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Abstract In this paper we present a mechanism for approx-taking into account differences in attribute names, opesat
imately translating Boolean query constraints acrossrbete and data formats.

geneous information sources. Achieving the best tramsiati

is challenging because sources support different consérai Example 1Consider a mediator that integrates online shop-
for formulating queries, and often these constraints ceheo ping sites for books, audio, and videos. Specifically, the me
precisely translated. For instance, a qu@gore > 8] might  diator presentfiedia(name, format, - - -) as a unified view
be “perfectly” translated agating > 0.8] at some site, but  for user queryingi(e., it supports a query interface with the
can only be approximated ggrade = A] at another. Un-  above constraining attributes). Suppose a user wants to find
like other work, our general framework adopts a customigabl the “VHS” items by some actor “Harrison.” Let us consider
“closeness” metric for the translation that combines boti p  translating the corresponding constraints [format = vhs]
cision and recall. Our results show that for query transtati andh = [name contains Har r i son].

we need to handle interdependencies among both query con- The mediator will find perfect mappings whenever pos-
juncts as well as disjuncts. As the basis, we identify therss  sible (.g, it will translate 4 to [au contains Har ri son]

tial requirements of a rule system for users to encode the magor sourcef at br ai n. com and it will leavewv as is for

pings for atomic semantic units. Our algorithmthen traiesla  anmzon. comn). However, in many cases such perfect map-
complex queries by rewriting them in terms of the semanticpings simply do not exist, because of the limited query “ca-
units. We show that, under practical assumptions, our algopabilities” of target sources. For instance, for souk® at
rithm generates the best approximate translations wifhe®s  ywwv. evenbet t er . com neitherv nor h can be translated
to the closeness metric of choice. We also present a case stugrecisely. In particularEB does not suppoti (i.e., selecting

to show how our technique may be applied in practice. only VHS but not DVD) although it can differentiate movies
from other media types (such as books).

When perfect mappings do not exist, some schemes fo-
cus on finding “minimal-superset” mappings [3], which will
return all the potential answers but with as few unwanted an-
swers as possible. In particular, the mediator will ma
[type = novi es] (i.e., searching the “movies” category) for

To enable interoperab_ility, mediator systems_[l,z_] MUBE-in EB, returning VHS as well as DVD items. Unfortunately, for
grate heterogeneous information sources with differetd da ;, 1,0 only superset mapping BB is True (i.e. returning the

representations and search capabilities. A mediator ptese qire source database), which is often unacceptable.

a unified context for uniform information access, and conse- However, in many cases, good approximations do exist
quently must translateriginal user queries from the unified and they ma;y be more favo’rable. For instange, can ap- '
context to atarget source for native execution. This trans- proximateh as[star = " Har r i son"] to matchHar, ri son
lation problem has become more critical now that the Wideas a last name. (Note th&B requires at least a last name for
range of disparate sources are just *one click away" acrositar_) It will miss those answers withar ri son as the first
the Internet. Achieving the best translation is challegdin- name.e.g, Ford, Harrison. However, since most users
cause sources may use different constraints for formgatin will ac,tual’ly mea’n last names (e.4far r i éon Geor ge)
queries, and often these constraints cannot be preciselg-tr in such a name query, this mapping may be i:)etter .
lated. This paper presents a framework that finds perfect map In fact, everv may,need a different approximation, say if

pings if possible, or in general the “closest” approximasip [type = movi es] returns a huge number of DVDs and very
* Present addresdnsert the address here if needed few VHS items. Alternatively, mappinglesc contains vhs]

1 Introduction




2 Kevin Chen-Chuan Chang, Héctor Garcia-Molina

simply looks forvhs in the textual descriptions. This map- Example 2 et us continue our movie search example. Sup-
ping may return a lot less data thftype = novi es], but  pose that the user is looking for both VHS and DVD formats
may perhaps miss a few VHS items (that do not have the termvith the query@ = v:[format =vhs] Vv d:[format = dvd].
vhs in their description). If the “false negatives” are accept- Let us denote the closest mapping (for some closeness met-
able, the alternative mapping may be more attractive. O ric) of query@ asS(Q).
First, suppose the mediator adopts the minimal-superset

We can view a query as a Boolean expression of conmetric, under which it will generaté(v) andS(d) both as
straints of theselectiorform [attr1 op value] or thejoin form [type = npovi es] (Example 1). In this case, to translage
[attrl op attr2]. (While not discussed here, we stress thatthe mediator can separately map the disjuniats, S(Q) =
our approach can generally handle join constraints as wellS(v) v S(d) = [type =novi es], which indeed precisely
see [4].) These constraints constitute the query “vocapila translateg), i.e., Q = S(Q).
and must be transformed to “native” constraints understood To contrast, assume next that the mediator is concerned
by the target source. For example, constrggnbre > 8/ may  about large result sizes, so as illustrated earlier, usestp-
have to be mapped fgrade = A]. In this process, attributes pingsS(v) = [desc contains vhs] andS(d) = [desc con-
have to be mappee(g, score to grade), values have to be tains dvd]. (That is, given the mediator’s closeness metric,
converted ¢.g, score 8 to gradé), and operators have to these are the best approximate translations.) MW VS(d)
be transformedd.g, “>" to “="). Section 3 provides more = [desc contains vhs] V [desc contains dvd]. This map-
details on how we generally model this constraint-mappingping is not as good d$ype = novi es], which in our exam-
problem in the common mediation architecture [1,2]. ple exactly gets all VHS and DVD titles. Thus, for the close-

After we first studied query translation [3] in our earlier ness metric in use, translatingandd separately leads to a
work, and implemented that machinery, we soon realized thaguboptimal mapping, and hence disjunctipis not “separa-

approximate translations critical for “real-world” applica-  ble.” O
tions. Our earlier work focused on minimal-superset map-
pings as the “correct” translations, becauseekactresults Query translation must rely on human expertise to define

can be recovered by post-processing their supersets. As jughat constraints may be interrelated, and how to transkate b
illustrated, in many cases only approximations exist, &gt sjc semantic units. For instance, in Example 2 we need a rule
might be more practical than the strictly correct ones. (Ana for translating the single-constraint pattgformat = F] such
ogously, a concurrent system with strict serializabiliteyn  as( andd. But do we need a rule for composite queries,
result in undesirable low concurrency.) In fact, in our case(y, v d)? What kind of queries must constitute such “semantic
study of a “real-world” scenario (as Section 7 will discyss) units™? In this paper we will answer these questions, identi
we informally estimated thal0% of the translations must  fying the essential requirements for a translation ruléesys
rely on approximation. Based on rules, our challenge is then to translate arbi-
Furthermore, different mediation applications need dif- trary queries as Boolean expressions of constraints (we cur
ferent “correctness” oclosenesgriteria for mappings. It is rently do not handle negation). Our approach isdteide-
thus essential for a translation system to flexibly support dand-conquer We present AlgorithnNFB to “decompose”
wide range of closeness metrics. This paper presents sucha original query into its semantic units, which can then be
framework, where the best approximate translations can bganslated by the given rules. Note that there are many decom
found under any reasonable metric that is “monotonic” (aspositions, but not all of them will lead to the closest maypin
Section 4 will explain). In particular, the framework supgo | our running example, suppose that we are given translatio
minimal-superset, maximal-subset (when extra-answest mu ryles for the semantic unit&), (v), (d), and(v Vv d), and we
not be returned), and other “hybrid” criteria in betweenrOu jish to translate querv Vv hd. (Note that we omit the, op-
customizable criteria allow one to quantify “false po®80  erator for notational simplicity.) We can decompose thergue
and “false negatives” that are expected to occur in a translags(p) () v (h)(d), or with some rewriting, a&h) (v V d). On
tion, in an analogous fashion to how the conventional IR pa\yhich expression should we apply the rules to obtain the best
rameters of precision and recall quantify “errors” that@cc  mapping? Is the best solution unique? How is the optimality

in executing a single query. of translation guaranteed? Again, we will answer these-ques
Our results show that, under such flexible metrics, onetions in this paper.
must cope withinterdependencieamong both query con- In summary, we make the following main contributions

juncts and disjuncts (Section 5). It is thus critical to nibiat  for approximate query translation:

query mapping is not simply a matter of translating each con-

straint separately. Some interrelated constraints cam for  — We propose a generfibmework and we define the no-
“semantic unit” that must be handled together. This discov- tion of translation closeness. Our framework can adopt
ery is surprising since our previous study [3] showed that different closeness metrics for different applications.

query disjunctions can be translated separately, signifita — We present aralgorithm for systematically finding the
simplifying the translation process. Now, in an approxienat best translation with respect to a given closeness metric.
translation scenario, interrelation depends on the pdatic Algorithm NFB will find a uniquebest-mapping in the

closeness metric, as we next illustrate. practical cases when a safe decomposition exists.
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— We develop fundamental theorems on the separability okefforts that stress this notion. However, approximatios ha
query components and safeness of decompositions. Thedeen studied for query processing: First, some work aims to
results are critical for the development of any algorithm reduce processing cost through approximation. For instanc
that attempts approximate query translation. references [25, 26] study the approximate fixpoints of Data-

— We study how to estimate the precision and recall paramiog predicates, and [27] uses approximate predicates as fil-
eters of a translation, and we show that reasonable formuters for expensive ones. Second, several researchers xave e
las do exist for such estimation. plored accelerated but approximated query answering [28—

We briefly discuss related work in Sect. 2, and then start31] to reduce response time. Third, reference [32] develops

. ; . ) . a framework for representing approximate complex-objects
in Sect. 3 by introducing the constraint mapping problem.and Ssupportin eries over them. Finally, CoBase [33] ex-
Sect. 4 then defines closeness criteria that combine poacisi upporting queri v - Tihaty, X

. . . - lored query relaxation for approximate answering.
and recall. Section 5 studies a basic assumption on compc?— Wectljefiri/e our translationplrjnetrics based on thge recision
sitional monotonicity and our results on compositional-sep P

arability. In Section 6 we present our framework and Algo- and recall parameters_. E.;Oth classu:_ notions have _b_een com-
monly used for quantifying respectively false-positivesla

rithm NFB. Section 7 discusses a case study to show ho : . : .
L ; y V¥ Ise-negatives, most notably for information retrievad [
our approach may be applied in practice. Section 8 conclude 5]. In addition, single-valued measures for IR effectt

with simple formulas for estimating precision and recall of have also been proposed, such as the well-known E-measure
translated query compositions. Interested readers may als[3 4] (see Section 4) '

refer to Appendix for the safeness formalism and proof of : . . : s
Finally, the approximate translation discussed in this pa-

our results. per was motivated by our previous work [3]. As Section 1
mentioned, our earlier model of “exact” mappings signifi-

2 Related Work cantly simplifies the translation process, but unfortulyate
cannot accommodate general closeness metrics. In cgntrast

Information integration has been an active research area [this paper specifically explores the notionagfproximation

2,5,6]; however, we believe that our focus on tumstraint ~ and deals with mappings under any reasonable closeness met-

mappingproblem is unique. Many integration systems havefics (that are monotonic).

dealt with source (syntactic) capabilities.g, Information

Manifold [7,8], TSIMMIS [9,10], Infomaster [11,12], Gar-

lic [13,14], DISCO [15], and others [16—18]. These efforts 3 The Constraint Mapping Problem

have mainly focused on generating query plans that observe

the nativegrammarrestrictions €.g, allowing conjunctions We describe theonstraint mappingroblem in a common

of two constraints, or disallowing disjunctions). mediation architecture [1, 2] for integrating autonomound a
Our work complements these efforts by addressing the seheterogeneousources In such systemsyrappersunify the

mantic mapping of constraints, or analogously the traimsiat  source data models, antediatorsnteract with the wrappers

of vocabulary(of native constraints). In particular, the output to process queries transparently. Our discussion assumes a

of our semantic mapping (which uses only the constraint vo-simple relational view of data. Specifically, wrappers prés

cabulary understood by the target source) can be the input teach source as a setsmfurce relationsWe believe our frame-

the capability mapping that others have analyzed. Section 8vork is not sensitive to the data modelg, in reference [24]

discusses our particular focus and how our approach can bee discuss the translation of hierarchical data.

generally applied in a common mediation architecture. A mediator exports integratemhediator viewgas query
There has also been much work on data translation anéhterface) for users to formulate queries. Thusiser query

schema integration. The main focus of these related efforté/ over some viewd; has the form (in an SQL-like expres-

(such as [19-24]) is to unify data representations across mi sion) select. .. from V,,...,V, where C, or algebraically

matched domains by transforming data to a unified contexti/ = O (Vyx - xVy), whereC' is a Boolean expression

where queries can be performed. In contrast, our complemersf constraints (The projection operation is omitted as it is

tary goal is to map queries to the native domain where datarrelevant to our discussion.) Note again that we do not con-

reside. We believe our approach is especially well suited fo sider negation in this paper. A constraint is eithesetection

autonomous sources containing large volumes of data, suctondition[V;.attrl op value] or ajoin condition[V;.attrl op

as found on the Web (where it is not economical or feasiblev;.attr2], whereattrl andattr2 are attributes of view; and

to transform all data). In addition, note that in our conisira  V; respectively. For simplicity, we may write a selection con-

mapping problem we must consider both data conversion andtraint agattrl op value] when the containing view adttrl

query capability mapping (as Section 1 discussed). Furtheris clear from the context (such as in Example 1 where we

more, we consider translation errors and closeness, wisich aconsidered only one integrated view).

far as we know are not considered in traditional schema and A mediator view is typically an SPJ query over some

data translation work. source relations plus possibly sordata conversiorfunc-
Surprisingly, although approximation is critical for gyer tions. For instance, vie\title, In, fn, review) might be a join

mapping (Section 1), we have seen virtually no translationof relation(title, review) from sourcel’, (title, author) from
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T», and a functiomNaneLnFn(author, In, fn) for converting  bibliography. The second sour@@ hasproz(In, fn, dept)
author to last and first names. We can model such a functiorfor professor last, first names, and departments.
as aconceptual relatiorwith the tuples &uthor, In, fn] that To illustrate, suppose that the mediator exports a faculty
“satisfy” the function. Note that in general a view can be aview fac(In, fn, bib, dept) integrated fronmaubib andprof,
union of SPJ components;g, abook view can be a union and a publication viewub(ti, In, fn) from paper(ti, au). In
of two relations from two bookstore sources. In this case, weparticular, thefac view joinsaubib andprof through a con-
can process each component separately and union the resuttsptual relation (a conversion functioNameLnFn(name,
as is typically done. In, fn) with some view-definition conditions joining the name

For source execution, the mediator must rewrite a userelated attributes.
guery in terms of the source relations. Thus, with view ex-  Suppose that a user is looking for the papers written by
pansionZ{ will be rewritten to the following form in Eq. 1, some CS faculty interested in data mining. The constraint
whereR; is the cross-product of all the source relation in- query @ includes both selection and join constraints as the
stances that a particular sourfecontributes to any queried following. (Note that we omit the view-definition conditisn
views, andX is the cross product of the relevant conceptualin @, as they will be processed in the mediator rather than the
relations. We specifically refer to the selection conditipas  sources.)
aconstraint queryln most cases) is simply the user-query
conditionC, but in addition) can also include the constraints () = a[fac.In = pub.IN] A b:[fac.fn = pub.fn] A
used in the view definitions. c:[fac.bib contains dat a(near)m ni ng] A

U=0gRx - xRuxX) ) d:[fac.dept = cs].
Let's first consider the mapping for sour€g, i.e., for re-

Intuitively, theconstraint mappingroblem is topushas  |ationspaper andaubib. The join conditions: A b together
much as possible the constraint query to the sources. Thatignap toz; : [paper.au = aubib.name]. If 7} does not sup-
the mapping translate@ from the mediator'riginal con-  port the proximity operatonear, rather than dropping con-
textto thetarget contextat each source. Note that the con- straintc, we can relax it tof»:[aubib.bib contains dat a] A
straints in@ are generally not readily executable across dif- ;.. :[aubib.bib contains mi ni ng]), which requires only the
ferent contexts. First, there existshemalifference between  gccurrences of keywords. Lastly, constraintaps toZrue
the views and the sources: The conversion functio¥§ ogan (it can only be processed ). Thus,S; (Q) = #1 Az Axs.
present new attributeg (g, In andfn that replaceauthor) or We next perform the mapping for sourée, which con-
change data representations. Second, there evagiability  tributes relationprof. All the constraints except map to

differences: Unless the mediator only allows the least com-7yy¢. Suppose thaf, uses department code 230 for CS, thus
mon denominator of what the sources support, the consiraints, () = [prof.dept = 230].

can be beyond the capabilities of some sources. Finally, the filter queryH is simply the constraint (i.e.,
Thus, constraint mapping will find the mapping@ffor 7/ = (), the only constraint that is not fully realized at the

each sourcd’;, denotedS;(Q), to retrieve the relevant sub- underlying sources. Thu§) = H A S1(Q) A S2(Q). 0

set of R;. Because of different source capabilities, a perfect

mapping such tha®) = S;(Q) often does not exist. Sup- For anexactquery processing that cannot miss any po-

pose for now thas; (Q)) may return extra answers€,, it has  tential answerss, (Q)) as thecloset mappin@f ) must log-
false-positives) but may not miss any answéss, (it has no  ically subsume), i.e., S, (Q) will retrieve a superset of what
false-negatives). The mediator then combines these smeiwce () does as just illustrated. However, in many other applica-
sults, passes them through the conversion functions, asted po tions, a mediator may be willing to tolerate false-negatias
processes with dilter query H (to remove false-positives) well as false-positive®.g, to explore more cost-effective na-
consisting of the residue conditions not fully pushed to thetive queries. Therefore, while post-filtering can removsda
sourcesi.e., positives, the result will be a subset of whiatwould return
were it supported. In other words, Eq. 3 becomes

QOHASI(Q)A---ANSp(Q) (4)

This paper specifically addresses the constraint mapping

problem,i.e., translating@ into S, (@) which best approxi-

Q=HAS(Q) A AS.(Q) 3) mates). The derivation of filter querie¥ is thus beyond the
scope of this paper. A filter query can simply be the original

We next illustrate this translation problem with Exam- query,i.e, H = @, or it can consist of essentially only those

ple 3, which considers a mediator that integrates two seurce constraints whose translated versions may retrieve faise p
itives. Reference [36] discusses how to derive filters with t

Example 3Consider a mediator for two sources. Suppose thateast processing cost.
sourceT’ provides relatiorpaper(ti, au) for paper titles and As we can perform the mappings for different sources
authors ancaubib(name, bib) for author names and their separately (as illustrated), we will focus on a particutarse

Comparing Eqg. 1 and Eq. 2, we obtain the essential prop-
erty for acorrecttranslation:
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original context . -+ mapping &9t conext false-negative fal se-positive
SJ \\\ ,,//
QUM |M
Fig. 1 Conceptual illustration of query mapping. Fig. 2 Venn diagram of a quer§) and its mapping\/.

T, as the translatiorargetand discuss the requirements for the target. To quantify how closely a mappidg approx-
S.(Q): To begin with,S,, (Q) must besupportedor express-  imates the original query), we use acloseness criterion
ible) in targetT,; i.e., S, (Q) contains only those constraints F[M, (] that returns a normalized “rating” if : 1] as the
thatT,, supports with its schema and capability. Th8s(Q) closenesdetweenM and@. The higher the rating is, the
adopts the native vocabulary 6f,. more closelyM approximateg). Our framework allows a
Furthermore S, (Q) is the closest approximatioof @ wide variety of closeness functions (we will discuss some in
with respect to somelosenesgriterion that measures how tuitive and important ones). We say that a mapplids the
close a mapping is to a query. The goal of query mappingclosest mappinépr @ with respect to the closeness criterion
is to find the “best translation” of an original query. That is F, if for any other mapping/’ of Q, F[M, Q] > F[M', Q]
for a relationD (in this caseD = R;x ---xR,xX as in  (with ties broken arbitrarily). We denote the closest mapgpi
Eqg. 1), we want to find the mapping,(Q) such that the of Q@ by S(Q).
result set0 g (5 (D) is the closest tar)(D) among all ~ An approximation may erroneously introdufzse pos-
possible mappings with respect to some metric that comparel§ves or false negativesas compared to the original query.
the positive and negative errors between the results. &igur Figure 2 illustrates these errors using a Venn diagram fer th
shows this query mapping. res_ult sets of_ a qger@ and its mapping//. Tq quantify (ano_l
A main contribution of this paper is a general framework uItlm_ater ml_nl.mlze) these errors, we dgfme the foIIOW|_ng
and algorithms for query constraint mapping. Becausemiffe Metrics. Precisionmeasures the proportion of the mapping
ent mediator applications may need different senses oéelos "esults that are correct:
ness, we must develop a general framework that supports a QA M|
flexible notion of closeness. This paper will formally deyel PIM,Q] = M) (®)
our closeness notion and the mapping algorithms that guar-
antee closest translations of a constraint qugrNote that ~ (We denote the size of the result set of quarypy | X|.) This
from now on we will simply refer to suckp as aquery(not ~ Parameter captures the false-positive component in the ap-
to be confused with a fullser queryi). Also, we write the ~ Proximation error. As Figure 2 suggests, precision will in-
mapping ass (@) (without a subscript) when the target source crease as we reduce the number of false-positives.

is clear. To simplify our discussion, we will assume selecti In contrastrecall measures the proportion of the correct
constraints; join constraints can be handled similarly. results that are retrieved by the mapping,
We stress that the constraint mapping problem focuses
. . |Q A M|
on translating the vocabulary but not the syntactic stmectu RIM, Q] = (6)

of queries. Since our goal is to generate mappings that use @l
only native constraints, we make the following assumption t As the dual of precision, recall captures the false-negativ
stress the focus of constraint mapping. While a target may.e., higher recall corresponds to fewer false-negatives. Note
not satisfy the Boolean closure assumption, many related efthat both the? andR parameters are normalized|in: 1].

forts have addressed this complementary problem of trensla o , . i
ing Boolean structures, such as mapping a long conjunctiofrX@mPple 4 (Precision & Recallet's consider translating be-
into multiple native queries with simpler conjunctions. tween two different calendar systems. As the time unit, the

original context uses thierm attribute, while the target uses
Assumption 1 (Boolean Closure)The queries supported by bimonth. Figure 3(a) shows the correspondence. In the orig-
a target source are closed under Boolean conjunctions andnal context a year consists of three terms.( trimesters);
disjunctions: If querie€); andQ. are both supported, then €.g, constraintterm = 1] represents-eb throughMay. In
soare(Q; A Q») and(Q1 V Q»). O contrast, the target divides a year into six bimonths; faer in
stance,[bimonth = 1] matchesJan and Feh We illustrate
some mappings for query = [term = 1] (see Figure 3(b)).
4 Closeness: Accounting for Precision and Recall First, consider\/; :[bimonth = 1:3] (for bimonth 1 to 3).
Note that@ covers Feb, Mar, Apr, May), while M, covers
Our goal for query mapping is to find the closest translationJanandJunin addition. ThusM; incurs no false-negatives,
for an original query, which may not be fully expressible at but does have false-positives. By Eq. 6£a8 M; = @, the
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recall isperfecti.e, R[M;, Q] = 1. Furthermore, according perfect precision. UnlikdlinSup, the goal now is to find the
to Eq. 5, we can estimafe[M;, Q] = 4/6 = .67 sinceM; A maximal subsumed mapping thetight lower envelop§25,
@ covers four out of the six months dff; (assuming that 26]. We thus refer té°Thresh(1) asMaxSub.

each month has equal likelihood). ) L . .
In contrast,Ms:[bimonth = 2] is a subset of) (M, C Example @Different closeness criteria will determine differ-

Q). As Figure 3(b) showsP[Ms,,Q] = 2/2 = 1; as adual €Nt mappings as the closest translations. Example 5 showed
of the superset mapping, a subset mapping implies a perfe¢f@tS(Q) = M w.rt. 7= RThresh(.7) in our calendar ex-
precision (.e., no false-positives). The high precision comes @MPple. Let's contrast withf= MinSup: We obtainF [, Q]
at the cost of a lowered recaile., R[M,, Q] = 2/4 = 5. = F(.67,1) = .67, F[M5,Q] = F(1,.5) = undefined and
A mapping may have neither perfect precision nor per-7 M3, Q] = F(.75,.75) = undefined Thus insteads(Q) =
fect recall. ForMs:[bimonth = 1:2], we can similarly com- M1 underMinSup. Furthermore, if we adoplaxSub, both
pute P[Ms, Q] = 3/4 = .75 andR[M;, Q] = 3/4 = .75. F[M,, Q] andF[Ms, Q] will be undefinedand thusS(Q) =
Note thatd/; incurs both false-positiveggnis extra) as well M. o

as false-negativedfay is missed). = In addition to the above intuitive metrics, many other rea-

sonable criteria are possible. For instance, if we need efun
tion that is defined for every and R, we can adopt the aver-
ages such as the arithmetic averdgg®, R) = (P + R)/2

For quantifying translation closeness, a reasonable metri
must account for the tweompetinggoals of precision and

recall. We thus define our closeness criteriofiM/, )] as a , .
function of the precision and recall betweah and (). For (corresponding to the error measure of [26]) or the harmonic

instance, some applications may want to focus on precisioﬁqear;jfm’ ﬁ) = 2PR/(P +R). The latter ?ct_uallly colrre-d
while requiring a recall threshold. We denote this importan SPONdS to thée-measurg34], a conventional single-value
class of closeness functions Bhresh. Given a threshold Measuré for information retrieval.

9, we defineRThresh(6) as follows: Finally, we stress that our general framework (Section 6)
' ' does not assume particular metrics. However, we do require
RThresh(f) : F(P,R)[M, Q] = F(P[M,Q],R[M,Q]) = that the closeness criterion be (strictiyjonotonic That is,

if P < Py andR] < R,, or if P < P andR] < R>,
(7)  thenF(P,,R,) < F(P, Ry). In other words, if mapping
M, (with parameters?, and Rs) is better thani/; (with
Example 5Consider the mappings in Example 4 and assumeP and i) in one parameter while comparable (at least as
that F= RThresh(.7). The closeness fa¥/, is F[M,, Q] = good) in the other, the/, must be an overall better map-
F(P = .67,R =1)=.67. SimilarlyF[Ms, Q] = F(.75, .75) ping. Because precision and recall capture both falsetipesi
= .75. Sincell, has an unqualified recally < .7), its close- ~ and false-negative errors, clearly argasonablecloseness
ness isundefinedi.e, M, is aninvalid mapping. For our ~metric (such as the sample functions just discussed) must
illustration, assume that/,, M, and M; representll the  satisfy monotonicity. (Monotonicity supports our framewo
relevant mappings fof). M is thus the best mappinge., through the separability theorems in Section 5.2.)
S(Q) = Ms, because it has the highest closeness with re-
spect toRThresh(.7). O

PIM,Q]  fR[M,Q >0
undefined otherwise

5 Query Compositions

We similarly defindPThresh(#) as follows:
Our translation approach is by divide-and-conquer (as Sec-

PThresh(6) : F(P,R)[M,Q] = F(P[M,Q],R|M,Q]) = tion 1 mentioned), which presents two main challengest,Firs
R[M, Q] it P[M,Q] >0 we must define aule systemo capture human expertise for
{ undefined  otherwise (8) translating basisemantic unitfwhose mappings cannot be

synthesized). Second, to translatenposite queriesve need

The PThresh and RThresh classes represent many in- amachinernjto decompose them into semantic units and thus
tuitive and important closeness metrics. We stress two spesynthesize the mappings. (Section 6 will study the framé&wor
cial instances typically adopted for query mapping, namelyand algorithm.) To enable and understand such decomposi-
RThresh(1) andPThresh(1). First, some applications may tions, this section addresses two fundamental questions.
require perfect recall and henB8 hresh(1), whereM sub- The first question (Section 5.1) is about compositional
sumesy), i.e, M D @. The goal here is to find the most pre- monotonicity. For instance, if we can translate quéry=
cise mapping (with the highe®?) that subsumes the query A A B asM, A M, by combining some separate mappings
(with R = 1), usually referred to as thminimal subsuming M, and M, of componentsi andB respectively, can we fo-
mapping[3] or the tight upper envelopg5,26]. We desig- cus on the best component mappings and thusSise for

nateRThresh(1) asMinSup, since M will retrieve amini- M, andS(B) for M,? Or will somehow the translatioh/,
mal supersebf what(@) does. depend on the fact that it will be eventually intersectechwit
As the dual, other applications may instead require thati/,?
a mapping return only precise answeig,, M C Q. We Further, Section 5.2 addresses the second question about

can implement this closeness criterionRiBhresh(1) with compositional separability: whether in general it is pblesi



Approximate Query Mapping: Accounting for Translation €dmess 7

Month ‘ Jan ‘ Feb ‘ Mar‘ Apr ‘Mﬂy‘ Jun ‘]ul ‘Aug‘ Sep ‘Oct ‘Nov ‘Dec‘ ‘ Jan ‘ Feb ‘Mar‘ Apr ‘May‘ Jun [e e
iginal: Q :]
Tem 3 1 ] 2 sy —
. M s R
tBbzgzith 1 |2 [ 3 [ 4 [ 5 | 6 | Mi [ —
(a) Correspondence ¢érm andbimonth. (b) Mappings forQ = [term =1].

Fig. 3 Mappingterm constraints tdimonth constraints.

to find the best mapping for a query likg = A A B by (We study this “separability” issue in Section 5.2.) It only
separately translating its componedtaind B. says thatS(Q1) @ - -- ® §(Q.) is the best of the mappings
for ) that separate component®., when the separation is
given (Specifically, Appendix C studies when such separa-
5.1 Compositional Monotonicity tion is safe, the premise of Assumption 2.)
Under certain closeness metrics, sucivasSup as well
Consider query compositio = @ © --- ® Q,,, where op-  asMaxSub, we can formally verify Assumption 2 (see Ap-
erator is eitherA or v. Suppose that the mapping rules give pendix A). We do not have a proof for the general case, but

translations for basic semantic units,, - --,m,. To con-  we believe it holds in all cases where we need to use the as-
structS(Q) with the units, our decomposing machinery will sumption. Thatis, whe@;'s are “semantically independent,”
rewrite @ using the unitsi.e., @ = B(my, ..., m,) and syn-  their individual best-mappings should lead to an overat be
thesizeS(Q)) = B(mx,...,my), using the rule-given best ter mapping, and Assumption 2 should be valid. Otherwise,
mappingsn; of the units. when@Q;’s are indeed interrelated;,(Q) probably cannot be

The main challenge is thus to search for the right decomconstructed by separating the components. For such “insep-
position B. In this search, can we separately consi@e?  arable” compositions (Section 5.2), our algorithm will not
Section 5.2 will show that such separation is not always theseparately handl€); and thus will not use Assumption 2.
right strategy; our safety result (Appendix C) then dete@si  Finally, we stress that, even for the rare exceptional gases
when it is safe to separate. S(Q1) ® --- ® 8(Q,) clearly remains at leastgood map-

If the separation of); is determined to be safe, how shall ping for Q.
we continue to decompose the components to complete the
decomposition ofy? Can we decomposg; as if we were N -
constructing its best mappir|(Q;) independent of its con- -2 Compositional Separability
text@? Assumption 2 reduces our search space when searc

. : li}\'/hentranslatin a compositigh =, © - -- © @, can we
ing for component mappings. g positidh = ¢, n

handle the subqueries separately? We say(fhatseparable
Assumption 2 (Compositional Monotonicity) Let query@ if

be a compositior) = Q; ® - ® Q, andm, ..., m, be S(Q)=8(Q1) o - ©S(Qn). 9)
the semantic units defined by rules. That is, we can obtain the overall mapping by translating the
If S(Q) can be constructed by separately mapping thecomponents individually. (Observe that Assumption 2 is im-
components, i.e¥i, 3B;(m1,...,m,) = Q; as a rewriting  plicit in Eq. 9: WhenQ is separable, we us§(Q;) to con-
of Q; such that structS(@Q).) This section presents our results showing how
this separability depends on the closeness criteria. Elamp
S(Q) = Bi(mr,...,my) © - © Bp(my, ..., M), shows thatMinSup and MaxSub have opposite results of
. , , separability.
then each decompositiaB; will construct the best mapping
of Q; individually, i.e.,Vi Example 7 (Separabilityonsider queries; :[term = 1] and
ty:[term = 2] (for the calendar systems in Example 4). We
S(Qi) = Bi(ma, ..., Ty). will compare whether their disjunctiott; Vv ¢,) and con-
junction (¢ A t2) are separable or not und®finSup and
0 MaxSub.

This assumption tells us that, if we wish to search for the(a) MinSup: The MinSup-row in Figure 4 shows the clos-
best way to decompose a query by decomposing its comest mappings(¢1), S(t2), S(t1 V t2), andS(t; A t2) under
ponents, we can focus on using the “local optimals” as theMinSup (e.g, Example 6 shows how we determin&¢t, )).
building blocks,i.e, S(Q1) © --- ® S(Q,), with the best It turns out that foMinSup disjunctions are separable, but
mappings for eacly;. In other words, the search for the best not conjunctions: We can verify th&8{(t, Vt.) = S(t1)VS(t2)
translation for eaclf); will not be affected becaus@; ap- (i.e., [bimonth = 1:5 = [bimonth = 1:3] v [bimonth = 3:5]).
pears with other terms i@. Note, however, that this assump- In contrastS(t1 Ate) # S(t1) AS(t2), because (t1 A ty) =
tion doesnot tell us if decomposition is the right strategy. Fulse, while S(t1) A S(t2) = [bimonth = 3].
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(b) MaxSub: We obtain the opposite results: First, the con- 7= PMono (which is monotonic irP) also requires maximal

junction is separable, sinc&(t; A t2) = S(t1) A S(t2) = precision which makes conjunctions always separable:
False(see Figure 4). Second, the disjunction is not separa-

ble: S(t1) V S(t2) = [bimonth = 2] v [bimonth = 4], but PMono : F(P,R) =P (11)
S(t1 V ty) = [bimonth = 2:4]. O

Theorem 2 (Conjunction Separability)

With respect to a closeness criterigfi{ P, R), conjunctions
are always separable, LeVQ = C1 A -+ A Ch: S(Q) =
S(C1)A---AS(Cy), ifand only if any closest mapping under
F has maximal possible precision, i.e., for any qu&nand

To see why compositions may be inseparable, we first fo
cus on disjunctions. Note that disjunctions can poterntei-
hance the recall of mappings: A disjunction suchiasv t»)
represents a broader condition thgnand¢, alone. When

we consider the disjuncts together, the broader conditiapm 2nY arbitrary mappingl/:

(depending on thg _actual_s_emantics) I_ead toa b_roader map- PIS(X), X] > P[M, X].

ping (than the individual disjunct mappings combined).fsuc

a broader mapping can potentially reduce the false-negmtiv ]
and thus enhance the recall (while maintaining the pregjsio

to result in an overall closer mapping. (Note that in Section Note that we can verify thaélinSup andRMono as well

we have explained that metri€ is monotonic inP andR.)  asMaxSub andPMono satisfy Theorems 1 and 2 respec-
In Example 7S(t; V t,) underMaxSub results infbimonth tively. For these important special cases, the mapping-prob
= 2:4), where the additiondimonth 3 indeed reduces false- lemis “simpler” because we can eliminate the complications
negatives without adding false positives. of either disjunctions or conjunctions.

Consequently, our results below state that disjunctions On the other hand, the results show that a general close-
are always separablahen and only whethe closest map- Ness criteria can imply inseparability for both types of eom
pings underF (P, R) already have maximal possible recall. positions. Itis clear that only a very restricted class ofset
In particular, note thaMinSup (Example 7) explicitly re-  ness functions can satisfy Theorem 1. These functi®ifas
quiresR = 1 for all mappings. Disjunctions are thus always some variations oMinSup andRMono) must illustrateR -
separable, since any mappings (separated or not) already hamonotonicityfor disjunctions to be always separatile,,
perfect and thus maximal recall (which cannot be enhanced).
As another example, the following'= RMono (which is
monotonic inR) also requires maximal recall (but possibly
R < 1, unlike MinSup) and thus disjunctions are always
separable:

if F(P1,R1) > F(Pa2,Rz2) thenR; > Ros.

Similarly, for conjunctions to be always separable, as The-
orem 2 assertsF (as variations oMaxSub and PMono)

must illustrateP-monotonicityi.e.,
RMono: F(P,R)=R (20)
. . if .7:(731772]) 2.7:(732,722) thenP1 ZP;
To contrast, becausdaxSub may select a mapping with

perfect precision but lower recall (than others), disjimts In particular, althougiMinSup andMaxSub are simply
can further enhanc® and thus may not be separable (Ex- special cases dThresh andPThresh, we stress that in the
ample 7). Theorem 1 formally states this result. Please refelatter neither disjunctions nor conjunctions are gengiseip-
to Appendix B for a proof. (Note that below we writg to arable. Example 8 contrad®¥ hresh(0.7) with RThresh(1)
stress that it is a disjunction; we will similarly ugg fora  or MinSup.

conjunction).
Example 8Continue Example 7 wittF= RThresh(.7). By

Theorem 1 (Disjunction Separability) Theorem 1, disjunctions may not be separable because un-
With respect to a closeness criteridf(P, R), disjunctions  derRRThresh(.7) a closest mapping can have non-maximal
are always separable, i.evQ = D, V ---V D,,: S(Q) = recall. To illustrate, referring to thRThresh(.7) row in Fig-
S(Dy1) v -+ vV 8(Dy), if and only if any closest mapping ure 4,(t V t;) is indeed inseparablé(t, V t3) = [bimonth
underF has maximal possible recall, i.e., for any queYy = 1:5 cannot be obtained b§(#,) vV S(t2). As compared to
and any arbitrary mappind/: S(t1 Via) with (P, R) = (.8, 1), the latter will miss bimonth

3 and can only achievé(R) = (.75,.75). |

RIS(X), X] > R[M, X].
Therefore, a general framework must cope with the po-
] tential inseparability for both disjunctions and conjuons.
To begin with, a semantic unit can be any complex query
Similarly, the dual of the above results can apply to con-(with conjunctions and disjunctions). Further, the magpin
junctions, as Theorem 2 states. That is, conjunctions are aklgorithm must consider both types of compositions care-
ways separable when and only wh&(P, R) enforces max-  fully. This paper studies such a general framework.
imal possible precision. Example 7 also supports this tesul In fact, even withMinSup or MaxSub, both composi-
since conjunctions undéaxSub or PThresh(1) are sepa- tions may be inseparable due to practical limitations at the
rable but not undeMinSup. Dual toRMono, the following  target system. (This complication further reinforces tkeadh
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L 7(P.R) || S(t) | S(t2) | Stivt) | Stint) |
MinSup [bimonth = 1:3] [bimonth = 3:5] [bimonth = 1:5] False
(P,R) =(.67,1) (P,R) =(.67,1) (P,R)=(8,1) (P,R)=(1,1)
MaxSub [bimonth = 2] [bimonth = 4] [bimonth = 2:4] False
(P,R)=(1,.5) (P,R)=(1,.5) (P,R)=(1,.75) | (P,R)=(1,1)
RThresh(.7) || [bimonth = 1:2] [bimonth = 4:5] [bimonth = 1:5] | False
(P,R) =(.75,.75) | (P,R)=(.75,.75) | (P,R) = (.8,1) (P,R)=(1,1)

Fig. 4 Example closest mappings for:[term = 1] and.:[term = 2] with respect to different closeness criteria.

for the general algorithm that we will provide.) In particu- 6.1 Semantic Translation Rules
lar, since we focus on semantic (but not syntactic) transla-
tion, Assumption 1 implies that the target supports querfes Query translation must be based on human expertise to re-
arbitrary sizes (by compositions). If this is not the cass; d solve semantic heterogeneity. This section identifies the e
junctions can be inseparable even MinSup and similarly  sential requirements of a rule system that codifies such huma
conjunctions foMaxSub. expertise. We will illustrate with a “reference rule system
which is based on our mechanism designed earlier specifi-
cally for minimal-superset mapping [3]. We adapt this mech-
alln="smth"]A bfn="j ohn"]. anism (to handle semantic units that can be complex queries)
for general approximate translation.

We stress that our contribution i®t the rule system it-
or'sni t h, +*). The query thus has a perfect mappBig.A self,“but its integjration with a_general query ma_\pping schem
b) =[name =" smi t h, j ohn"]. The_reference rul_e system is rather simpéed, it has nore-

Sy that we adont thaxSub closeness criterion.  CUrsion and negation). How_ever, note th_at_ our algorithm can

ppose p

By Theorem 2, conjunctions are separable, in theory. First,WOrk with any rule mechanlsm that satisfies our spundness_
S(a) = (name = "smi t h, ¥"]. Second, to translaté, by and completeness requirements (see later). Fgr _msta]hce, i
enumerating all alphabetic strings.g, " smi t ", * xyz" | necessary, our framework can adopt more sophisticated rule

etc), we will not miss any last names. That is, conceptuallythat support recursive query pattermesg, a conjunction of

we have an equivalent (but unbounded) translatiof (& = arbltrc_';\ry number of (_:onjuncts)_. Nevertheless, we bellbmt_
R : " _n : " our simple system is well suited to most query translation
[name ="smnit h, john"] Vv [name = "xyz, j ohn"]V

... Consequently; A b is separable becauséa) A S(b) tasks, as we will demonstrate through a case study in Sec-

Example 9Consider translating conjunction

Assume we can query the target with a fadme, whereat
leastthe last name must be specifiedd, " smi t h, j ohn"

tion 7.
= [name="smi th, «"][name="sm th, john"]vVv Figure 5 shows anapping specificatiori,,.; consist-
[name ="smi t h, =" ][name =" xyz, j ohn"]V --- ing of rulesRy, ..., Ry for translating queries that search

for media items of books, audios, and videos (based on a
) i real scenario that Section 7 will study). Our discussion as-
= [name ="smi th, j ohn"] sumesF= RThresh(.7). Each rule defines the closest map-
= S(aAb). ping (with respect taF) of the matching query patterns, as
e next illustrate. (Note that, as Section 7 will discuss, we

= [name ="smi th,john"]V False V ---

In practice such unbounded queries may not be supporteq\.' . . ,
In this case, we can formulate the maximal-subset mappin plcaII_y only need a rule for a query pattern_ rather than
S(b) by enumerating some most probable names. However, very ‘instance”) Figure 5 also shows the estima@dR)

o . . . for the particular mappings. We stress that our algorithth wi
any finite but incomplete enumeration may miss some po-

tential names. Whes (b) indeed misse&smi t h, j ohn* not require these numeric values to compute the best map-

. - pings. However, if we want to quantify the actual closeness
(a Ab)is not separable becauséa) A S(b) = False. - of an output mapping, we can estimate it based ortfzend

R of the rules (using the technique in Section 8).

6 Framework and Algorithm ) ]
Example 10 (Mapping Rule§)e illustrate ruleR; and R,

This section presents our framework and the associated algdor mapping medidormat. Suppose that the original context
rithm for approximate translation. Section 6.1 first defiaes expects formathar dcover andsof t cover (for books),
translation rule system for codifying the mappings of basiccasset t e anddi sc (for audios), andrhs anddvd (for
semantic units. Based on the given rules, our algorithm willvideos). In contrast, the target accepts meylge of book,
rewrite an original query using the semantic units to cargtr audi o, andvi deo.

the closest mapping. As we just discussed, such rewriting First, consider a&ormat constraint,e.g, v= [format =
must respect compositional separability to ensure mappinghs]. As an atomic constraint, it needs a rule to define its
optimality— Section 6.2 will present such an algorithm. mapping. To illustrate, we have at least two choices: First,
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Ry) [format = F] — emit: [desc contains F] /) (P,R) = (1.0,0.8)
Ry) [format = F1]V [format = F2]; FormatPair(F1,F2) —

T = Type0fPair(F1,F2); emit: [type = T] // (P,R) = (1.0,1.0)
R3) [term = T] — (B1,B2) = TermToBimonth(T) ;

emit: [bimonth = B1:B2] /| (P,R) = (.75,.75)
Ry) [term = T1]V [term = T2] — (B1,B2) = TermToBimonth(T1,T2) ;

emit: [bimonth = B1:B2] // (P,R) = (0.8,1.0)
R5) [fn = F] — emit: [review contains F] // (P,R) = (0.9,0.7)
Rg) [In = L] — A = LoFnToName(L, ""); emit: [name = A] // (P,R) = (1.0,1.0)
R7) [In =L]A[fn = F] = A = LonFnToName(L, F); emit: [name = A] // (P,R) = (1.0,1.0)
Rg) [price in P1:P2] — emit: [price > P1] A [price < P2] // (P,R) = (1.0,1.0)
Rg) [subject = S] = K = SubjKwds(S); emit: [review contains K] // (P,R) = (0.9,0.7)
Ry) [title = T] = W = WordsIn(T); emit: [title contains W] // (P,R) = (0.9,1.0)

Fig. 5 Example mapping specificatids,,., with respect taF = RThresh(.7).

considerM; = [type =vi deo]. SinceM; will access both
VHS and DVD titles, it hagP, R) = (.5, 1) (assuming VHS
accounts for50% of videos). With/ /= RThresh(.7) (see
Eq. 7), M, has a closeness value 1.5,1) = .5. Alterna-
tively, M, = [desc contains vhs] is a mapping that simply
looks for the keyword indesc (a textual description of the
media). Suppose that abagd% VHS descriptions mention
the word, and on the other hand only VHS items gify, will
have(P,R) = (1,.8) or (1, .8) = 1. ThusM- is the clos-
est mapping with respect ®Thresh(.7), i.e, S(v) = M,
(assuming no other relevant mappings exist). Rijesimply
matches anyormat constraintf (as amatching at the left
side and define§( f) with respect toF at theemit clause of
the right side.

Furthermore, we notice that a query asking for a pair ofd; :fformat =

formats (such as Vv d, whered = [format = dvd]) can map
perfectly to a particular typee(g, [type = vi deo]). Since

that match a pattern described by some rul&jp.4. Since a
matching can be any complex query (with conjunctions, dis-
junctions, or both), we perform the matching on some nor-
mal form, say, DNF (Disjunctive Normal Form). (We could
have instead chosen CNF or Conjunctive Normal Form. The
choice is not critical, but it does affect how we structure th
subsequent algorithm, as Section 6.2 will discuss.)
Specifically, we writ&,,,.;, in @ DNF to compare it with
the DNF patterns of the rules. Note that a DNF has the form
Dy V-V D,. (Recall that we writeX to stress that it is
a conjunct|on and similarlyX for a disjunction). FoiQ, ..,
we haveD, = (thv),..., D, = (tcd) (see Figure 6). As our
framework also assumes, each rule specifies a DNF pattern
of the form(fl VeV (im: e.g, rule R, has pattern?, with
F1] andd»:[format = F2].
We next determine if the rule pattern matches some sub-
query of@,,.,- To see if a patter® represents aubquery

we cannot construct this perfect (and thus the closest) mapwe check if everyd] in Pis “s|mp|er" than somalifferent
ping from the components, such a query forms a new ses), in the query. Note that, since bofh; andd; are a simple

mantic unit and thus Rul&, defines its translation. At the
left side, R, will match a disjunctive patterfformat = F1] Vv
[format = F2] for thoseF1 andF2 that satisfy the condition
For mat Pai r (-) as a pair of formats. For a matching
(e.g, m = v V d), the right side then finds the corresponding
type with functionTypeCf Pai r (-) and emitsS(m). Note

that we assume that conditions and functions are both im>

plemented externally with some programming language, (
our implementation uses Java).

Our discussion will assume an original quegy,,., =
t(hve)(vVvd) as arunning example. (Referring to Figure 6(a),
we are querying the VHS or DVD titles by Tom Hanks or

Tom Cruise.) To map a query, we begin by matching it tothese parameter values for computing mappings.)
the rules to find the subqueries for constructing the overall

mapping, as we next illustrate.

Example 11 (Rule Matchin@onsider matching queiy,,,.,
to rulesK,,.q; i.e., we want to find the subqueries 6f ,.,

conjunction, we say tha;t] is S|mplerthanD (or D; is more
complexthand )|f d matches some partdﬁ For instance,
consider pattera; V d, of R,: Sinced; can matchy (with

F1 bound to constanths), it is simpler thanD; (among oth-
ers). Similarlyd} can matchi (with F2 = dvd) and is thus
simpler thanD,. ThusR, matches subqueny Vv d (Or myq

in Figure 6) of@,,,.4, i.€., v V d is a matching taR,.

We repeat this process for every rule to find all the match-
ings. Figure 6(a) indicates these matchings as some sabtree
of @,,.4’s DNF. Figure 6(b) summarizes each matching
the rule output forn (denoted byr), and the estimated(R)
(from Figure 5). (As mentioned, our algorithm does not need
O

To enable query translation, we assume two essential re-
quirements for semantic ruleiSirst, we require that each rule
define the closest mappings of the matching queries with re-
spect toF (P, R)— which we refer to as theoundnesse-
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DNF(Q,e) O rule | matching rule output (P,R)
< Ry |m, v mm, :[desc contains vhs] (1.,.8)
Ry |mgq :d Mg :[desc contains dvd] (1.,.8)
Ry |myq:vVd | Myg:[type = video] (1.,1.)
Ry |my :t i :[review contains tom] (.9,.7)
Rg |myp :h my :[name = "hanks,x"] (1.,1)
Rg |m. :c M, :[name = "cruise,x*"] (1.,1)
t =[in=ton _
h = [in=hanks] C = [n=cruise] Ry | myp:th en :[name = "hanks,tom"] |(1.,1.)
V = [format=vhs] @ = [format = dvd] Ry | my. :tc My :[name = "cruise,tom"]|(1.,1.)
(a) Matchings in query DNF. (b) Matchings and their mappings.

Fig. 6 Example queng@,,.., = t(h V ¢)(v V d) and its matchings with respect 1,,c, .

guirement {.e., a rule generates sound mappings). To deterinstance, sincév Vv d) will match rule R,, it follows that

mine such mappings, we can use source statistics (or perforii(v Vv d) = [type = vi deo] as given byR;.

sample queries) to estimate the precision and recall fer dif ~ On the other hand, if) does not match any rule, then

ferent mappings (as Example 10 showed) and choose the orly the completeness requiremeptis not a semantic unit.

with the highestF (P, R). In fact, we can also simply make In other words, we can construsi(@)) with the semantic

intuitive choices;i.e., in practice a closeness functionrist  units that are subqueries &f. For instance, since fa@,,.,

explicitly required when defining mapping rules, as Sec#ion we have found the matching subqueries in Figure 6, these

will discuss. semantic units will be thduilding blocksfor constructing
Secongwe require that there be one rule for every seman-S(@,,.q4). Such construction of complex mappings thus be-

tic unit— which we refer to as theompletenesquirement,  comes the main challenge of our framework, which we next

since it enforces necessary rules be suppliesesantic unit ~ discuss.

(e.g, v andw V d in our example) is a query whose closest

mapping cannot be constructed from that of its subqueries, : .

Since a semantic unit is “atomic” in query translation, its 6.2 AlgorithmNFB: Normal-Form Based Algorithm

mapping must be manually defined with a rule (and thus thi

requirement). Note that any individual constraint (such)as

Is clearly a semantic uni€.g, 1t andF; in Kp.q both de- . ) just discussed, AlgorithtNFB will construct the map-

scribe such smgle—cons.tram.t units. . ping of a given query from the semantic units that it contains
Moreover, a semantic unit can be a composite query (such 4 construct a complex mapping, we are essentially 00k-

asv V d). Our separability results (Section 5.2) show that jng for a rewriting using the semantic units. For instancei-c
query compositions can be inseparable (and thus form a unijger our example querg, _,. As we will see, we can con-
depending on the particuld (P, R). For instance, since for i ct its mapping from that of the units,;,, my., andm.,
F= RThresh(.7) disjunctions are not always separable (ac- (see Figure B)i.e., S(Q,,.,) = (T V i) (Teq). (Recall
cording to Theorem 1), a semantic umiiycontain disjunc-  hat77 denotes the rule output for a matching) In other
tions, e.g, as ink, andR4. (Obviously we only need arule \yords, we rewrite(), ., into a Boolean function of these
for interrelated disjunctse.g, we do not need one fdin = ynits: B, (1m41,, m1es Moa) = (men V 114e) (ma). (Note that
hanks] v [format = dvd].) Similarly, we may expecta se- a5 a rewritingB; is logically equivalent tag,.,.) We call
mantic unit with conjunctions (by Theorem £g, Ry such a rewriting alecompositionsince it breaks the query
In fact, as we discussed in Section 5.2, for any close-{nto the semantic units.

ness metric other than those with eitférmonotonicity or There exisimanydecompositions for a querg,g, B, =
P-monotonicity, neither disjunctions nor conjunctions are (mgn V mye)(my, V my) is another one fof),, ;. For query
ways separable, and thus a semantic unit may be any complexapping we want to find safe decompositigtin which ev-
query. Although in many cases a unit might be no more comery composition (conjunction or disjunction) is guaranteed to
plex than simple disjunctions or conjunctions (ashiR.i),  be separable. The optimal mapping can then be constructed
our algorithm can generally handle any complex units. straightforwardly from such a decomposition: We simply-sep
We stress that our soundness and completeness requirarate every composition, and thus only deal with the seman-
ments together enable thitvide-and-conqueapproach. To tic units by their rules. To demonstrate, note that is a
translate an original querg, if Q can match a ruleig,, safe decomposition— We can show that its conjunction and
it is a semantic unit), then we simply fire the rule to com- disjunction are both separable (respectively as Example 17
puteS(Q). Suppos&) denotes the rule output after matching and 14 of Appendix C discuss), and this is safe. Be-

@; the soundness requirement ensures &(@&) = ). For  cause®,,., = Bi, we can obtainS(Q®,,.,) or S(B1) as

SThis section presents the core algorithm of our framework fo
translating an arbitrary original query. Based on the ryke s
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Procedure:
01. (1) Rule Matching:

02.

Algorithm NFB: Normal-Form Based Query Mapping
Input: e (Q: an arbitrary query in the original context.

e K: the constraint mapping specification for a target system T w.r.t. a closeness criterion F.
Output: §(Q), the closest mapping of @ for T w.r.t. F.

e convert @ into DNF: DNF(Q) « ZZ] Dy, where D; is a simple conjunction of constraints.

10.

12. (2) Safe Conjunction:

17. (3) Safe Disjunction:

03. e find all the matchings mi,...,my of @ w.r.t. K by comparing DNF(Q) and DNF (m;)
04. (2) Safe Decomposition:

05. e B(mui,...,my) < SafeDecom(Q, m1, ..., my)

06. (3) Mapping Construction:

07. e compute m; for each m; actually used in B // fire rules for the relevant matchings.

08. e 5(Q) « B(mnx,...,my); output S(Q) // construct the mapping from B.

Function SafeDecom(Q, m1,...,my) = B(m1,...,m,), the unique safe decomposition of @

09. (1) Atomic Unit: // terminal case: if Q is already an atomic unit.
e if () = m;, i.e.,  is a matching: return m;
11. // otherwise, decompose Q into a non-trivial safe conjunction or disjunction.

3 m’“)
e if n > 1: // non-trivial conjunction, i.e., Q is decomposed into more than one conjunct.

13. e Q=CiN...\NC,, < SafeConj(Q, m1, ...
14.

15. // recursively decompose the simpler components.
16. return SafeDecom(Ch, my, ..

.,my) A...ANSafeDecom(Cr,my, ...

3 m’“)
e if n > 1: // non-trivial disjunction, i.e., Q is decomposed into more than one disjunct.

18. e Q=D V...V D, « SafeDisj(Q, m1, ...

19.

20. // recursively decompose the simpler components.
21. return SafeDecom(D1,mu,. ..

,my) V...VSafeDecom(D,,m1, ..., my)

7mu)

Fig. 7 Algorithm NFB for approximate query translation.

[S(men) V S(my.)]S(myq) (by separating every composi-
tion sinceB; is safe). Applying the rules for the units (Fig-
ure 6), we can construct the mapping fr@, i.e, S(@,,,.4)

= (Mg V Mge) Myq = ([Name =" hanks, t on'] V [name
="cruise, ton'])Atype = vi deo].

on Boolean normal forms (thus the naieB, for Normal-
Form Based). As Figure 7 shows, functiSafeDecom per-
forms this rewriting. The function takes as inputs a qu@ry
and semantic unitsu, ..., m, and output the safe decom-
positionB(m, ..., m,). As arecursive procedure, the func-

Therefore, the main challenge for mapping a query is totion decompose§ and the result subqueries into the seman-
find its safe decomposition. Our results (as we will see intic units. Obviously, ifQ is itself a semantic unit, no rewriting
Theorem 5) show that, in practical cases when such a deconis necessary; its mapping is defined by arule. Step (1) handle
position exists (which is typical when semantic units do notthis case, which terminates the recursive procedure.

“interlock”), the safe decomposition is unique (among many

possible rewritings). Our AlgorithFB (Figure 7) will find

Otherwise, a query that is not a semantic unit can be de-
composed (according to the completeness requirement dis-

such a unique decomposition to construct the closest mapcyssed in Section 6.1). In other words, we want to rewrite

ping.

Given a queryp and mapping ruleg, Algorithm NFB
will output the closest mapping ¢f with respect to the close-
ness metricF (P, R) that K is defined upon. Referring to
Figure 7,NFB consists of three steps. We will illustrate by
translating@,,,.; Using Ky..s (which defines the mappings

such a query into a (conjunctive or disjunctive) compositio
of simplerqueries that are separable. Step (2pafeDecom
will first try to rewrite @) into a separable conjunction (or a
safeconjunction) using subroutinBafeConj. When such a
safe conjunction does not exist, in which c&sdeConj will
return a trivial rewriting with a single conjunct.¢., @ it-

underF= RThresh(.7)), as Figure 8 summarizes. First, Step self), Step (3) will then decomposginto a safe disjunction.
(1) matches the rules to find the semantic units by comparingThis order of conjunction then disjunction is not critigaNe
query patterns in DNF. Section 6.1 discussed this step, rewill discuss later that whenever a non-trivial safe conjiorc
sulting in the matching units in Figure 6. Second, as we will exists,SafeConj will return non-trivial conjunctions, which

explain next, AlgorithmNFB formulates the safe decomposi-
tion B = (msr, Vmy.)(myq) using the functiosafeDecom.
Finally, Algorithm NFB simply constructsS(Q,,,.,) from B

as just discussed.

similarly holds forSafeDisj. Thus when) can be decom-
posed (conjunctively or disjunctively), eith&afeConj or
SafeDisj will make progress. In either cas8afeDecom
continues to recursively rewrite the new components inte si

To address the main challenge of constructing the safgler ones, until it eventually terminates when all compdsen
decompositionNFB systematically rewrites a query based become semantic units.
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Quea = t(h Oc)(v Od) K we have developed sufficient conditions (caledetycondi-
L tions) that imply separability. While not explicitly usey the
- algorithm, this safety is an essential underlying prineipive

Im,, ..., m thus present the formalism in Appendix C (Theorem 6 and

BT IR R SRR S R e AR AR EPRE I SRR T SRR EEE AR 7) We stress here that (aS Theorem 3 W|” State) any COnjunC'

: iti @ . . . .

: Safe Decomposition : tion thatSafeConj formulates will satisfy our formal safety
v v conditions {.e., Theorem 7 in Appendix C) and thus must be
‘Atomic Unit‘ ‘Safe Conjunction‘ ‘Safe Disjunction‘ separable.

: i As just discussed, we will illustrate by rewritir@,,,.,=
Cy:(th Vv te) A Cy:(v V d). Intuitively, to eventually form a
1 B = (my, Om,)(m,,) safe decomposition of),,., using the semantic units (see
Figure 6), we first form a safe decomposition for every con-
— junction in the former using the conjunctions in the latter.
S(Quea) = (g Limye) (1) We perform this process systematically by comparing them
in DNF, where conjunctions are explicit at the leaves (of the
Fig. 8 lllustration of AlgorithmNFB for query@,,., With respect query tree),e.q, Q,,.; has (thv), (thd), (tcv), and (tcd)
0 rulesKonea. as Figure 6 shows. In particular, we can rewritév) as
(t)(h)(th)(v) with four “subconjunctions” from unitsn;,
mp, Mg, andm,,. We can omit(¢) and (h), since they

‘ Mapping Construction ‘

Qe = HhOC)(v Od)|

i | are subexpressions @fh) and are thus redundarntd,, they
Safe Conjunction: will not contribute to the next step). Consequently, we have
(thOtc) O(v Od) rewritten@,,,., = (th)(v) V (th)(d) V (tc)(v) V (tc)(d) or
(thOto), | (@ 0d) V{(th)(v), (th)(d), (te)(v), (te) ()}
Safe Disjunction: Atomic Unit: Our goal here is to formulate a conjunction. Since the
(th) O (kc) My = (v Od) above rewriting is disjunctive, Step (2) &afeConj sim-
(th) (to) ply distributes the outer disjunction over the inner comjun
Ao Unit Ao Unit tions (using the standard Boolean algebra). Omitting redun
m,, = (th) ' m, = (tc) ’ dant conjuncts, we obtain a conjunctive fo@,., = F E»
th fe with two essential candidate conjundishich will form the
final conjuncts in the next stepf; = (th V tc) andEy =
‘ B = (my, Om,)(1m,,) ‘ (vVd).
Finally, Step (3) ofSafeConj will eliminate conjunction
Fig. 9 The safe decomposition process for quély,.,. redundancies by grouping thodg;’s with redundant con-

junction factors. We will explain this grouping separately
Since there is no redundancy betwen and F,, Step (3)

We illustrate howSafeDecom(Q,, .4, M, - - -, mtc) €X-  will simply group the conjuncts int&; = {E;} and &, =
ecutes (as called by AlgorithiFB) in Figure 9. In Step (2),  {E,}, and then formulate two final conjuncts accordingly:
SafeDecom will rewrite @,,,., (by calling SafeConj) into i.e, Q.0 = C1 A Cy,whereC; = E; andCy = Ej. (Ex-

a safe conjunctiod;:(th V tc) A Cy:(v Vv d) which is sep-  ample 17 in Appendix C verifies that this result is correet,
arablej.e, S(Q,,.y) = S(C1)S(Cs). Section 6.2.1 will ex-  the conjunction is safe and thus separable.)

plain this safe conjunction decomposition. The process the  |n general, redundancies between conjuncts (see Defini-
continues to decompose each new conjunct recursivelyeSinction 1) should be eliminated (by grouping conjuncts) for op-
Cy is not yet an atomic unit (thus Step (1) will fail) and it timal mapping. For approximate mappings wéttbitrary re-
cannot be decomposed conjunctively (thus Step (2) will alsccall, our conjunction safety results (Theorem 7, Appendix C
fail; see Section 6.2.1), Step (3) will then rewrite as a safe  require such non-redundancy for conjuncts to be separable.
disjunction Dy:(th) V Ds:(tc) which guarantees(C1) =  Intuitively, since recall may not be perfedte, R < 1),
S(D1) vV 8(D-). Section 6.2.2 will discuss this safe disjunc- guery subsumption mawgot be preserved in mappinge.,

tion decomposition. Finally, the recursive decompositdn X > ) does not implyS(X) D S(Q). A redundant factor
Dy, Dy andC» will all be handled by Step (1), which returns (such asX in Q = XY) may thus lead to suboptimal map-
atomic unitmyp, my., andm,q respectively. These “ground”  pings, rather than remaining redundant in mapping. (How-
cases will terminatesafeDecom(Q .4, ™, -- ., mic) 0 ever, in a special case suchAs: MinSup when perfect re-

output the safe decompositi@dh= (15 V myc)(mya)- call is guaranteed, conjunction redundancies can be etain
since query subsumption will be preserved [3].)
6.2.1 Safe Conjunction DecompositiohVe now focus on Definition 1 defines conjunction redundancies. To illus-

the algorithmSafeConj (in Figure 10) for rewriting an input  trate, consider quer§) = abc V bd; suppose that Step (2) of
query into a conjunction that is guaranteed to be separableSafeConj forms four candidate conjunctg} = abV b = b,
As a basis, to determine whether a conjunction is separablelys = abV d, E5 = ¢V b, andE4 = ¢ V d (with match-
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Function SafeConj(Q, m1,...,my) = Q = C1 A--- AN C, as a safe conjunction

01. (1) Conjunction Rewritinq

02. e let DNF(Q Zz 1 Dy; let DNF (m;) Zd”

03. // rewrite each D, usmq the DNF disjuncts of matching m; found in Q.

04. e for all D;: rewrite D, = H Z1, where each xlk denotes some dU in DNF(m;) s.t.:

05. - dlj Q Dl i.e., dlj is a subconjunction of D, // as simple conjunctions, d” is simpler than Dj.
06. - A d/ i 8.t dU is a subconjunction of dZ 1 // omit d;; that is simpler than other d

07. (2) C’onjunctwn Formulation: /| standard Boolean algebra to convert Q into a conjunctive form

08. e rewrite () into a conjunctive form (as a CNF of the i;’s), i.e., @ = H;zl E;, for all Ej s.t.:
09. // generate a candidate conjunct by combining I, in disjunctions.

10. E]‘ =Z1k, V-V Zmp,,, t.e., one Ty, from each ﬁl just rewritten

11. E; is not redundant in the conjunctive form of Q:

12. /| Ej is not redundant if it has at least a conjunction factor that is not redundant in Q.

13. 3X (as a conjunction factor) in CNF(E;) s.t. Vi # j and VY in CNF(E;), X 2Y

14. o &+ {El, el Ee} // let £ be the essential candidate conjuncts so formulated.

15. (3) Conjunct Grouping:

16. // eliminate redundancies: merge essential candidate conjuncts with redundant factors into a group.
17. e group Fi,...,E. (i.e., partition &) into disjoint sets £1,...,&x, e, E=E1U---UE, s.t
18. C; + Hﬁjegi E'j // let C; be the merged conjunction of the conjuncts in &;.

19. — there is no conjunction redundancy across C;’s: VX in CNF(C;),VY in CNF(C;),X 2Y
20. (4) Output: return Q =C1 A--- ANCp

Function SafeDisj(Q, m1,...,my) = Q = D1V ---V D, as a safe disjunction

This procedure straightforwardly parallels SafeConj as a dual algorithm; we thus omit the details.

Fig. 10 Safe conjunction and disjunction decomposition.

ingsab, a, b, ¢, andd). Step (3) will then group them into Let us illustrate this dual process by rewritioy = th v
&1 = {En, Es, B3} and€, = {E,}. In particular, comparing  tcof @,,.,. We start to make disjunctions explicit using CNF:
CNF(E1) = (b), CNF(E») = (aVd)(bVd), CNF (Es3) = CNF(Cy) = (t)(h Vv ¢). Comparing each disjunction to the

(¢ V b), we observe that bottb V d) in E; and(c V b) in Fs disjunctions of the units (Figure 6), Step (1) 8&feDis]

are redundant with respect {6) in i, i.e, (b Vv d) D (b) (dual toSafeConj) will leave () as is and decomposi V )
and(c Vv b) D (b). Consequently, they are grouped togetheras(h) V (¢). Step (2) then formulates a disjunctigih) V (tc)

to eliminate the redundancies. Th8afeConj will output  with two essential candidate disjuncts. Step (3) will meige

Q = C, A C,, whereC, = E,E,E; andC, = E,. Note  disjuncts with redundancies, which Definition 2 formally: de
that there are no redundancies between the final conjuncts. fines (parallel to Definition 1). Since there is no redundancy
SafeDisj will concludeC; = (th) V (t¢) as a safe disjunc-
tion. (Dual to what we noted for conjunctions, disjunction
redundancies will imply unsafety, unless perfect preciso
guaranteed as if= MaxSub.)

Definition 1 (Conjunction Redundancy)For a conjunction
Ciy AN --- A Oy, there exists aonjunction redundanclge-
tweenC; andC; (wherei # j) if X D Y, for some conjunct
X in CNF(C;) andY in CNF(C}). O

Finally, there are cases when a safe conjunction does nd@€finition 2 (Disjunction Redundancy) For a disjunction
exist, in which cas&afeConj will return @ in its entirety. D1 V --- V Dy, there exists a disjunction redundancy be-
For instance, consider further rewritigy = thvicofQ,,.,  tweenD; andD; (wherei # j) if X C Y, for some disjunct
(as we just obtained above). Step (18affeConj cannotde- X iN DNF(D;) andY” in DNF(D;). O
composegth) and(tc) because they respectively mateh,
andm;. entirely. Consequently, when a safe conjunction doe$5.2.3 AlgorithmNFB By formulating a safe decomposition,
not exist,SafeConj will simply return Q) itself as a single  Algorithm NFB will construct the best translation, as illus-
conjunct (which is certainly safe but makes no progress). Inrated. Essentially, based on the optimal mappings of seman
this caseSafeDecom will then continue to calBafeDisj to  tic units (as given by sound rules), and by respecting con-
find a safe disjunction instead. straint dependencies (as the units indicate) to preserve op

timality through query rewritingNFB guarantees the over-
6.2.2 Safe Disjunction DecompositioWe can use the dual all optimal mappings. Note thaliFB relies onSafeConj
process ofSafeConj (Figure 10) for constructing safe dis- and SafeDisj respectively for conjunction and disjunction
junctions. Given query) (and its matchings)safeDisj will rewriting. Therefore, the correctness WfB is guaranteed
rewrite () into a disjunction that is guaranteed to be separadf the rewritings of both compositions are safe. We state thi
ble. (Thatis, the resulting disjunctions will satisfy Tmem 6  correctness in Theorems 3 and 4, and give a proof in Ap-
in Appendix C.) pendix D.
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Theorem 3 (SafeConj Correctness) constraintz, which appears in a disjunction im,, . and a
Given a queny) and the associated semantic units, conjunction inmy,,.

We show that) does not have a safe decomposition. In-
tuitively, to rewrite@ using the semantic units, we must sep-
arateeither the disjunction (betweemy andz) or the con-
junction (between: andy). (Otherwise,Q remains mono-
lithic.) However,neitherwill be safe— The former, such as

— (soundness$afeConj will rewrite @ into a safe conjunc-
tion, and

— (liveness)f there exists a non-trivial safe conjunction for
@, then the conjunction thabafeConj returns is also

non-trivial. . in By = my, Vm., will break the dependency betweeand
z (as indicated byn,.) and thus is not safa.¢., it will fail
Theorem 4 SafeDisj Correctness) the safety conditions of Theorem 6 in Appendix C). Similarly
Given a query) and the associated semantic units, the latter will breakm,,,, such as inBy = myy.(m, vV m.),
S ) ) o which is also unsafe (formally by Theorem 7).
- (_soundness‘,BafeDSJ will rewrite @) into a safe disjunc- Since( has no safe decomposition, AlgorittdFB can-
tion, and , o S not construct one. That is, & cannot be decomposed con-
— (liveness)f there exists a non-trivial safe disjunction for jnctively or disjunctively (as just shown), neithi®afeConj
f;)_, Fhlen the disjunction théafeDisj returns is also non- nor SafeDisj can make progress. 0
rivial.
o When() does not have a safe decomposition, it still has a

. best mapping, but(@)) must instead be found among the un-
In addition to the soundness, Theorems 3 and 4 also asseg‘tﬁe decompositions. (Our completeness requirement in Sec

the liveness oSafeConj _andSafeDig!. Note that. the algo- tion 6.1 asserts thai(Q) can be constructed frosomede-
rithms may return a trivial composition (of the input query composition using semantic units.) While it is beyond the

itself), which is obviously safe but makes no progress @sinc scope of AlgorithmNFB, we discuss possible ways for han-
the goal is to decompose the query). However, the IivenesaIing interlocking cases,later
guarantees th&iafeConj andSafeDis) will do so only when Note that the existence of a safe decomposition depends

3 n(?n-ltr|V|iLcomp_(l)|5|t|or|: does not exit. In other WO_LOIIE th n the semantic units defined. As Example 12 observed, the
ual-aigoriinms will make progress whenever possivie, an verlapping (of common constrain} leads to the “interlock-

tmhgfmtg%it:ser eventually decompose an input query into Se|'ng” of conjunction and disjunction (thus neith8afeCon;

Our results (Theorem 5) show that, for any query with nor SafeDisj can make progress). We found (informally) that

o . I ; such interlocking units can typically result in the nonexis
a safe decomposition, AlgorithiNFB will find the unique tence of a safe decomposition. Definition 3 below character-

decomposition and thus construct the best mapping. (Ther%es semantic-unit interlocking. When a query involvesint

are dqases v;/hten assaLe dgcomposnlltc_)n may hOt ?X'St’mwmch)cking units, it may not be decomposable conjunctively or
we discuss later.) Such a decomposition is uniquely sate, andisjunctively. Example 13 will show how different types of

thus t_he resulting best mapping is unique. Please refer to Apmterlocking units can lead to unsafe decompositions.
pendix D for a proof.

Definition 3 (Interlocking Units) Letm; andm be two se-
mantic units; suppose th&8tNF(m;) = > ciij andCNF(m;)
= [1¢;;. We say thain; andm. are interlocking if any of
the following holds:

Theorem 5 (Unique Safe Decomposition)
Given a queryy and a mapping specificatidid w.r.t. a close-
ness criterion¥, if a safe decomposition exists:

— (uniquenessthe safe decompositionisiquefor @, i.e.,
any other distinct decomposition@fmust be unsafe, and

— (correctnessilgorithmNFB will find the unique safe de-
composition and outpu(Q) w.r.t. F.

1. (conjunction overlappingﬁu andd,. overlap, and none
is simpler than the other.
2. (disjunction overlappingg: ; and ¢, overlap, and none
0 is simpler than the other. .
3. (conjunction-disjunction overlapping) ; and ¢y, over-
However, depending on what semantic units are given, lap.

not all queries have a safe decomposition. When a safe de- o
composition does not exist, a query or some part of it (during
the execution ofSafeDecom) cannot be decomposed dis- Example 13 (Interlocking Unitdjor each type of interlock-
junctively or conjunctively. Consequently, neitf@afeConj  ing in Definition 3, we show that a query containing inter-
nor SafeDisj can return a non-trivial composition (as one locking units may not have a safe decomposition.
does not exist). The following example illustrates suchian “

terlocking” case. Case 1:Consider quen@ = xyz with matchings (written

in DNF) m; = (zy) andms = (zz). Note thatm; andms
Example 12Consider query) = zy V z with semantic units ~ are interlocking, becausé; = zy andd,; = zz overlap
Mgvz = TV 2, Mgy = TY, My = &, my =y, andm, = (with a common constraint), while one is not simpler than
z. Note thatmn, . andm,, are overlapping with a common the other.
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We show that) does not have a safe decomposition. To choice between rewritingB; and B; illustrates such “ambi-
see why, note that, as a simple conjuncti@rrontains no dis-  guity.” This ambiguity in mapping can be resolved explicitl
junctions and thus can only be decomposed as a safe conjunby a more “complete” mapping specification that defines ad-
tion, if any. We can enumerate all the possible conjunctiveditional rules for the interlocking patterns. For instanee
rewritings (without redundanciesp; = (z)(y)(z), Ba = can define a rule for patterty Vv z to remove the ambiguity.

(z)(y2), Bs = (v2)(y), andB, = (xy)(z). None of them are When there does not exist a safe decomposition, Algo-
separable, because aBywill break the dependency of either iih 1y NEB will not be able to construc§(()). We can ad-

(xy) of m or (x2) of m». (We can show that all these rewrit- o5 these exceptional cases in two ways: First, we may sim-
ings v_V|II_fa|I the.safety test of Theorem 7 in Appendix .C..) ply require these interlocking patterne.g, zy V z) be de-
_Itis instructive to observe hoBafeConj andSafeDisj  fineq py rules as just described. Alternatively, we can fid al
will both return a trivial rewriting. AS) contains no disjunc- ngate decompositions, estimate the closeness of eaah corr
tions, SafeDisj will return ) as a single disjunct. It is more sponding mapping, and select the bes§&9). Note that it is

interesting to see whaafeConj does: Step (1) will rewrite  ,oqjpie to estimat® andR and thus the closeness of a con-
the (only) conjunctionry z as(zy)(x2). After Step (2), itwill - ¢ cted mapping; we discuss such estimation in Section 8.
formulate two candidate conjunctsy) and (zz). Step (3)

will then merge the conjuncts (which contain a redundant fac
tor z) and thus return a trivial conjunction.

Finally, we conclude by analyzing the running time of
Algorithm NFB. The dominant cost is query normalization
(whichis not surprising since AlgorithidFB is normal-form
Case 2:Consider query) = = Vy V z with matchingsn; = based). First, in Step (INFB must convert the query into
(zVy) andm, = (zV z). We can similarly show that, as the DNF for rule matching. Further, Step (2) will use subrousine
dual of Case 1, andm- are interlocking and there does SafeConj andSafeDisj (throughSafeDecom), which will
not exist a safe decomposition f6r. need DNF and CNF conversion. (Note that the normalizations

can be done only once and reused throughout the process.)
Case 3:Example 12 illustrated this case, where,,. and  Sych a conversion is in general exponential in the number
may are interlocking. O of query constraints (because the Boolean satisfiabiliyppr

We believe that such interlocking units (and thus the IOO_Iem is NP-complete [37]). However, this conversion has been

tential ist f safe d i il b - well studied and practical algorithms have been proposed in
ential nonexistence of safe decompositions) will be rare i the literature [38]. Therefore, for queries of practicades,

pracufe. As we n,?tEd. above, interlocking OCCL_Jrs.bmweenwe believe this normalization can be reasonably efficient.
such “overlapping” units asq,, andmgy.. That is, inter-
locking will happen only when a constrairg.¢, = in our ~ Further, the other steps of AlgorithMFB are quite effi-
example) can participate in two different uniesd, m,, and  cient: Consider a quer§ and rulesk’ as input. LetD¢ and
m,y.) that are not simpler than each other. For increasinglyV¢ be the number of disjuncts and constraints-per-disjunct
more complex unit®.g, (z), (zvy), and(zVyVz), nointer-  IN DNF(Q); similarly, let Dz and N be those of the DNF
locking will form. Because a semantic unit represents inter query pattern in a rule. Le be the number of rules i .
dependencies among its constraints, such complex interloc With these input size parameters, rule matching of Step (1)
ing is very unlikely in practice. In fact, in our case study of Will take time O(NoNrDqDgR): It will match each pair
real mapping systems (see Section 7), we observed no sudf constraints (thus the factdfo N), for each pair of query
“anomaly” instances. and rule disjuncts (thus the factdl;, D), and for each rule

It is interesting to observe that interlocking will not oc- (thus the factor). Finally, Step (3) will take time 0 (1),
cur when either perfect recall or perfect precision is guar-where) is the number of matchings actually used.
anteed, as if= MinSup and = MaxSub. For instance,
consider the cas&= MinSup with perfect recall, as Section
6.2.1 noted, conjunction redundancies— such as overlgppin
constraints in cc.)njuncts.— will no.t cause ur_15afety in magpin_ 7 Practical Implications: A Case Study
Consequently, interlocking conjunctions in Case 1 of Defi-
nition 3 can indeed be safely separated. That is, a decom-
position B = (zy)(zz) for query@ in Example 13 (Case 1)
is actually safe foMinSup. Further, with perfect (and thus To verify that our framework makes sense in practice, we ex-
maximal possible) recall, semantic units cannot havedisju plore several sources on the Web. We wish to study how to
tions (by Theorem 1). Thus, neither Case 2 nor Case 3 ofprogram” our general framework for a specific mapping sys-
Definition 3 can occur. Consequently, no semantic units willtem. In other words, we will demonstrate the mapping rules
interlock. We can similarly show faF = MaxSub. for a representative scenario. Through this concrete el@mp

We stress that, in any case, one can avoid the nonexisve also want to understand practical issues such as the ease
tence of safe decompositions by simply defining additionalof composing rules, the number of rules typically required,
rules for “ambiguous” query patterns: When a safe decom-and whether approximation is essential in practice. Thé®ca
position does not exist, no rewritings are “clearly” the tbes study is based on a similar scenario that is available online
for constructing a mapping. For instance, in Example 12, thefor demonstrating our translation server (see Section 9).
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7.1 A Book-Search Mediator as they share some common constraietg; E, E3, andE,
are reused fronB,, B3, andBj,.
Let's consider building a book-search mediator that irdées Furthermore, we indeed observed no instances of inter-

online sources Amazonat wwv. amazon. comand BN at  locking units (as Section 6.2 discussed). Note that seman-
www. bar nsandnobl e. com(both are online bookstores), tic units essentially indicate the correspondence oftattess,
EB atwwmv. evenbet t er . com(as a comparison shopping Such as theonjunctionof In andfn versusauthor (or sim-
service), andSocratesatsocr at es. st anf or d. edu (the ~ilarly month andyear versusdate) and thedisjunctionof
Stanford library online catalog, currently not publiclycas- ~ format versustype. We have observed no attributes involved
sible). Our scenario assumes that the mediator integtzgest In both types of correspondence, without which unit inter-
sources by adoptingmazoris query context and thus needs locking of Case 3 (Definition 3) simply cannot occur. For
translation for the other sources. Case 1 (and similarly Case 2) to cause unsafe decomposi-
We will thus demonstrate constraint mappings frama- ~ tions, as Example 13 illustrated, the same constrarg, (
zon to respectivelyBN, EB, and SocratesFor each target ¢ = [fn =t onl) mustappear in different semantic uniesd,
source, we compare its constraint vocabulasy,(supported ~ #¥ @ndzz, wherey = [In = hanks]andz = [In = cr ui se]),
constraints as described in the specific query interface angndin additionthese units must appear in the same query
the documentation) with that @fmazonand define the map- COMPposition €.9, @ = zyz). We again observed no such
ping rules. As Figure 11 shows, we need seven rule@fgr ~ COMPplex compositionsg, in this exampleyyz is in fact not
six rules forSocratesand seven rules fdEB. As Section 6.1 & reasonable query). Our algorithm will thus generate uniqu
discusses, each rule gives the best mapping (using as mu&§¢St mappings in practical cases. _
as possible the source query capabilities) for the matching While our framework is formally supported by the notion
semantic unit with respect to the closeness metric, which wéf closeness, a closeness functiomet explicitly required
assume to b¢F = PThresh(.7). In fact, in practice it isot when defining a mapping rule. That is, given a semantic unit,

required to explicitly consider the closeness functionwas W€ canintuitively select its best mapping among competing
will discuss in Section 7.2. choices (without explicitly computing their closenesshndt

For instance, rules, , . .., B, map the constraints on at- metric as in Example 10). As long as the selection is reason-

tributestitle, In, fn, subject, andformat in theAmazor? con-  @Ple (in particular it does prefer a mapping with both higher
text to ones ortitle, keyword, author, subject, andformat ~ » @ndR), there probably will be a monotonic function that
in the BN context. Note that when defining rules, we only SUPPOItSs the selection. Thus the selected mappings are effe
need to focus on the correspondidgstersof attributes in tively defined with someémplicit metric that corresponds to

either contexts. For instance, clus{ém, fn} at Amazoncor-  the “intuition” of selection. However, we stress that, agdh
responds tq author, keyword} at BN, whose mappings are rem 5 states, our algorlt_hms will preserve _the optimalityhwi _
given byB,, B;, andB,. In addition, note thafue (atrivial ~ '©SPECt o any monotonic closeness metrics that the mapping
superset) andvalse (a trivial subset) are both possible map- "U€s conformto, be it explicitly or implicitly.

pings (when no better ones exist, as in res Es, andE;), . Furthermore, our case s_tudy shows thgt the.general no-
which will effectively remove the matching units from the tion of approximation (as this paper specifically introdsjce
translated query. is truly essential for a “usable” query-mapping framework.

Observe that, among the twenty rules in Figure 11, only six
(Bs, By, By, S1, E3, E,) are perfect mappings, a ratio of
30% — the othef70% are not possible without approximation.
Moreover, we need a general framework that can deal with
] all types of approximation,e., supersetsd.g, B, S»), sub-

Our case study shows that the query-mapping framework thagq g €.9, Es), and hybrid mappings that contain both false-
we have pres_,ented can be easily applied in practice. Th_e NUNkositives and false-negatives g, B», Bs). The approximate
ber of mapping rules are small: Observe that constraint deang|ation technique presented in this paper can thustye ve
pendencies exist only within a cluster of attributesy( {In,  helpfulin practice. We have studied additional scenagag,(

fn} as inB, and{format} as inSg) and are typically simple.  gpjine real estate search and job opening search involving

Thus we will only need a few more rules (that describe com-ap0yt ten sources) to the one presented here, and in all cases
positional units) than the number of atomic constraint pat-,e nave found our observations to hold.

terns in the original context. In addition, note that we only
need a rule for a quergattern(e.g, [subject O S1] of Bs)
when itsinstantiations(e.g, [subject = "web design"] 8 Estimating Precision and Recall
and[subject starts "web"]) share the same way of map-
ping, which we found to be true in our study. Furthermore, it
is often possible to reuse mapping rules for different sesirc

7.2 Observations

While our algorithm generates best mappings, it does not
compute how “close” they actually are. Given a quély
Algorithm NFB finds the uniqueS(Q) (Theorem 5) by ob-

1 We performed this case study in February 2000. serving safety in decomposition; in particular, it does s

2 SinceAmazondistinguishes the first and last namesainthor ~ the P andR parameters to compute and compare closeness
attribute, we separate it inta andfn in translation. among choices.
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Target Source: BN (BarnesAndNoble.com) at www.barnesandnoble.com
By) [title O T] = W = WordsIn(T); emit: [title contains W]

Bs) [fn = F] — emit: [keyword contains F]

Bs) [In = L] = A = LnFnToName(L, null); emit: [author = A]

By) [In = L]Afn = F] = A = LnFnToName(L, F); emit: [author = A]

Bs) [subject O S1]; EqualsOrStarts(O) — S2 = MapSubjHeading(S1); emit: [subject = S2]
Bg) [subject contains W] — S = SubjKwdToSubjHeading(W); emit: [subject = S]

By) [format = F1] — F2 = MapFormat(F1); emit: [format = F2]

Target Source: Socrates at socrates.stanford.edu

S1) [title O T] +» [title O T]

) [A = NJ]; LnOrFn(A) — emit: [au contains N]

) [subJect O S1]; EqualsOrStarts(0) — S2 = MapSubjHeading(S1); emit: [subject = S2]
S4) [subject contains W1] — W2 = MapSubjKwd(W1); emit: [subject contains W2]
) [format = F] — [keyword contains F]
) [format = hardcover]V [format = paperback] — True

Target Source: EB (EvenBetter.com) at www.evenbetter.com
E,) [title O T] = W = WordsIn(T); emit: [title contains W]

E,) [fn = F] — emit: [keyword contains F]

E3) [In = L] = A = LnFnToName(L, null); emit: [author = A]

E4) [In =L]A[fn = F] = A = LnFnToName(L, F); emit: [author = A]
Es) [subject O S] — W = WordsIn(S); emit: [keyword contains W]
Es) [format = F] — emit: False

E;) [format = hardcover]V [format = paperback] — True

Fig. 11 Rules for mappingAmazonto different sources.

However, in addition to finding best translations, in many  This section therefore presents simple formulas for esti-
cases it is desirable for a complete system to indicate the remating? andR. As we will see, the formulas are not ac-
sulting closeness. For instance, such estimation can lfeluse curate, but we believe that they are reasonable for approx-
for the following applications. imately measuring the closeness of mappings. Our goal in

presenting the approximation formulas is simply to shovt tha
(query optimization) If there are alternative query plans, the such “reasonable” formulas exist. It is beyond the scope of
estimation can enable cost-based optimization for distgith ~ this paper to show experimentally how well these formulas
processing. For instance, among comparable soueegs (Work in practice. Again, these formulas are a complement to
similar online bookstores) for querying, a mediator may-pre our translation machinery, but are not essential. We al$e no
fer one that can execute a query more closély,(with a  that our estimations are analogous to what query optimizers
high-closeness translation). have done to estimate query result sizes.

(unsafe decompositionsPur algorithm relies on a safe de- Since a mappind/ of query( is constructed fron@)’s
composition to find the best mappings, as Section 6.2 dissemantic units, we estimate ti#g R parameters of the for-
cussed. When a safe decomposition does not exist, the estiner based on those of the latter. Essentially, we must esti-
mation can help to determin®(()) among unsafe decompo- mate how? and R evolve through Boolean compositions
sitions. (that combine basic units into complex queries). In partic-
ular, let M, and M, be respectively mappings for queries
(system designWhen designing a mapping system (choos- A and B. Suppose thad/, approximatesd with precision
ing sources, determining a closeness metric, and develogP, and recallR,, and similarlyAf, with P, andR,. Conse-
ing rules), we believe that estimating closeness can be valuguently, what is the precision and the recall when we comside
able for comparing various design decisions. For instance(M, A M,) as a mapping for the composite quédy/ A B)?
if 7= MinSup results in low estimated precision, one may In other words, we want to findP,np, Raas) in terms of
consideRThresh(.5) instead. (Pa, Ra) and(Ps, Rs). (We will consider disjunctions later.)
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To begin with, we can compute the recall with Eq. 6: Observe that the first-order terms in Eq. 16 are er{ldA
I(AAB) A (Ma A M) Ma) ando (B A Mb). Intuitively, since aquery anq its map-
Ranb = ping must be highly correlated (relatively to arbitrary @d

(ANB) pendent queriesy; (A A M,,) is of the same “magnitude” as
_ [(ANM) A (B A M) (12) o(AAA)oro(A), and similarlys (BAM,) aso(B). Incom-

(AN B)| parison, the other terms are (at least) a magnitude smaller;
We then must estimate the sizes of the queriesin Eq. 12. Note.g, o(A A M) is of the same magnitude agA A B).
here we only need their selectivities (or size relative te th Furthermore, note that by Eq. 6 we can widted A M,) =
database), which we denote by(Q) for a query@Q. As a  o(A)-R, anda(B A M) = o(B) - Ry. Therefore, the first-
conjunction, we can writg(A A B) asa(A) - o(B) - Cyp,  Order approximation of Eq. 16 become§ A v B) A (M, V
with some factoiC,; that models the “correlation” between M;)) ~ o(A) - R.+ o(B) - R,. Finally, substituting these
A and B. Intuitively, if A and B are logically independent, size estimates into Eq. 15, we obtain tiat,, is simply the
this correlation factor is simpl¢,, = 1. Otherwise, we will  weighted average d®, andR,. Similarly, we can derive the
seeCy; > 1 for “positive” correlation and”,,; < 1 for “neg- P.ve-estimate, as Eq. 18 shows.
ative” correlation.

Our estimation is based on assuminmtpiased mappings Ravy ~ 0(A)-Ra+0(B) R
in which the correlation betweed and B is preserved in o(A) +o(B)
translation. In particular, we assume that mappifgsand = wavg[o(A), 0(B)](Ra, Rs) (17)
M, have the same correlation dsandB do. In other words,
we can estimate (M, A M) ~ o(M,)-a(M,) - Cup (Which Ra Ry
Eq. 14 below Wi$| need). ()Zonse(que)ntlj, th)e correlation be-  Fevs & wavglo(A) P, o(B)- Py 5, )(Pa;Pp)  (18)
tween(A A M,) and(B A M,) is also (approximately) the
same, and thus we obtain((A A M,) A (B A My)) =
a(A N M,) - o(BA M,) - Cy. Substituting these relative 9 Conclusion
sizes, we can estimate the recall. Similarly, Eq. 14 shows th
P, p-€Stimate. In this paper we have presented a framework and the associ-
o(AAM,) o(BA Mb) Cup ated algorithm for approximate query translation. Our feam
Rant =~ 7(4)-o(B) - C work is robust under any closeness metric that monotowicall

ANM BA M combines both precision and recall. We also presented our
= o a) . o( ”) =R, Ry (13) results on the separability and safety of query compostion

a(4) o(B) These results are critical for the development of any algo-
_ _ rithm that attempts approximate query translation. OurAlg
Pany ~ o(AAM,)-o(B A M) Cap rithm NFB will generate a unique best-mapping in the practi-

o(Ma) - o(Mp) - Cap cal cases when queries have safe decompositions. Finally, w
_oANM,) o(BAMy) _ oy o (14y  Presented simple formulas for estimating translation elos
o(M,) o(My) o ness.
We next consider the estimation for disjunctions. Thatis, ~ Although we present our approach specifically for trans-

given(M, vV M,) as a mapping fofA v B), we want to find  lating queries across contexts, we believe its generadity ¢
(Pave, Ravs)- By Eq. 6, we compute recall as support much broader heterogeneous problems. For instance

the framework can be applied to mdptaand queries across

((AV B) A (Ma v M) (15) ontologiesIn fact, we have studied in [24] how to model data

[(AV B as conjunctive queries and thus apply the minimal-superset

It seems less clear how we can estimate the relative sizeslgorithms [3] for data translation.

or selectivities of disjunctions. (In fact, we have not seiem- We have implemented the approximate query translation
ilar analysis for disjunction selectivity in the literaty Our  mechanism described in this paper in the Stanford Digital
estimation is essentially first-order approximationwhich  Libraries Project. Our implementation of an online transla
will only count the most dominating terms. To begin with, we tion server is available for demonstration. While the back-
can writeo(AV B) = o(A) + o(B) — o(A A B). We will end translation server is generic, we program it (by defining
approximate with only the first-order termg A) ando(B), specific mapping rules) to demonstrate a particular traiosla
since in comparisot (A A B) is a “magnitude” (of selectiv-  scenario of online media search (Section 7 presented aisimpl
ity) smaller; thuss (A V B) ~ o(A) + o(B). Furthermore, fied version). The demonstration can be accessed at the URL

Ravb =

we can compute the numerator of Eq. 15 as htt p://ww+db. st anf ord. edu/ ~kevi n/ aqt .
o((AV B) A (My V My))
= o((AA M)V (AAM,)V (BAM,)V (BAM,)) AcknowledgementsWe thank the anonymous referees for their re-

_ (A A view comments, which improved this paper and in particupad
= 0(AANMa) +0(ANMy) +0(BAM,)+0(BADM,) to identify and correct an error in Theorem 1 (and the dualdFhe

4o (16)  rem 2) of our initial manuscript.
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Appendix 0

Proof (if) We first show that ifF requires maximal recall,
then disjunctions are always separable. We will prove by con

. . . tradiction. Assuming that for som@, S(Q) cannot be com-
We show that Assumption 2 indeed holds fdmSup and puted byS(Ds1) V - -- v (D). Let us denote the former by

MaxSub. We will specifically considetF = MinSup or 9

3 L S (i.e, S(Q) = S) and the latter byM (i.e, S(Dy) V ---
RThresh(1); the dual cas&laxSub can be shown similarly. A )
Let M; = Bi(m,....m3) andS; = S(Qs). Assume that Vv 8(D,,) = M); note thatS # M. Our assumption is thus

. F[S,Q] > F[M, Q] (where we assume there is no tie be-
forsomeM;: M; # ; and consequently tweenS and M, or otherwise one can simply choaséQ)
FISi,Qi] > FIM;, Qil, = M). Becaus¢/ is monotonic inP andR, S must have (at
least) higher recall or higher precision. (Otherwiggs, )]
where we assume they do not tie, or otherwise one can reagannot be higher tha®[M, Q].)

A Compositional Monotonicity

sign to makeS; = M;. We will show that We argue that' cannot have higher recalAssume that
R[S, Q] > R[M,Q],i.e,|SAQ| > |M AQ|. There thus ex-
FIMy© -0 My, Q] <F[S1 © -+ © S, Q] ists an answed for @, which is retrieved bys but not by M.

Sincea matches) = D, V- --V D,,, it must match som®;.
However, sincex is not in M, it was not retrieved bys(D;).
Thus,S(D;) cannot have maximal recall, a contradiction to
what F requires: The mapping(D;) v S (which is a valid
mapping based on our Boolean closure assumption) will have
higher recall, since it retrieves enti& D,) plus at least.

Note that whileS cannot have higher recall; guarantees

Therefore S(Q) = M; ® --- ® M, cannot hold and thus a
contradiction.

Any constructed mapping/; (including S;) must have
perfect recallj.e, R[M;,Q;] = 1 orQ; C M,. Sincem; =
S(mj) as given by the rules with respectfs= RThresh(1)
(Eq. 7), it follows thatvj : m; C iy, and thus

Q, = Bi(m1,...,my) C Bi(m, ..., my) = M;. thatS has maximal recall, at least equal to thafiéf That is,
’ R[S, Q] = R[M,Q],0or[SAQ| =M AQ|. )
We show that for thos@Z; # S;: M; D S;. As showed Thus S has higher precisioni;e., P[S, Q] > P[M, Q]

above,F[S;, Qi] > F[M;,Q,]. SinceF= RThresh(1) as  or|S A Q|/|S| > |M A Q|/|M]|. It follows from |S A Q| =
given in Eq. 7, it follows thatP[S;, Q;] > P[M;,Q;]. As-  |M A Q|, as just obtained, thas| < [M].

suming that\/; 2 S;, we shall derive a contradiction: First, BecausdS| < |M|, it must follow thatdM ¢ S. Since
(S; A M;) must be supported by the target source as gth M = S(Dq) vV --- Vv S(D,,), there must exist somB; such
and)M; are, according to Assumption 1. Second, the conjuncthatS(D;) € S. Let us now focus on thi®;.

tion is a validMinSup mapping of@;, i.e., S; A M; D @, We will show thatS(D;) cannot be the closest mapping
sinceM; O @; andS; O ;. Furthermore, the conjunctionis for D;, a contradiction. To see why, note that by supporting



22

bothS(D;) and S, the target must also supp@&tD;) A S
(by Assumption 1). We show that, fdp;, (S(D;) A S) is a
closer mapping thas§(D;) by the monotonicity ofF (P, R).

— (8(D;) A S) andS(D;) have equal recall: Assume their
recall values are different; sincérequiresS(D;) to have
maximal recallS(D;) must have higher recall. There thus
exists an answed for D;, which is retrieved byS(D;)
but not byS, although sucl must also matcky). ThusS
cannot have maximal recall f@p, a contradiction, since
S(D;) v S will have higher recall by retrieving.

(S(D;) AS) has higher precision tha${ D;) does: Since
S(D;) € S, itfollows thatS(D;) A S C S(D;) and thus
|S(D;) A S| < |S(D;)]. Therefore(S(D;) A S) indeed
removes some false-positives that weresiD;) but not
in S. Formally, together witiS(D;)AS)AD; = S(D;)A
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it is obvious that none of them will make better mappings,
since onlyS; and T; contain the relevant objecta,(, ...,
a;x) for D;. For instance, the disjunctidib; v S;) needs not
be considered, as it will have the same recall but lower pre-
cision (P = .5) as compared t&;. Likewise, conjunctions
like S; AS; = ¢ andS; AT = S; will not results in better
mappings.

For any F that does not maximize recall, we show that
there exists a case (as characterized by paramieterandn)
in which F will determine thatS(D;) = S;, i.e., F[S;, D;] >
F[T,D;]. SinceF does not always maximize recall, there
must exist P, , Ry) and(P», Rs), whereR; < R», such that

F(Pr,Ry) > F(P2, Ra).

Our proof will use the following statement, which orders
the? andR parameters. We give a proof separately.

D; (because they have the same recall, as shown above),

P(S(D;) A S), D]
IS(D) ASA D
~ [S(D)AS

|S(Di) AD;i| _ N

(only if) We show that, ifF does not maximize recall, it is
possibleto construct a scenario with, in which a disjunc-
tion is not separable. Thus disjunctions are al@tayssepa-
rable in every scenario that us&s That is, at least the identi-
fied scenario is a counter example (although obviously ther
can be other cases when disjunctions are separableAyith

We construct the scenario as follows. In this example we

represent a query with the set of answer objects thgt

matches (as in Section 4 where a “calendar” query is rep-
resented with the months it covers). Assume a target systerIB

supports only the native queriss, . . ., S,,, andT’, as defined
below, as well as their Boolean combinations (according t
Assumption 1). In these queries, we use integer parameters
n, andk; they will be determined later.

Si ={a“,...,aie}
T = {an,---,a]e,a1(e+1)=
a21; .-, 2e; A2(e+1);
...... s
Aply - - -7aneaan(e+1)}
=S5 V---VS, Vv {al(e+1),...,an(e+1)}

Suppose that the mediator supports quefigs. .., D,
defined as follows, wherke > e (and thusD; D S;).

D; ={a;1,...,ai}

Let's translate each; to findS(D;). Consider the poten-
tial choicesS; and7'. The respective precisions and recalls
are as follows:

- 57 . Pg = ’P[S“Dl] = ].,RS = R[Sl,Dl] = %
—T:Pp=7P[T,Dj] =L Ry =R[T,D;] = &
To find S(D;) for D;, observe thab; andT are the only

comparable choices. In particulét; whenj # i is “irrele-
vant” to D;; its P andR are both zero. While the source can

also support any Boolean combinations of the above queries,

0,

a. Given(P,, Ry) and(P», R») as above, there exist integer
assignments of, e, n, such thatR; < Rs < Ry < Rs,
Pr < Py,andP; < Ps.

With the ordering of closeness parameters that Statement
(a) asserts to exisf; will be a better mapping foD,. The
monotonicity of 7 implies the following ordering of close-
ness: First.F(Ps,Rs) > F(P1,R,) becauseRs > R;
andPs > P,. Second,7(Pr,Rr) < F(P,, Ry) because
Rp < Ry and Py < P,. Consequently, we conclude that

e}—(PS;RS) > f(PT,RT), i.e.,

We next show tha) = D, V- -- V D,, is not separable,

S(Q) # S(D1)V---VS(Dy) 0rS(Q) # S V-V S,
enotingS = S; vV --- V S,,, we show thafl” will be a better

mapping thanS for @, and thusS(Q) # S, based on the

e,

following analysis of? andR:
- S8=8V-VS:P[SQ]=1R[SQ] = £
- T:P[T,Q] =1, R[T,Q] = <L
Therefore,7 must determine thdf is a closer mapping

thans for (), becaus@” has higher recall while both have the
same precision. Sincg is monotonic,

F(PIT, QL R[T, Q) > F(P[S, Q. R[S, Q)).

We thus concludé(Q) # S,i.e, S(Q) # S(Dy)V---V
S(D,,), i.e., Q is not separable.

(a) First, we show thal?; < Rs < Ry < R,. SinceR; <
R, as given, there exists a real numhbebetween them,e.,
Ry < u < R». Assignk such thaty < R, — u (which is
possible sincé& can be arbitrarily large),e.,

1
— <R
“+k< )

We then assigm such that; = u ore = uk. Since we
derived thati?s = £ and thatR = e+l "hoth can be written
in terms ofu as

(19)

k

Rg (20)

(21)

1

RT:U-F%



Approximate Query Mapping: Accounting for Translation €dmess 23

Consequently, we derivB; < Rs < Rr < R,: Since is not safe to separat@; (and in factS(Qv,,) # S(Dy) V
Ry; < u < Ry, by Eq. 20,R; < Rs < R». It follows from S(D3)). Intuitively, some decomposition @f, doesnot sep-

Eq. 20 and 21 thaRs < Ry. Lastly, R+ < R, by Eq. 19. arateD; and D,. To illustrate, note tha€), has matchings

Second, we show thdt, < P». GivenP,, sincen canbe  m,, mq, m,q, andm; (see Figure 6) with respect #9,,.4.
arbitrarily large, we can assignsuch that}—l < P,, and thus Not all decompositions built on these units will separate
Pr < Ps. D; andD,, e.g, By = mym,g. Infact, as a pure conjunction,

Finally, it is immediate thaP; < Pg, because’s = 1, B, cannot be written as sonigy; V By, that corresponds to
the maximal possible recall. | D; and D,. In other words, if we first separate; and D5,

_ _ - we cannot subsequently derive the decomposiBipn

Theorem 2 (Conjunction Separability) The separation is therefornsafe because the missing
With respect to a closeness criterigf(P, R), conjunctions  gecompositiomaylead toS(Qs). In fact, B, is indeed such
are always separable, i.evQ = Ci A--- A Cn: S(Q) = 3 decomposition; the corresponding mappldg = 77 iug

S(Cy)A---AS(Cy), ifand only if any closest mapping under (see Figure 6) is the closest @,. To verify, we can write
F has maximal pos_sible precision, i.e., for any quarand Qs = t(v Vv d). As given by ruleRs, mi; best translates,
any arbitrary mappingV/: and similarly7, 4 for vvd (by rule R,). Note that the two
translations can be separately done, sificeonstraints are
PIS(X), X] 2 PIM, X] independent oformat ones (in particular, they are not jointly
O involved in any semantic units that the rules define). Thiys
based om3; is the best mapping. |
Proof The proof parallels that of Theorem 1. We hence omit
the details here. 0 Observe that), (of Example 14) contrasts witl), (of
Example 15) in that the disjuncts in the former fonmnew
semantic units. The matchings ©f, can either be found in
C Safety for Separating Compositions Dy (i.e, my, my, myy) OF Dy (i€, my, m., my.). Since no
semantic units span across the disjuncts, every decomposi-
This section develops the safety conditions that guarantegon (with these well-separated units) must implicitly aegte
a particular query disjunction or conjunction can be sepa- D, andD,. In contrast, matchingz,4 of @, can be found
rated. That is, our safety conditions are gficientcondi- in neither disjuncts. Consequently, a decomposition with t
tions thatimply separability of a composition. As Theoreins  “cross-unit” .9, B; = mym.q) will merge the disjuncts. In
and 2 show, query compositions may not generally be sepaother words, by separating, andD,, we cannot usez,; to
rable. This section discusses hown@chanicallydetermine  construct the safe decompositii. In fact, missingn,q is
whether a composition can be separated or not, based on thgitical because it perfectly maps the facterv d) (Exam-
associated semantic units. Example 14 starts by showing thgle 15).
we can separate a disjunction if all the possible decomposi-  Therefore, to determine if a disjunction can be safely sep-
tions already do so. arated, we must check the effect of the disjunction against

. . . . - each semantic unit. Theorem 6 formally states the safety con
Example 14 (Disjunction Separatio@onsider quen(, = y y

X ! ditions for disjunctions, which Example 16 then illustiate
Dy:th v Ds:te (a subquery ofy,,.;). As we will see with We give a proof in the next section.
Theorem 6, it is safe to separaly andD-, i.e, S(Q,.) =

S(D1) V 8(Ds). Note that since), does not match a rule  Theorem 6 (Disjunction Safety)Let disjunction) = D; V

in Kynea, We can construct(Q,) from some decomposition ...y p, where there are no disjunction redundancies. Let
using its sgbquery matchings (Section 6.1). Iq particulgr, CNF(D;) = Cit A -+ A Cip, . Q is separable w.r.t. ruleg
has matchingsu:, mp, m., ms,, andmg. (see Figure 6). if, for everyC' = Ciz, V - - V Cpy, , either of the following

Intuitively, @, is separable because gmytentialdecom-  pods:
position in terms of these semantic units must implicitlgse _ 5 _ 5
arateD; andDs. Let us verify with some alternative decom- 1. for every matching of @ w.rt. K, if o C C' thenm C

positions.e.g, B1 = myy V my.. Note thatB, is a rewriting Cik, for somei;or 3 3 3
(e, B; = Q,) using the semantic units. Observe tliat 2. 3C" = Cin, V-V Chp,,, such tha/Ciy,;, 3Cix; , Ciin,
implicitly separatesD, andD,— that is, we can writé3; as C Cix; andC’ satisfies (1).

Bi1 V Bja, such thatB;; = D; andB;> = Ds. In this case, |

simply let By; = my, andBys = my. and the separation is ) ) .
clear. As another example, considr = m; (m;, vm,). We ~ Example 18/e illustrate Theorem 6 by showing th@ (in
can write By as Boy:mymy, V Bag:mim,.. SinceBy, = D, Example 15) is not safe.¢€., it will fail the conditions). We
andB.» = D», B, also implicitly separate®, andD,. 0O  StartbywritingCNF (D;) = (t)(v) andCNF (Dy) = (t)(d).
Therefore, we need to test the four combinatiéhs= (¢) v
Example 15 (Disjunction Separatioh) contrast the preced- (t), Cy, = (t)V (d), Cs = (v) V (t), andCy = (v) V (d). (Ob-

ing example, consid&p, = D;:tv vV D,:td (another subquery serve that these’;’s represent all thelisjunction factorsn
of @,,.q4)- As we will see, Theorem 6 will determine that it @);.) In particular,C'y will fail Condition (1): we findm,q C
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C, but neithenn, 4 C (v) norm,q C (d). Sincev(i; does not
satisfy Condition (2) either, we conclude th@i is unsafe
and thus may not be separable. 0

Theorem 7 formally states the dual safety condition for
conjunctions, which Example 17 will then illustrate.

Theorem 7 (Conjunction Safety)Let conjunctiorQ = C; A

--- A C,,, where there are no conjunction redundancies. Let
DNF(C;) = Dy V -+ -V Djp.. Q is separable w.r.t. ruleg

if, for everyD = D1y, A --- A D,y , either of the following
holds:

1. for every matchingn of Q w.rt. K, if m D D thenm D
D;y,, for somei; or
2. Hﬁ’ = [)]hl N-- '/\[)nh,,,y such thatfb]‘hj , Hf)ik“ Djhj
D Dy, and D' satisfies (1).
O

Example 17 (Conjunction Safefy illustrate Theorem 7, we
show that) = Cy:(th V te) A Cy:(v v d) is safe. Since) is
simply a rewriting of@,,., (Figure 6), they share the same
matchings. As Theorem 7 requirés, andC- are already in
DNF. We then find theonjunction factorsof ), by com-
bining that fromC,y andCs, i.e, (th)(v), (th)(d), (tc)(v),
(tc)(d). Intuitively, Q is safe because for every matching, the
contribution of each conjunction factoréstirelyfrom either
C: or Cs. For instance, consider matchimg;;, = th, we
find thatm,, O (th)(v) and alsan,, O (th). Consequently,
Theorem 7 will determine thaj is safe. O

Apparently, Theorems 6 and 7 seem to disregard the spe-

cific closeness criteria. However, what particular sentanti

units can match a composition actually depends on the map-

ping rules, which in turn are defined specifically with regard
to some particulafF (P, R) (as Section 6.1 discussed). For
instance, we have shown th&@, is unsafe because of the
“cross-unit”m,q, which matches, in K,,.4. This unsafety
actually depends on oUF= RThresh(.7), which K4 is
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As Lemma 1 below showd} represents a decomposition
along the disjuncts,e., B can be written in terms of expres-
sions that correspond t®;: B = By(m1,...,my) V -+ V
B, ( m.), WhereB; = D;. Consequently, because
S(Q) = B(m, . .., Tiy), it follows that

S(Q) = By (m, ...

ThereforeS(()) canbe obtained by separately mapping

the disjunctsj.e, S(Q) = My V ---V M, whereM; is a
mapping ofD; copstructed a®,;(my, ..., m,). Further by

Assumption 2,5(Q)) can be constructed when eath best
approximated;, i.e.,

M) VoV By (i

S(D;) = Bi(m, . ..., y).

Thatis,S(Q) = S(D;) V --- V 8(D,,), and thug) is sepa-
rable. O

Lemma 1 LetQ be a safe disjunction with respect to seman-
tic unitsmy, . .., m,, as Theorem 6 specifies. LB{m,, .. .,
m,) be a rewriting ofQ in terms of the unitsB must implic-
itly separate the disjuncts ¢}, i.e.,B = B, V---V B,, such
thatBi(ml,...,mu) =D,. O

Proof As a remark, we note that this lemma formally states
the “implicit separation” illustrated in Example 14. Ouioof
uses the following statements (which we will show later).

a. LetX = []m be a simple conjunction of some match-
ingsm in {m1,...,my}. If X C Q, thenX C D, for
someD;.

Let B; be a function ofmny,...,m,. Assume that there
iS no negation in queries (as this paper assume#), ¥
VB, = D{V---VD,andVi : B; C D;, then

Let us writeB(m, ..
DNF(B) = > X (m

where eachX, is a simple conjunction of some:;. Note

b.

.,m,) in DNF as

(22)

based upon. In other words, for a different metric such asnat pecaus® = O andX; C B, it follows that X; C O.

F' = MinSup, we may not have a rule that defines, as a
semantic unit, in which casg, would instead be safe under
F'. This is not surprising: the safety for a composition essen

Consequently, by Statement (&), C D; for someD;.
Based on Eq. 22 we now rewrifé¢ = B, V---V B,,; i.e,
we constructB; to satisfy the lemma. LeB; be the disjunc-

tially means that the closest mappings under the particula{iOn of all X, suchthat¥, C D;,i.e
N = 2y Irn

F(P,R) can be constructed regardless of the separation.

C.1 Proof of the Safety Theorems

Theorem 6 (Disjunction Safety)

Proof Suppose tha€) has matchingsny, ..., m, with re-
spect toK (a sound and complete mapping specification).
There must exist a decompositi®{rm, , . . ., m.,,) of ) such
thatS(Q) = B(mr, . .., my): WhenQ is not itself a match-
ing, such a decomposition exists sinEas complete. Other-
wise, if Q itself is a matchingn, thenB = m, and thusS(Q)
=m sinceK is sound.

,mu): Z Xk.

X CD;

Note that everyX, in Eq. 22 must appear in sonig;, be-
causeX; C D; for someD;. Consequently, we can rewrite
the disjunction of allX, (Eq. 22) as that of alB; (Eq. 23).
Thatis, Eq. 22 becomds = B, V- - -V B,,. Meanwhile, note
that by constructior3; C D;.

SinceB is a rewriting ofQ, B=Q orB; V ---V B,
Dy V ---V D,. Furthermore, for evenB;, B; C D; as we
constructed above. Consequently, by StatemenBb); D;,
i.e,, B; represent®); in the decomposition. Thus this lemma
is proven; we next give a proof of the statements.
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(a) Suppose thak C Q and,Vi € [1 : n — 1], X € D; We derive thatD, (-B;) C (D3 V -- -V D,,) as follows:
(otherwise, clearlyX C D, for someD;). We will show that D,(=B;) C D; C (D, V---V D,) = (B, V---V B,).
X C D, and thus the statement holds. L@NF (D;) = BecauseD,(—B;) € By, it follows thatD,(=B;) C (B2 V
Cia A -+ A Cim,, Where eachCy; is a simple disjunction. ---V B,,). SinceB; C D;, we thus obtain

We first prove two auxiliary statements.
Dy(=By) C(DaV---V Dy). (24)

— (al)Vi € [1 : n — 1], 3 C;;, such that for everyn in X,
fnéée [L:n =130y, su Ve Suppose thaDNF (D;) = ). d;;. Suppose also that
e CNF(B1) = [, bk, Whereb, = >, ¢y is a simple dis-

Given thatX ¢ D;, it follows that X' ¢ C:; for some junction of constraintg;,. Using DeMorgan’s laws, we ob-
Cij in CNF(D;). ForsuchC”, sinceX = []m, itmust i that=B; = 3", —b = 3", ([, ~cx1). In terms of these

hold that, for everyn in X, m ¢ Cj;. normal forms, Eq. 24 becomes
- (aZ)LetC Clkl V- Vann, i.e., a combination of one

Cix, from eachCNF(D;). For every suctC, there exists >y Yo (T mem) © 3 jdoj VooV Y dnyyice,

somem in X, such thatn C C. , . ) C S dos V- - d,.

BecauseC'zkl is a conjunct inCNF (D;), it follows that 2k s (Tl mew) € 2ogclay VooV 2y

Vi:D; C Cy,. Consequentl)(,D] V---VD ) (Chg, V Since the left side is not trivially falsé.¢., D, (—=B;) #
-V an )or@Q C C. Given thatX C @, we obtain ), there exist somg andk such thatd ; ([, ~cw) # ¢. Let

Xcc or[[mC C. us focus on this particular term. Obviously; ([, ~cw) C

Note thatC' is a simple disjunction of constraints (which 3_,d2; V -+ V 3. d,;. Note that the left side is simply a

we do not interpret since they are atomic), because everyonjunctlon of (pOSItlve or negative) constraints; in part
Cir, is. SinceC' contains no conjunctions, fg m C C ular, there is no disjunction. (Also note that we do not in-
to hold, there must exist some in X such thatn C C. terpret constraints; they are “atomic.”) Consequentlyréhe
. exists somel,,, in the right side such that;; (], ~cx) C
Based on the auxiliary statements, we now showihat dyy. Sinced,, is a simple conjunction of onlpositivecon-

D,,. LetCNF(D,)) = Cpy V -+ V Cppp,. For everyC,,  straints (we assume there are no negations), it follows that
(wherek,, € [1: mn]) we will show below thain C C, VI : —cp € dyy and thusdy; C dy,. In other wordsgd,
for somem in X = [1m. It then foIIows fromX C m in DNF (D, ) is redundant with respect t,,, in DNF (D,,),
that X C Cpg, - ConsequentlyX C (Cot V-~V Cpm, ) OF i.e., Q has disjunction redundancy, which is a contradiction.
X C D,. O

We next show thain C C’nk for somem in X. For ) )
anndk , let us consider the combinatigh= Cy;, V---V Theorem 7 (Conjunction Safety)

O(n )kn_ Van ,suchthavie [1:n—1],m Ck for
everym in X. Statement (al) asserts that sdth. exists.

Since the lemma requires th@tbe as Theorem 6 speci-
fies,C must satisfy either Condition (1) or (2) of the theorem. Lemma 2 Let( be a safe conjunction with respect to seman-
For either case, we show that C C,,;,, for somem in X: tic unitsmy, . .., m,, as Theorem 7 specifies. LB{m, .. .,

i G di ‘ m,,) be a rewriting on in terms of the unitsB must implic-
—-ifC satisfies Condition (1): By Statement (a2), for somemy separate the conjuncts 6, i.e., B — By A--- A B, such

m in X, m C C. Furthermore, by Condition (1), there that B;(m, ..., my) = Ci. 0

exists someC;;, such thatm C Cj,. Becausen ¢

Cik;, Vi € [1:n — 1], it must hold thatn C Cy, . Proof The proof parallels that of Lemma 1. 0
— if C satisfies Condition (2): That is, there exists another

combinationC’ = Chp, V- -V Cyy, that satisfies Condi-

Proof The proof parallels that of Theorem 6. We hence omit
the details here. O

tion (1). By Statement (a2), for some in X,mCC'- D Unique Safe Decomposition
Consequently, Condition (1) (whiofi’ satisfies) asserts
thatm C Cjy,, for someCjy, . Theorem 3 (SafeConj Correctness)

As Condition (2) (whiclC' satisfies) requires, there exists Given a query) and the associated semantic units,

someC, such thatC;,, C Ci, and thusm C Ciy,. — (soundness$afeConj will rewrite @ into a safe conjunc-
Sincem ¢ Ci, fori € [L: n — 1], it follows thatm C tion, and
Chk, - — (liveness)f there exists a non-trivial safe conjunction for

) o ) @, then the conjunction thabafeConj returns is also
(b) We will prove by contradiction. Assume that, without non-trivial.

loss of generalityB; # D; (we can similarly prove for any O
other B;). Given thatB; C D;, this assumption means that

B; C Dy and thusD,(—=B;) # ¢. We will derive a contra-  Proof (soundness)Suppose that, given que€y, SafeConj
diction that) must have disjunction redundancy, unlike what returnsQ = (C; A --- A C,,). We show that this conjunction
Theorem 6 specifies. is safe by Theorem 7.
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First, Theorem 7 requires that there be no conjunct re{liveness:) Assume that, for), there exists a conjunction

dundancies. By grouping conjuncts with redundant factors) = T; A

SafeConj in Step (3) ensures thdt, ...,
dundancies.

C,, have no re-

Second, Theorem 7 requires that the conjunctions of theONF (Q) =

DNF disjuncts ofC; satisfy Condition (1) or (2). For this test,
instead ofC;, we will focus on theessential candidate con-
junctsEy, . .., E, formulated in Step (2). Itis straightforward

to show that |f these candidate conjuncts can satisfy the tes

then the mergeéinal conjunctsC; in Step (3) will too. For
instance, if(E;) A (E2) A (E3) can pass the test, so does
(E1E2) N (E3). §

To apply the test, we need evefy; in DNF. Note that
SafeConj already formulate®; in DNF asi ;i V-« -V &y, .
Since eactt;;; represents a simple conjunctiondNF (m;)
for some matchingn;, let's refer to eaclt;; as acunit (i.e.,
conjunction uni}.

To apply Theorem 7, we test every combinatibn =
(#14,) * - (£ew. ), Where each; contributes one cunit;,, .
We show thatD C D, in terms of the cunitsfor someD;,
in DNF (Q). (That is, we interpreD and D, as functions of
the cunits, without considering the constraints withirifjcg
Gju, C E;,Vj € [L: ], it follows that @1,,) - (Feu.) C
E; A--- A E,. Inthe right side, since eadli; combines one
cunit from everyD, (which is written in terms of the cunits
in Step (1) ofSafeConj) in DNF (Q), their conjunction will
recover toDNF (). The above subsumption thus becomes

DCDyV---VvD,

Note the subsumption is in terms of the cunits. The IeftE

sideD = (Z1u,) -+ (Zew.) IS @ simple conjunction of some
cunits. In the right side, ever, is written as a conjunction
of the cunits by Step (1). SincB contains no disjunctions,
the above subsumption requires thabe subsumed by some
disjunct,i.e, 31 : D C D, in terms of the cunits.

That is, it must be eitheb = D; or D c D,. We show
that either case will respectively satisfy Condition (1Y)
of Theorem 7, and thuSafeConj returns safe conjunctions.

(1) D = D;: Thatis,D = (&14,)--- (%.s,) €quals some
D, in terms of the cunits, as rewritten by Step (3feConj
ensures that such a conjunction will satisfy Condition (fL) o
Theorem 7: Suppose that is a matching such that O D;.
BecauseD; is a simple conjunction, there exists some cunit
& (which is also a simple conjunction) DNF (1) such that

z 2D D;,. Sincez must be a subconjunction of,, referring to
Step (1) must either itself be an includég, (i.e., & = ;;.),

or be a subconjunction of ii.€., &z D ;). In either case,
becausen D i, it follows thatm D z;;, and thus Condition
(1) of Theorem 7 holds.

(2) D ¢ D;: Note that both sides are simple conjunctions
of some cunits, which the subsumption is based on. In oth
words,D; is a subconjunction ab in terms of the cunits:e.,
Vi, (a cunit) le, 34 in D, such thalm =1 (there may be
extra cunits inD not appearing |rDl) BecauseD, satisfies
Condition (1) as explained abov®), will satisfy Condition
(2) of Theorem 7.

egm which correspond to the safe conjun€is - -

- A T, which is non-trivial,i.,e, n > 1, and
is safe (according to Theorem 7).

SafeConj will start with the DNF of Q; suppose that
DyV---vD,,. Note thaDNF (Q) can be derived
based orDNF (T}): Let DNF (T}) = Dy V -+ -V Dy, We
will show separately later the following statement thatrgve
D, is a combination ole s, i.e,

a. YDy, 3Dy, in eachT;, such thatD, = Dy, -+ Dy, .

EachD;, thus consists of a portion from ea€ly let's de-
note theT; portion of D, by D,( i), l.e,

bl(Tz) = Diki .

SafeConj in Step (1) will rewrite eactD; in terms of the
cunits. Suppose that it rewritdg, = 11 Z, wherez,y, is a
cunit from some matching. For the proof, we assume that the
algorithm includesall the cunits appearing i, i.e., with-
out omitting those subconjunctionsin Step (1). These sabco
junction cunit will simply create redundant conjuncts iest
(2), which will be “invisible” anyway after conjunct mergin
in Step (3), as we will discuss later. (That&feConj omits
these redundant cunits simply as an “optimization.”)

The safety off} - - - T}, (by Theorem 7) assures that every
cunitin D, appearsithin (i.e., as a subconjunction of) some
T; portion (see later for a proof):

b. VI in Dl, 713, such thaﬁ:,k D) Dl(Tl)

Step (2) will generateandidate conjunctsef the form

= T, V -+ V &y, , Which contains onet;;, from
eachD,. Our proof assumes that Step (2) does not remove
redundant conjuncts, which can result from, among others,
not omitting redundant cunits (as just mentioned). A redun-
dant conjunct will become “invisible” after conjunct group
ing (which we will construct by Eq. 25 later), and thus effec-
tively be omitted as they are iBafeConj. Note that if£ is
redundanteveryfactor X in CNF (E) subsumes some factor
Y in another conjuncE’,i.e, X D Y.

Every suchX must be invisible, and thus will be effec-
tively omitted. If £ is grouped withE’, X will be invisible
sinceXY =Y. If they are in different groups, since we can
show that conjuncts constructed from different groups have
no redundancies (see Statement (c) lat&rannot be “visi-
ble” as a factor in the overall CNF of the group, or otherwise
redundancies must exist between the groupg ahdE’.

To prove thatSafeConj will form a non-trivial conjunc-
tion, we must show that themxistsa non-trivial grouping
with the required properties. When a valid grouping exists,
Step (3) can (at least) find it to return a non-trivial conjunc
tion. We will construct such a grouping to show that it exists
This grouping, defined below, consisting of groups . .

o T,

1)} (25)

It is instructive to note that each groufy collects the
candidate conjuncts that generdte

gi:{E:i‘lklV---V.’f)mkm|Vl:.filkl QDZ(
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c. LetC; be the conjunction of all the candidate conjuncts
in&;,ie, C; = HFeE E.C;=T;.
(As a lemma, sincé? - Tn has no conjunction redun-
dancies, neither do€s; - --C,,.)

We show that the grouping ¢f;, ..., £,, has the proper-
ties thatSafeConj requires (and thus the grouping is a solu-
tion that the algorithm can at least use in its Step (3)):

d. The grouping covers aissential candidate conjundts
E={E,...,E.}:ie,VE€ &£ 3, st.Ecé&;.

e. The grouping is disjoint in terms of the essential con-
juncts.

Statement (d) shows thé&t, ..., £, is indeed a group-
ing of the essential conjuncts (as$afeConj), since it does

not miss any. (While it may contain redundant conjuncts, we

explained that they are invisible after grouping and thesoef
tively omitted, as they are iBafeConj.) It is also a disjoint
grouping, as Statement (e) shows.

Finally, the grouping is non-trivial, since > 1 as we
assume thdr, . . ., T}, is non-trivial. The grouping will gen-
eraten final conjuncts’y, ..., C,, as given in Statement (c).
Since such a non-trivial grouping exis8afeConj can (at
least) find it to output a non-trivial safe conjunction (altlyh
SafeConj may generate other non-trivial grouping, if any).

(a) We deriveD; of DNF (Q) in terms of D;; in DNF (T5) as

follows, sinceQ = T1 A --- AT, =[[;_, DNF(T;),
Q=[[DaV- VDin,= Y D Do,. (26)
i=1 ki €[1:m;]

Eq. 26 rewriteg) as a disjunction of simple conjunctions
(of the constraints ir)): Since everyD,;, is a simple con-
junction, so is every disjunoﬁlk1 o an"- Consequently,
Eq. 26 must contain all the (non-redundant) disjurigtsin
the DNF of  (although in addition Eq. 26 may also have
some extra, redundant disjuncts). ThatVisQl in DNF (Q),
EID“C in DNF (T3), such thatD; = lel an

(b) We show that every cunit,, appearing inD, must appear
within someT; portion. We 'showed in (a) that eve@l is
of the formD, = lel . Because) = 17 --- T,
is safe,D; must satisfy Condition (1) of Theorem 7. Note
that it cannot satisfy Condition (2) because otherwiseis
redundant irDNF (@) and thus can be deleted.

Let m be the matching containing the cutit,, i.e., &
is a simple conjunction IDNF (). Sincez;; appears (as
a subconjunctlon) inD,, it follows that 2, D D; and thus
m D D,. By Condition (1) of Theorem 7, it must hold that,
for someD;,, m O Dy, . SinceD;, is a simple conjunc-
tion (with no disjunctions), there must exist some cyr(is a
simple conjunction) iDNF (m), such thafj D D;, . It must
hold thatz;, = y and thusmk D le Otherwise, ifz;;, and
y are distinct, smce,k D D, andy O Dy, they are both sim-
pler than thesameD, term inDNF (Q), a contradiction. (As
Section 6 discussed, any matchingipftannot have distinct
disjunctsz;;, andy that are both simpler than the sarein

DNF (®).)

27

(c) We show that the candidate conjuncts in grapwill
form a conjunctiorC; equal toT;. As in Eg. 25, a candidate
conjunctE in &; selects from eactD, one cunitéyy, that
appears withinD, (T;). Note that, since we did not omit re-
dundant cunits and redundant candidate conjuncts in farmin
the grouping (see above), every cunltlna( ;) will appear

in someF in £;. Consequently, the conjunction of &llin &;
will “recover” (in conjunctions) all the cunits selectecbn
the sameD,, i.e,,

({E
Z/\ {&u| 21 2 Dy(Th)}).
1=1

VI &, D Di(T)})

& “V Tk,

(27)

Each disjunct above, as the conjunction of all the cunits
in Dl( +), will simply equal toD; (T;): Note that every cunit
in Dy(T;) is a subconjunction of it and thus cannot contain
any extra constraints not i), (7}). Since at least eversin-
gle constraint is a cunit (because an atomic constraint must
be a matching, as required by the rule completeness), every
constraint inﬁl(Ti) must be covered by some cunit. Conse-
quently, we obtain thad ({d| i1 2 Di(T3)}) = Di(Ty),

and thus .
= ZDZ (T3)

Note that everyDl( ;) represents d);; in DNF (T, i) =
DV -V Dlm In addition, as derived in (a) eve&k
must appear a@l(T) in someD),; (other\lee,le is redun-
dantinT;). Thatis,C; given above contains all and only those

D, ie,
Ci = szk =T
k=1

(d) We show that the grouping covers all essential conjuncts,
i.e., every E not included must be redundant. Any candidate
conjunct has the fornk = &y, V - “V Zpng,, . As Statement
(b) asserts, for eachlkl selected frole = D]k1 D .

Zik, is part of someDz,” i.e, &g, 2 Dml Thatis,everyzy,

in E touchessomeD;;, of DNF (T}). (Itis instructive to note
that, if Ty - - - T,, were not safe, some cunit may not be part
of any f)iki and thus spans across multigle portions. An
essential conjunct containing such cunits will thus be edss

in the grouping.)

Since E must select a, from everyD, (as a combi-
nation ofD,kl. from eachT;), we can then show (which we
omit here) that the selection must “fully” tousomeT’, i.e.
VDZ,% in DNF (T;), E contains some;;, such thati;, D
Dzkz

If touchesonly a particularT;, i.e., E selects from the
T; portion for everyD,, thenE is included in grougt;, ac-
cording to Eq. 25. Conversely, i is not in any&;, then it
must touches some entiié (as explained above) and, in ad-
dition, part of some otheF;. SuchE cannot be essential, as it
must subsume som® in &; that corresponds to only tHg
portion of E. That is, for every factoX in CNF (E), there
exists some facto¥” in CNF (E'), such thatX D Y. We
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thus conclude that every essential conjunct must be covered;, both as rewritings usingu4, . . ., m,,. Recursively repeat-
in some&;. ing this processife., traversingA’s query tree), we conclude
that B must agree oevery compositiothat A has.
Consequently, to be different frotd, decompositionB
must handle some semantic units (at the leaved'®fquery

(e) We show that any two groupS; and £; must be dis-
joint in terms of the essential conjuncts. lgtandC; be the
conjunctions generated & and¢'; respectively (see State- e differently. In other words3 must break a semantic unit
ment (€)). Supposé; and¢; share a common essential con- ) 45, — .\ @ ...y, i.e, a composition of more than one
junct E,.. SinceF, is non-redundant as required by Step (2) componeny;. Such a composition cannot be safe: Sincis

of SafeConj, CNF (C;) constructed fron¢; andCNF (Cj) 5 semantic unit defined by some rulefif) by the complete-
from &; will both contain the “unique” factoX identified in = ooq o S(m) cannotbe synthesized from any such non-
Step (2) that makek,. essential. Note that must appearin  yia| decompositions (otherwise the rule definimgshould
bothCNF(Ci) gndCNF(Cj) since it does not subsume.any not be given). ThusS(m) # S(y1) ® --- ® S(y), .. as
other _conjl_mct|on factors. ansequenﬂy, andC; contain a semantic unitn must remain atomic in mapping, and the
a conjunction redundancy. Sin€¢ = T; andC; = 15 (@S composition is therefore unsafe. It follows that a decoripos
Statement (c) asserts), the redundancy occurs a@oa8d  tjon can be safe only when everyis preserved as an atomic
T;. Such a redundancy cannot exrst_ for the safe conjunction,it. In other words, any decompositidh different from A

T --- T, by Theorem 7, a contradiction. 0 must be unsafe, and thusis uniquely safe.

Theorem 4 (SafeDisj Correctness)

. ) . . correctness)Let A be the safe decomposition as given in the
Given a queny) and the associated semantic units, ( L b g

above. We show thadFB, by callingSafeDecom, will find
— (soundness$afeDisj will rewrite @ into a safe disjunc- the safe decomposition; the fact that a safe decomposition

tion, and will lead to §(@) was shown in Section 6.2.

— (liveness)if there exists a non-trivial safe disjunction for We show that, if4 is not already an atomic unit, the
Q, then the disjunction tha&8afeDisj returns is also non- initial call SafeDecom(Q), m, ..., m,) will rewrite @) into
trivial. a non-trivial composition: Note that there exists a nontriv

0 ial safe composition (conjunctive or disjunctive) fQr, i.e.,

. . ) . A1 © ---® A, (wheren > 1) as discussed above. Since
Proof SinceSafeDisj is a dual algorithm oBafeConj, the  gafeDecom will call SafeConj and, if it does not make
proof parallels that of Theorem 3. O progress, thersafeDisj, at least one of them will return a
non-trivial composition, according to the liveness pradigsr

Theorem 5 (Unique Safe Decomposition) X _ >
in Theorem 3 and Theorem 4. Let this compositionthe-=

Given a queryy and a mapping specificatiaid w.r.t. a close-

ness criterion?, if a safe decomposition exists: N @O N ) "
_ o _ Since@ = N, @ --- ® N, is a safe composition (by
— (uniquenesshhe safe decompositionimiquefor @, i.e.,  the soundness properties in Theorem 3 and 4), according to

any other distinct decompOSition@fmUSt be Unsafe, and Lemma 1 and ZA (as a rewriting OfQ) must also Separate
— (correctnesshlgorithmNFB will find the unique safe de-  thesen;, i.e, A = A} ®---® A" suchthatd, = N;.
composition and outpu(Q) w.rt. F. Since this composition ofl; (or IV;) is safe (and thus sep-
u arable), the decompositiad represents separately decom-
posing eachd;. First, if A; is not a semantic unitd; will

Proof (uniqueness)Suppose there exists a safe decomposi- ; . L .
. ) . .~ contain compositions, which must also be safe since the en-
tion A(m,...,my) for @, in terms of the semantic units

my,....m, thatK defines. We show that any decomposition tire decompositiord is safe. There thus exists a safe compo-

e H H i " . _
different from A is unsafe, and thugd is uniguely safe. sition for NV;, since one eX'StS. for; andA; = N;. Conse
As a safe decomposition} is a rewriting of¢) in which quently,SafeDecom will continue to make progress to de-

. . i . . : composeV;, similarly to the “root” composition above. Re-

every composition (conjunction or disjunction) is safe, by : . .

7 A . - cursively,SafeDecom will decompose the components until
definition. To begin with, consider the root compositidn=

A ®--® A, whereo is eitherv or A. they are semantic units (which we discuss next), dndill

Since the composition is safe, other decompositions musadree on the compositions in the constructed structure. Sec

e ; . .
also agree on separating componefsThat s, according to ond, if A; is a semantic unitSafeDecom will not further

Lemma 1 if® is a disjunction or otherwise Lemma 2, ever decompose it and will simply return the atomic unit
’ J ' y Overall,SafeDecom will construct a decomposition that

(rjneucs(irinn?gl?;ﬁﬁ’ea;a?;(e) ?hree‘::\l(r)lrt:;%ﬁz USI.:?m1 o m’ n;“_’ agrees with4 on all its compositions as well as atomic units.
m. b1y oo ey by ) — . . . ) .

By © --- ® By such thatBy: Bi(mu, ..., ma) = As(mi, That is,NFB will find the unique safe decompositioh 0O

ey Ty,

If A; is not already a semantic unit, it will contain com-
positions, which must also be safe since the entire decom-
position A is safe. We can similarly (as in the above “root”
case) show thaB; must agree on the (root) composition of



