt
(100), SA (200) and SA (500) was increasing near linearlyequires that dependencies and independencies betweets eve
Particularly, when the number of tuples is 50K, the runningnd conditional probabilities are known. In addition, the
time for SA (500) was 30.469 seconds. When the number teichnique based on graphical models tends to be highly
tuples increased to 1M, the running time for SA (500) enldrgeénefficient when an uncertain data set is obtained by queries
to 718.486 seconds. on U-relations because the corresponding graphical model

. . will be flat and lead to a high width. Furthermore, graphical

B. The Evolutionary Algorithm based Approach models are not easily integrated in the current query etialua

1) The Impact of the Number of Generationsfe studied mechanisms developed for the table based representation.
the performance of EA (100), EA (200) and EA (500) on
the running time by varying the number of generations froB. Conditioning Uncertain Databases
100 to 2000. For each experiment, we assumed the number

tuples to be 10K. Figure 5(a) illustrates the results. Wita tsible worlds (and finally, the query results) on uncertain

enlargement of the number of generations, all the runnimg ti ) : L
o A (100), EA (200 anc EA (500 levaed accontng{1202562 Koch s131 )geine s ponermancitonng,
::Lj)r:nligztiri]r%z %?GE Afh?S(r)](l)J)m\?vears 0;5828“1%2%? g%o't;%)l%en constraints V\_/iII_ be dele_ted and queries are evaluated
contrary, when the number of generation raised to 2000 tﬂgly over the remaining possible worlds. Unfortunatelystpa
running ’time for EA (500) increased to 288.022 Secor’]dresearch on conditioning only focus on functional depenygen

. L . owever, within the database field, mostesfidence®xist in
The reason is that when the number of generations increasgs

the algorithm needs more time to evolve through all the form of aggregate result;, e.g., related gggregatétsesu
generations are often published by the third party for statistical plegsm

2) The Impact of the Number of Tupldsext, we increased IEZrnesfi%rge’ (l:r;) d(;ltji;gr))auprféér\t/;ien %r;g(;z(;etshrt?aesezp%faa%eégf
the number of tuples from 5K to 500K to investigate th%onstraints
performance of EA (100), EA (200) and EA (500) on the '
running time. We assumed that the number of generatioes
was 100. As demonstrated in Figure 5(b), when the number of
tuples increased, all the running time extended dramétidal Karp et al. [20] present the original work on confidence
particular, the running time for EA (500) was 84.987 secon@®mputation using monte carlo approximation techniques. O
when the number of tuples was 50K. On the other hand, tierk can be considered as an attempt to follow this method-
running time for EA (500) increased to 885.003 seconds whetpgy within the database field. In particular, our approien

the number of tuples was 500K. The reason is that with tlagproaches employ a monte carlo walk to sample possible
increase of the number of tuples, the chromosomes becow®lds from the entire solution space via simulated anngali
longer. Then more time is needed to finish each phase asfd evolutionary algorithm.

the evolutionary algorithm (i.e., parents selection, soosr,

mutation and survival selection). VIIl. CONCLUSIONS

VIl. RELATED WORK AND BACKGROUND KNOWLEDGE In this paper, we present three approaches to cleanse

. . . . uncertain databases based on aggregate constraints.sBecau
In this section we review previous works related to oyt o problem is NP-hard, we focus on the two approximate
approaches of cleansing uncertain databases. '

approaches, which utilize simulated annealing and eauti
A. Uncertainty Model ary algorithm to maximize objective functions. Subseqglyent

. . . based on the samples, we remove duplicates, re-normaéze th
Here we introduce the relation models which have begfl,\, pijiies of all the qualified possible worlds, and cartep
proposed to handle uncertainty in database systems. b 9 b ’

. th teri babilistic database. O i the
1) Independent Tuples ModelThe independent tuples © POSTerior probablistic database. LUr experimentiesu

rode10] 1112, (3] [0 makes il and et o0 % S0y o efecuences o aerimsr
assumption that each tuple is completely independent an

thus, the resulting possible world interpretation lendghlyi
intuitive and precise semantics for query evaluation oveeu
tain databases. This independence assumption, howewer, marhis research has been funded in part by the National
be problematic because many applications naturally prdugcience Foundation grants CNS-0831502 (CT), CNS-0855251

correlated tuples. Besides, data generated by sensor mstwdCRI).

O,&dditional constraints may affect the distribution of pos-

Monte Carlo Approximation Techniques
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