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Abstract We summarize here recert researd on obtaining consistert informa-
tion from inconsistent databases. We describe the underlying semartic
model and a number of approachesto computing consistert query an-
swers. We conclude by outlining further researd directions in this area.
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Background

We are concernedhere with relational databasesand knowledgebases.
A datalaseconsiststhus of facts and integrity constraints. A knowledge-
base can additionally contain rules (not necessarilyHorn).

A knowledgebaseis inconsistent if it implies, in the classical sense,
ewvery formula, leading to the trivialization of reasoning. An inconsis-
tent knowledgebasehas no model and thus can hardly be viewed as a
represertation of the real world. However, inconsistencyis a common
phenomenonin knowledgebasesand databases. This apparert paradox
can be explained by observingthat the stored information is not neces-
sarily correct and complete

Inconsistency is often viewed as a defect, to be avoided at all costs.
Knowledgebasesare assumedto be consisteri, with their consistency
presened by updates. Moreover, di®erent forms of nonmonotonic rea-
soningor truth maintenancemake surethat inconsistenciesdo not occur
during reasoning.
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Example 1 The Closed World Assumption (CWA) [49] is a form of
nonmonotonic reasoningthat infers : L for every atom L not implied by
the knowledgelase. CWA preservesthe consistencyof the knowledgelase
if the latter contains only atomic facts and Horn rules. In the presene
of disjunction, however, it is well known that CWA can lead to incon-
sistencies. Consider the knowledgelasep _ g. It does not imply p or g
separately, and therefore CWA derives: pand: g. But fp_q;: p;: qgis
an inconsistent set of formulas. Consequently, weaker versions of CWA
were studied [45].

In relational databases, inconsistenciesappear as violations of in-
tegrity constraints by the current database instance (a set of facts).
This can be viewed as an instance of the more generallogical notion of
inconsistency under the Closed World Assumption. Database systems
typically preventsud violations by cancelling the o®endingupdates to
the database. Another possibility is to revise the databaseby resolving
inconsistencies.

Example 2 Assumea datakasecontains a fact p and an integrity con-
straint : p_ : g. Inserting g leads to an integrity violation. A typical
DBMS would reject the insertion. Another option is to replae p by p_q
but that requires moving to a richer representational frameworkin the
form of disjunctive databases[53], which is beyond the capabilities of
real DBMS today.

However, preseni-day databaseapplications have to considera variety
of scenariosin which data is not necessarilyconsisten. Integrity viola-
tions may be due to the presenceof multiple autonomousdata sources.
The sourcesmay separately satisfy the constraints, but when they are
integrated the constraints may not hold. Moreover, becausethe sources
are autonomous, the violations cannot be simply xed by removing the
data involved in the violations. Integrity constraints may also fail to be
enforcedfor exciency (e.g., denormalization) or other reasons. Finally,
it may often be the casethat the consistencyof a databaseis only tem-
porarily violated and further updates or transactions are expected to
restoreit. In all such casestraditional approacesto dealwith integrity
violations fail, and a new approad is required.

Consisten t query answers

Bry's approac h

Bry [13]was the rst to note that the standard notion of query an-
swer needsto be modied in the cortext of inconsistert databases. He
proposedthe notion of a consistent query answer{ a query answer that
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is una®ectedby integrity violations present in the database. The set
of such answers forms a consenative estimate of the reliable informa-

tion content of a database. Bry's proposal does not require that the

databasebe modi ed to remove the inconsistenciesand thus is suitable

to the scenarios,outlined above, in which the removal of inconsistencies
is impossibleor undesirable.

Bry's de nition of consistert query answer is basedon provability in
minimal logic and expresseshe intuition that the part of the database
instance involved in an integrity violation should not be involved in the
derivation of consistert query answers. This is not quite satisfactory, as
onewould like to have a semartic, model-theoretic notion of consisten
guery answer that parallels that of the standard notion of query answer
in relational databases. Moreover, the data involved in an integrity
violation is not entirely uselessand some reliable partial information
can be extracted from it.

Example 3 Assumethat an instance of the relation Student is as fol-
lows:

Name Address
Smith  Los Angeles
Smith  New York

Assume also that functional dependencyName ! Addressis given.
In Bry's approach, no positive information can be derived from this in-
consistent datakase, although such information is clearly present, for
example,we know that there is a student named Smith, and that Smith
lives in Los Angelesor New York.

The crucial obsenation to addressthe shortcomingsof Bry's approac
is as follows: even in the above simple example there is more than one
minimal way to restore the consistencyof the database. Therefore, all
such ways should be considered. This brings us to the realm of belief
revision [29]whereminimal changehasbeenextensively studied. Choos-
ing model-theoretic revision operators can alsoyield the desiredsemariic
de nition of consistert query answers. Theseinsights form the basis of
the approadc of Arenas, Bertossiand Chomicki [2], discussedbelow. The
paper [2] provided a framework on which most of the subsequeh work
in this areais based. We discussit in detail next.

Repairs and query answers

We assumea Xxed relational databasestema and a set of integrity
constraints | C over this schema. We say that a databaseinstancer is
consistent if r 2 | C in the standard model-theoretic sense(i.e., IC is
true in r), and inconsistent otherwise.
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Definition 4 Given a datalase instance r, we denote by §(r) the set
of formulas fP (&)jr 2 P(&)g, where the P is a relation name and & a
ground tuple. §(r) is a set of facts corresmpnding to the instancer. The
distance ¢( r;r9 between instancesr and r%is the symmetric di®erence:

¢(r;r)=(8(r)i 8(rN[ B(rYi 8(r):

For the instances r;r%r9% r0. . r9if ¢(r;rQ pu ¢(r;r%, ie., if the
distance between r and r%is lessthan or equal to the distance between r
and r%

Definition 5 Given datatase instances r and r® we say that r%is a
repair of r if r%is consistent (r°2 IC) and r%is - \-minimal in the class
of consistent datatase instances.

Example 6 Suppsethe resultsof an election in which two candidates,
Brown and Green are running, are keptin two relations: BrownVotes
and Green\otes

BrownVotes GreenVotes
County Date  Tally County Date Tally
A 11/07 541 A 11/07 653
A 11/11 560 A 11/11 780
B 11/07 302 B 11/07 101

Vote tallies in every county should be unique: thus the functional de-
pendency County ! Tally should hold in both relations. On the other
hand, we may want to keep multiple tallies correspnding to di®erent
counts (and recounts). Clearly, both relations will have two repairs, de-
pending on whetherthe rst or the second count for county A is picked.
Soovenall there are 4 remirs of the entire datatase.

To de ne consistert answers to queries de ned in some query lan-
guage,we assumethat this languagehasalready a well-de ned notion of

tuple is a query answer. We de ne by ansq(r) the set of all answersto
a query Q in aninstancer.

Definition 7 [2] Assumethe set of all answersto a query Q is a k-ary
relation. A k-tuple t is a consistert query answer to Q in an instance r
(in symmls: t 2 cnsq(r)) if for everyrepair rof r, t 2 ansq(r9.
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Example 8 Returning to Example6, we can see that the only consistent
answerto the query:

SELECT
FROMrownVotes

is the tuple

(B 11/07 302 |

since the remaining two tuples are in con®ict and will not appear in
every repir.
Similarly, the only consistent answerto the query

SELECTCounty
FROMBrownVotes
WHERERally > 400

is A. Note also that the latter answeris not obtained if the con®icting
tuples are blockel in the derivation of consistent answers(as in Bry's
approach).

From the belief revision point of view, the problem addressedhere is
that of revising the databasewith the integrity constraints. The def-
inition of repair (De nition 5) follows Winslett's semartics [57]. The
notion of consistert query answer (De nition 7) correspondsto the no-
tion of counterfactual inference in that semarics. We note, howe\er,
that researd in belief revision has addressedmostly revising arbitrary
propositional theorieswith propositional formulas and focusedon the se-
mantics of revisedtheories. On the other hand, the relational database
cortext requiresa rst-order approac but assumesa restricted form of
the revised theory which is just a set of facts. The latter restriction
makes possiblean excient derivation of consistert query answers even
for large databases.

Note. A literal is of the form P(x1;:::;Xk) (a positive literal) or

will denote by L; literals and by A a quarti er-free formula containing
only built-in predicates. We consider the following classesof integrity
constraints:

= universal constraints: 8 (L1 _ ¢¢¢_ L, _A) (binary if n = 2);

= denial constraints: universal constraints with only negative liter-
als;

= inclusion dependencies:8 (L1 _ 9 L), wherelL; is a negative and
L, a positive literal.
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Functional dependencies(FDs) are a special caseof denial constraints.

Example 9 Consider a relation Studentwith two attributes Name and
Address. The (key) functional dependency Name ! Address can be
written as the following denial constraint:

(8x)(8y)(8z)(: Student(x;y) : Student(x;z) _y= 2):

Computing consistent query answers

We discusshere a number of di®erernt mecanismsfor computing con-
sistert query answers. Note that De nition 7 suggeststhat consisten
guery answers can be computed by evaluating the given query in every
repair of the given database. Howewer, this approac is not practical
becausethere may be exponertially many repairs even in very simple
cases.

Example 10 Consider the functional depndencyA ! B over R and
the following family of instances of R, each of which has 2n tuples (rep-
resentel as columns):

Alag a3 ap ap ¢ a, an

Bl bh b by ¢¢ by by

Each instance has 2" repairs.

Query rewriting

Query rewriting is basedon the following idea: Given a query Q and
a set of integrity constraints, construct a query QU such that for every
datatase instance r the set of answersto Qin r is equal to the set of
consistent answersto Q in r.

Query rewriting was rst proposedin [2] in the context of the domain
relational calculus. The approad presened there wasbasedon concepts
from semaric query optimization [15], in particular the notion of a
residue

Residuesare assaiated with literals of the form P (%) or : P (X) (where
% is a vector of di®erer variables of appropriate arity). For ead literal
P (%X) and ead constraint containing : P (X) in its clausalform (possibly
after variable renaming), a local residueis obtained by removing : P (%)
and the quarti ers for X from the (renamed) constraint. For ead literal
: P(%) and ead constraint containing P (%) in its clausalform (possibly
after variable renaming), a local residue is obtained by removing P (%)
and the quarti ers for x from the (renamed) constraint. Finally, for
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ead literal the global residueis computed asthe conjunction of all local
residues(possibly after normalizing variables).

Example 11 The functional dependency
(8x)(8y)(8z)(: Student(x;y) _ : Student(x;z) _y= 2)
produces for Student(x;y) the following local and glokal residue
(82)(: Student(x;z) _y= 2)

The rewritten query is obtained in sewral steps. First, for every
literal, an expanded version is constructed as the conjunction of this
literal and its global residue. Second,the expansionstep is iterated by
replacing the literals in the residueby their expandedversions,until no
changesoccur. Finally, the literals in the query are replaced by their
“nal expandedversions.

Example 12 Under the functional dependency
(8x)(8y)(8z)(: Student(x;y) _ : Student(x;z) _y= 2)
the query Student(x;y) is rewritten into
Student(x; y) * (8z)(: Student(x;z) _y = 2):
In this case, the expansion stepis iterated only once.

The above approad is applicable to binary integrity constraints and
gueries that are conjunctions of literals [2]. For more general queries
it is incomplete: The rewritten query does not necessarilyproduce all
consistert answers. For somenon-binary constraints, the rewriting may
fail to terminate.



A 11/07 541

|B 11/07 302

[A 1111 560 |

Figure 1.  Con°®ict graph

Clearly, the query-rewriting approac is applicable to SQL queries
corresponding to the above classof relational calculus queries.

Example 13 In the datatase of Example 6, the query

SELECT
FROMrownVotes

is transformdal to:

SELECT
FROMBrownVotes B1
WHEREROTEXISTS
SELECT
FROMBrownVotes B2
WHERB1.County = B2.County
ANDB1.Tally <> B2.Tally.

This opensthe possibility of using SQL enginesfor computing consisten
guery answers. In that way, very large databasescan be handled.

Con®ict graphs

Although the set of repairs of a databaseinstance may be of exponen-
tial size,it canoften be compactly represened. For functional dependen-
cies, it is very natural to de ne the con’ict graph of the given instance,
whose vertices are the tuples in the instance and the edgesrepresert
con’icts betweentuples. Repairs correspond to maximal independen
setsin the con®ict graph.

Example 14 The con®ict graphof the instance of the relation BrownVotes
from Example 6 is represental in Figure 1.

We show herea nondeterministic algorithm [17, 16]for chedking whether
true is a consistert answer to a ground query © in an instancer of a
relation P. We assumethat the sertence © is in CNF, i.e. of the form
©= 0" " :::©), whereeat ©; is a disjunction of ground literals.
© is true in every repair of r if and only if ead of the clauses®; is true
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in every repair. Soit is enoughto provide an algorithm that will chedk
if for a given ground clausetrue is a consistert answer.

It is easierto think that we are cheding if true is not a consisten
answer. This meansthat we are cheding whether there exists a repair
in which : ©; is true for somei. But : ©; is of the form

Pi)APH) APt~ P(tms) A i P

where the t;'s are tuples of constarts. (We assumethat all facts in the

The nonderministic algorithm selectsan edgeE; in the con®ict graph
for everyj, sudthat m+1- j - n,t 2 r,andtj 2 Ej, and constructs
a set of tuples S, such that

[
S=ft;ntng | (Ej i ftjo)

m+1-j- n;tj2r

and there is no edgeE 2 G-, suchthat E p S. If the construction of S
succeedsthen a repair in which : ©; is true can be built by addingto S
new tuples from r until the setis maximal independen.

The algorithm is also applicable to denial constraints that generalize
functional dependencies.In this casethe notion of con®ict graph is re-
placedby that of con®ict hypergraph. The algorithm canbe extendedto
deal with nonground queries,too [18]. Howewer, it is still not applicable
to querieswith quanti ers or generaluniversal constraints.

Typically, the number of con®icts in a databaseis not large, and thus
the con’ict graph doesnot require much spaceand ts in main memory.
In such a case,the above approad is practical even for large databases.

Logic programs

Another approach to computing consistert query answers relies on
logical speci cation of repairs [3, 5]. A logic program (with disjunction
and classical negation) | 1 is constructed on the basis of the given in-
tegrity constraints and databaseinstance. Repairs correspond to answer
sets[30] of this program. A query is also represerted using a logic pro-
gram | , with a distinguished query predicate. The query atoms that
belong to every answer set of the program | 1 [ | 2 provide consisten
guery answers. We demonstrate this construction through an example.

Example 15 Consider Example 3 In this case, the logic program | 1
contains the facts

Student(°Smith® Qos Angeled):
Student(’Smith® New York9):
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as well as the following rules:

: Studentqx; y) _ : Studentqx; z) A Student(x; y); Student(x; z);y 6 z:
Studentqx; y) A Student(x; y); not : Student{x; y):
: Studentqx; y) A not Student(x; y); not Student{x;y):

Here Student® refers to the repaired version of Student. The rst rule
is respnsible for repairing integrity violations. The second and third
rules guarantee persisten@. The rst rule shouldoverride the remaining
ones. This can be accomplished, for example, using logic programs with
exeptions [38]. The rst rule will then be a higher-priority exception,
and the remaining rules { lower-priority defaults. A logic program with
exeptions can be converted into a logic program with disjunction and
classial negation [38]. Consider now any relational calculus query Q.
Sucha query can be converted to a strati e d logic program in a standard
way.

The approacd outlined above is very generalas it can handle arbi-
trary relational calculus queries and binary universal constraints. It
has beenextendedto handle inclusion dependenciesunder the assump-
tion that null valuesare allowed in repairs (which slightly changesthe
semarics of consistent query answers). A similar approac was inde-
pendenly proposedby Grecoet al. [34, 33]. That approach can handle
arbitrary universal constraints. In [8], another encading of repairs by
logic programs was proposed. That encading usesadditional predicate
argumerts to represen annotations, along the lines of [7]. The resulting
program is somewhatsimpler becauseit doesnot require classicalnega-
tion (but still usesdisjunction). In [54], speci cation of repairs using
ordered logic programs is proposed. In that formulation, disjunctions
and multiple versionsof the samepredicate are not necessary

Answer setsof logic programswith disjunction and classicalnegation
can be computed using any of the number of systemsproposedin the
logic programming community: DLV [22] or smodels [51]. Theseim-
plemenations can handle only relatively small databasesbecausethey
work by grounding a logic program and use only main memory.

The paper [23] proposesse\eral optimizations that are applicable to
logic programming approadies. One is localization of con®ict resolution,
another - encaling tuple membership in individual repairs using bitv ec-
tors, which makespossibleetcient computation of consistert query an-
swers using bitwise operators. Howewer, we have seenin Example 10
even in the presenceof one functional dependencythere may be exp-
nentially many repairs [6]. With only 80 tuples involved in con®icts, the
number of repairs may exceed10?! It is clearly impractical to e+ciently
manipulate bitv ectors of that size.
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Aggregation

Aggregationis commonin data warehousingapplications whereincon-
sistenciesare likely to occur. However, in the presenceof aggregation
operators, the notion of consistert query answer needsto be slightly
adjusted.

Example 16 Consider Example 6. The aggegation query

SELECTSUM(Tally)
FROMrownVotes

returns a di®erent answerin everyrepair. Therefore, it hasno consistent
answer in the senseof De nition 7. However, it is clear that from the
information presentin the datalase we can draw the inference that the
returned sum of tallies is not completelyunknown but rather falls between
843 and 862

The de nition below re°ects this intuition.

Definition 17 [4, 6](a) A consistent answer to an aggiegation query

Q in a datakaseinstance r is the minimal closel interval | = [a;b] such
that for every repair r°of r, the salar value Q(r9 of the query Q in r°
belongsto | .

(b) The left and right end-points of the interval | are the greatestlower
bound (glb) and least upper bound (lub), respectively, answersto Q in
r.

Soin Example 16, the consistert answer is the closedinterval [843 862].
In somecases,consistert answers to aggregation queriescan be ezx-
ciertly computed [4, 6].

Example 18 The consistent answerto the aggegation query

SELECTSUM(Tally)
FROMrownVotes

ic computed by the following query (in the syntax of SQL:1999):

WITHPartial(County,MinS,MaxS) AS
(SELECTCounty,MIN(Tally),MAX(Tally)
FROMBrownVotes
GROUBY County)

SELECTSUM(MinS),SUM(MaxS)
FROMPartial;

The computational complexity of consistert answers to rst-order and
aggregationqueriesis further discussedbelow.
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Computational complexit y

We summarize here the results about the computational complexity
of consistent query answers |2, 6, 16, 17]. We adopt the data complexity
assumption [1, 37, 55] that measuresthe complexity of the problem as
a function of the number of tuples in a given databaseinstance. The
given query and integrity constraints are considered xed.

The query rewriting approad [2]{ whenit terminates { providesa di-
rect way to establish PTIME-computabilit y of consistent query answers.
If the original query is rst-order, sois the transformed version. In this
way, we obtain a PTIME procedure for computing CQAs: transform
the query and evaluate it in the original database. Note that the trans-
formation of the query is done independertly of the databaseinstance
and therefore, doesnot a®ectthe data complexity. For example,in Ex-
ample 10 the query R(Xx; y) will be transformed (similarly to the query
in Example 12) to another rst-order query and evaluated in PTIME,
despite the presenceof an exponertial number of repairs. The logic
programming approadesdescribed earlier do not have good asymptotic
complexity properties becausethey are all basedon | g—complete classes
of logic programs [20].

The paper [16]([17] is an earlier version containing only some of the
results) identi es seweral newtractable classeof queriesand constraints.
This paper cortains the con®ict-graph-basedalgorithm presened earlier,
which can easily be shovn to work in PTIME. Another tractable class
consistsof conjunctive querieswhereall the conjuncts do not sharevari-
ablesand integrity constraints that are functional dependencieswith at
most one dependencyper relation. The paper [16] also shows that relax-
ing any of thoserestrictions leadsto co-NP-completeness.Recertly, [27]
hasidenti ed a classof conjunctive querieswith relation arity at most 2,
for which data complexity of computing consistert query answersis in
PTIME, although the answers cannot be computed by query rewriting.

The paper [6] contains a complete classi cation of tractable and in-
tractable casesof the problem of computing consistert query answers
(in the senseof De nition 17) to aggregationqueriesw.r.t. a setof FDs
F. Its results can be summarized as follows:

m For all SQL2 aggregateoperators except COUNT(A)Xhe problem is
in PTIME i®the setof FDs F contains at most one nontrivial FD

(Fj- 1.

m For COUNT(AXhe problem is NP-complete, evenfor one nontrivial
FD.
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s If F isin BCNF and jFj - 2, then the lub-answer to COUNT(*)
queriescan be computed in PTIME.

Relaxing any of the above restrictions leadsto NP-completeness.

Alternativ e repair semantics

The de nition of repair (De nition 5), while intuitiv e, is not the only
possibly one. It postulates that repairs be obtained by deleting and
inserting facts, with deletion and insertion treated symmetrically. If
denial constraints are the only constraints presen, then only deletions
can lead to repairs. Howewer, in the presenceof inclusion or tuple-
generating dependencies,insertions can also be usedto bring about the
satisfaction of the constraints.

Seweral options have been explored in the literature in this corntext.
First, onecan ignore insertions and work with deletionsonly [16]. That
is valid if we can assumethat the information in the databaseis not
necessarilycorrect (th usthere may beinconsistencies)ut it is complete.
In fact, referertial integrity actionsin the SQL:1999standard are limited
to deletions. Second,one can allow deletions only for repairing denial
constraints (there is no other way to do it) and useinsertionsto x all
the other constraints. This is the approad adopted in [14]. It seems
suitable to data integration applications where the data is necessarily
incomplete. Finally, in somecasesit is natural to consider updates of
individual attributes, instead of inserting/deleting whole tuples [56].

Example 19 Consider the relation Emp with attributes Name, Salary,
and Manager, where Name is the primary key. The constraint that no
employeecan have a salary greater than that of her manageris a denial
constraint:

8n;s;m:;s®m® [: Emp(n;s;m) _: Emp(m;s®mY _s- s9:

Consider the following instance of Emp that violates the constraint:

Name Salary Manager
Jones 120K Black
Black 100K Black

Under De nition 5, this instance has two repairs: one obtained by
deleting the rst tuple and the other { by deleting the second tuple. It
might be more natural to consider the repairs obtained by adjusting the
individual salary valuesin sucha way that the constraint is satis ed.

The rst approac leadsto nitely many repairs, which guarantees
decidability for arbitrary queriesand constraints. Sometractable cases
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are identi ed in [16]. In the secondapproad, there may be in nitely
many repairs (in the presenceof inclusion dependencies).Somedecidable
casesand more detailed complexity analysisare presened in [14]. In the
third approad, Wijsen proposesto represett all repairs of an instance
by a single trustable tableau. From this tableau, answersto conjunctive
gueriescan be exciently obtained. It is not clear, however, what is the
computational complexity of constructing the tableau, or even whether
the tableau is always of polynomial size.

The minimality criterion constitutes another dimension of the repair
de nition. The approacesdiscussedso far minimize the set of changes
but it is also possibleto minimize the cardinality of this set. The latter
approach has been pursued in the context of belief revision [19]. The
paper [5] cortains some discussion of how the modi ed de nition of
repair can be implemented using a logic-program-basedapproacd.

Future directions
Con®ict resolution

The notion of repair can be usefulnot only in the context of consistern
guery answering. In some cases,it is necessaryto compute a single
repair, removing all the integrity violations. For denial constraints, this
task can be accomplishedin PTIME. Howe\er, if inclusion dependencies
are added, the task may becomeco-NP-complete[16].

In general,onewould like to usesomeform of priority or preference to
in°uence repairing. For example,somepieceof information may be more
reliable or more up-to-date than another. The issueof computing repairs
and consisteri query answersin the presenceof priorities or preferences
is largely open. The work on prioritized logic programming [12, 50] may
be relevant in this context.

Data integration and exchange

Assumethat we have a collection of (materialized) data sourcesand a
global, virtual databasethat integratesdata from the sources.According
to the local-as-viewapproacd [42, 46, 52], we canlook at the data sources
as views over the global schema. Now, given a query to the global
database, one can generatea query plan that extracts the information
from the sources[31, 42, 43, 44]. In the global-as-view approac [41],
the global databaseis de ned as a view over the data sources.

Sometimesone assumeshat certain integrity constraints hold in the
global system, and those integrity constraints are usedin generatingthe
qguery plan; actually, there are situations where without integrity con-
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straints, no query plan canbe generated[21, 32, 35]. The problemis that
we can rarely be sure that such global integrity constraints hold. Even
in the presenceof consisteri data sources,a global databasethat inte-
grates them may becomeinconsistert. The global integrity constraints
are not maintained and could easily be violated. In consequencedata
integration is a natural scenarioto apply the methodologies preseried
before. What we have to do is to retrieve consistert information from
the global database.

Seweral new interesting issuesappear, amongthem are: (a) What is a
consisteri answer in this context? (b) If we are goingto basethis notion
on a notion of repair, what is a repair? Notice that we do not have global
instancesto repair. (¢) How canthe consistert answersbe retrieved from
the global systems?What kind of query plans do we need? These and
other issuesare addressedin [10{11] for the local-as-viewapproad and
in [40] for the global-as-viewapproac.

Recerily, a new kind of scenariofor data integration, called data ex-
change[47, 24], hasbeenidenti ed. In this scenario,oneconsiderssource
and target databases,and the mappings betweenthem are described us-
ing source-to-targetdependencieghat generalizeinclusion dependencies.
The distinctiv e feature of this scenariois that an instance of the target
databaseis materialized, using an instance of the source databaseand
the source-to-target dependencies. However, the issueof what to do if,
for the given contents of the data sourcesthere is no target databasesat-
isfying the target constraints has not beenaddressedsofar. Such a sce-
nario would clearly require that the construction of the target database
be augmerted with someform of repairing the inconsistencies.

Data cleaning

The task of data cleaning[36, 48, 28] is to remove errors and incon-
sistenciesin the data submitted to a data warehouse.Clearly, repairing
integrity violations is a part of this task. Howewer, there is much more
to data cleaning. One hasto resole sthematic discrepancies,combine
di®erert recordsdescribingthe sameerntit y, normalize the data etc. Do-
main knowledge and heuristics play a signi cant role in data cleaning.
Declarative, high-level descriptions of the data cleaning processhave
been proposed[28]. Howewer, the semariics of the databasesresulting
from the cleaning processhas not beenformally characterized so far in
the literature.



16

Other applications

In spatial or spatiotemporal databasesinconsistenciesarise quite of-
ten. For example, there may be inconsistert readings of an object's
location or the extent of a forest re. Spatial or spatiotemporal objects
correspond to in nite sets of points. However, those sets are usually
“nitely represenable, e.g., using constraint databases[39]. Fortunately,
the notion of repair is applicable not only to nite databasesbut also
to in nite ones. Queries to constraint databasescan be rewritten in
the same way as those to relational databases, opening the possibil-
ity of computing consistert query answers in spatial or spatiotemporal
databases.

Relational integrity constraints have beenadaptedto XML databases
[25{26]. Howewver, as XML updates are more complex than relational
ones, it is not quite clear how to de ne repairs and consistert query
answersin that context.

Conclusions

We have presertied a survey of recert work on consistert query an-
swering. This work hasidenti ed relevant expressienessvs. tractabilit y
tradeo®sand proposeda variety of computational approaces. Many se-
mantic and computational issuesin this arearemain to be explored. New
application scenariospromise alsoto bring a variety of new problems.

A more detailed survey of consistert query answering that contains
also an extensiwe discussionof related work is [9].
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