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Abstract. The deep W eb has man y c hallenges to b e solv ed. Among them is sc hema matc hing. In this pap er, w e build

a conceptual connection b et w een the sc hema matc hing problem SMP and the fuzzy constrain t optimization problem F COP . In

particular, w e prop ose the use of the fuzzy constrain t optimization problem as a framew ork to mo del and formalize the sc hema

matc hing problem. By formalizing the SMP as a F COP , w e gain man y b ene�ts. First, w e could express it as a com binatorial

optimization problem with a set of soft constrain ts whic h are able to cop e with uncertain t y in sc hema matc hing. Second, the

actual algorithm solution b ecomes indep enden t of the concrete graph mo del, allo wing us to c hange the mo del without a�ecting the

algorithm b y in tro ducing a new lev el of abstraction. Moreo v er, w e could disco v er complex matc hes easily . Finally , w e could mak e

a trade-o� b et w een sc hema matc hing p erformance asp ects.
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1. In tro duction. The deep W eb (also kno wn as Deepnet or the hidden W eb) refers to the W orld Wide

W eb con ten t that is not a part of the surface W eb. It is estimated that the deep W eb is sev eral orders of

magnitude larger than the surface W eb [4 ]. As the n um b er of deep W eb sources has b een increasing as the

e�orts needed to enable users to explore and in tegrate these sources b ecome essen tial. As a result soft w are

systems ha v e b een dev elop ed to op en the deep W eb to users. Schema matching is the core task of these systems.

Sc hema matc hing is the task of iden tifying seman tic corresp ondences among elemen ts of t w o or more

sc hemas. It pla ys a cen tral role in man y data application scenarios [22 , 17 ]: in data inte gr ation , to iden tify

and c haracterize in ter-sc hema relationships b et w een m ultiple (heterogeneous) sc hemas; in data war ehousing ,

to map data sources to a w arehouse sc hema; in E-business , to help to map messages b et w een di�eren t XML

formats; in the Semantic W eb , to establish seman tic corresp ondences b et w een concepts of di�eren t w eb sites

on tologies; and in data migr ation , to migrate legacy data from m ultiple sources in to a new one [10 ].

Due to the complexit y of sc hema matc hing, it w as mostly p erformed man ually b y a h uman exp ert. Ho w ev er,

man ual reconciliation tends to b e a slo w and ine�cien t pro cess esp ecially in large-scale and dynamic en viron-

men ts. Therefore, the need for automatic sc hema matc hing has b ecome essen tial. Consequen tly , man y sc hema

matc hing systems ha v e b een dev elop ed for automating the pro cess, suc h as Cupid [17 ], COMA/COMA++ [6 , 1],

LSD [8], Similarit y Flo o ding [20 ], On toBuilder [13 ], QOM [12 ], BT reeMatc h [11 ], S-Matc h [14 ], and Spicy [3].

Man ual seman tic matc hing o v ercomes mismatc hes whic h exist in elemen t names and also di�eren tiates b et w een

di�erences of domains. Hence, w e could assume that man ual matc hing is a p erfect pro cess. On the other hand,

automatic matc hing ma y carry with it a degree of uncertain t y , as it is based on syn tactic, rather than seman tic,

means. F urthermore, recen tly , there has b een renew ed in terest in building database systems that handle un-

certain data in a principled w a y [9 ]. Hence a short ran t ab out the relationship b et w een databases that manage

uncertain t y and data in tegration systems app ears. Therefore, w e should surf for a suitable mo del whic h is able

to meet the ab o v e requiremen ts.

A �rst step in disco v ering an e�ectiv e and e�cien t w a y to solv e an y di�cult problem suc h as sc hema

matc hing is to construct a complete problem sp eci�cation. A suitable and precise de�nition of sc hema matc hing

is essen tial for in v estigating approac hes to solv e it. Sc hema matc hing has b een extensiv ely researc hed, and

man y matc hing systems ha v e b een dev elop ed. Some of these systems are rule-based [6, 17 , 20 ] and others are

learning-based [16 , 7 , 8 ]. Ho w ev er, formal sp eci�cations of problems b eing solv ed b y these systems do not exist,

or are partial. Little w ork is done to w ards sc hema matc hing problem form ulation e.g. in [25 , 23 ].

In the rule-based approac hes, a graph is used to describ e the state of a mo deled system at a giv en time,

and graph rules are used to describ e the op erations on the system's state. As a consequence in practice,

using graph rules has a w orst case complexit y whic h is exp onen tial to the size of the graph. Of course, an

algorithm of exp onen tial time complexit y is unacceptable for serious system implemen tation. In general, to

ac hiev e acceptable p erformance it is inevitable to consequen tly exploit the sp ecial prop erties of b oth sc hemas

to b e matc hed. Beside that, there is a striking commonalit y in all rule-based approac hes; they are all based on

bac ktrac king paradigms. Kno wing that the o v erwhelming ma jorit y of theoretical as w ell as empirical studies

on the optimization of bac ktrac king algorithms is based on the con text of constrain t problem (CP), it is near
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to hand to op en this kno wledge base for sc hema matc hing algorithms b y reform ulating the sc hema matc hing

problem as a CP [24 , 18 , 5 ].

T o summarize, w e are in a need to a framew ork whic h is able to face the follo wing c hallenges:

1. formalizing the schema matching pr oblem : Although man y matc hing systems ha v e b een dev elop ed to

solv e the sc hema matc hing problem, but no complete w ork to address the form ulation problem. Sc hema

matc hing researc h mostly fo cuses on ho w w ell sc hema matc hing systems recognize corresp ondences. On

the other hand, not enough researc h has b een done on formal basics of the sc hema matc hing problem.

2. tr ading-o� b etwe en schema matching p erformanc e asp e cts : The p erformance of a sc hema matc hing

system comprises t w o equally imp ortan t factors; namely matching e�e ctiveness and matching e�ciency .

The e�ectiv eness is concerned with the accuracy and the correctness of the matc h result while the

e�ciency is concerned with the system resources suc h as the resp onse time of the matc h system. Recen t

sc hema matc hing systems rep ort considerable e�ectiv eness [6 ], ho w ev er, the e�ciency asp ects remain a

missing area and represen t an op en c hallenge for the sc hema matc hing comm unit y . Impro ving sc hema

matc hing e�ciency results in decreasing matc hing e�ectiv eness, so a trade-o� b et w een the t w o asp ects

should b e considered.

3. de aling with unc ertainty of schema matching: Sc hema matc hing systems should b e able to handle

uncertain t y arises during the matc hing pro cess from di�eren t sources. Recen tly , there has b een renew ed

in terest in building database systems that handle uncertain data and its lineage in a principled w a y , so

a short ran t ab out the relationship b et w een databases that manage uncertain t y and lineage and data

in tegration systems app ears. In addition to, in order to fully automate the matc hing pro cess, w e mak e

use of extractor to ols whic h extract di�eren t data mo dels and represen t them as a common mo del. The

extraction pro cess brings errors and uncertain ties to the matc hing pro cess

In this pap er, we build a c onc eptual c onne ction b etwe en the schema matching pr oblem (SMP) and the fuzzy

c onstr aint optimization pr oblem (F COP). On one hand, w e consider sc hema matc hing as a new application of

fuzzy constrain ts; on the other hand, w e prop ose the use of the fuzzy constrain t satisfaction problem as a new

approac h for sc hema matc hing. In particular, in this pap er, w e prop ose the use of the F COP to form ulate the

SMP . Ho w ev er, our approac h should b e generic, i. e. ha v e the abilit y to cop e with di�eren t data mo dels and b e

used for di�eren t application domains. Therefore, w e �rst transform sc hemas to b e matc hed in to a common data

mo del called ro oted lab eled graphs. Then w e reform ulate the graph matc hing problem as a constrain t problem.

There are man y b ene�ts b ehind this form ulation. First, w e gain direct access to the ric h researc h �ndings in the

CP area; instead of in v en ting new algorithms for graph matc hing from scratc h. Second, the actual algorithm

solution b ecomes indep enden t of the concrete graph mo del, allo wing us to c hange the mo del without a�ecting

the algorithm b y in tro ducing a new lev el of abstraction. Third, formalizing the SMP as a F COP facilitates

handling uncertain t y in the sc hema matc hing pro cess. Finally , w e could simply deal with simple and complex

mappings.

The pap er is organized as follo ws: Section 2 in tro duces necessary preliminaries. Our framew ork to unify

sc hema matc hing is presen ted in Section 3 in order to illustrate the scop e of this pap er. Section 4 sho ws ho w

to form ulate the sc hema matc hing problem as a constrain t problem. Section 5 describ es the related w ork. The

concluding remarks and ongoing future w ork are presen ted in Section 6.

2. Preliminaries. This pap er is based mainly on t w o existing b o dies of researc h, namely graph theory [2]

and constrain t programming [24 , 18 , 5]. T o k eep this pap er self-con tained, w e brie�y presen t in this section the

basic concepts of them.

2.1. Graph Mo del. A sc hema is the description of the structure and the con ten t of a mo del and consists

of a set of related elemen ts suc h as tables, columns, classes, or XML elemen ts and attributes. There are

man y kinds of data mo dels, suc h as relational mo del, ob ject-orien ted mo del, ER mo del, XML sc hema, etc. By

sc hema structure and sc hema con ten t, w e mean its sc hema-based prop erties and its instance-based prop erties,

resp ectiv ely . In this subsection w e presen t formally ro oted (m ulti-)lab eled directed graphs used to represen t

sc hemas to b e matc hed as the in ternal common mo del.

A ro oted lab eled graph is a directed graph suc h that no des and edges are asso ciated with lab els, and in

whic h one no de is lab eled in a sp ecial w a y to distinguish it from the graph's other no des. This sp ecial no de is

called the ro ot of the graph. Without loss of generalit y , w e shall assume that ev ery no de and edge is asso ciated

with at least one lab el: if some no des (resp. edges) ha v e no lab el, one can add an extra anon ymous lab el that

is asso ciated with ev ery no de (resp. edge). More formally , w e can de�ne the lab eled graph as follo ws:
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Definition 2.1. A R o ote d L ab ele d Gr aph G is a 6-tuple G = (N G , E G , L ab G , sr c, tar, l) wher e:

� NG = f nroot ; n2; : : : ; nn g is a �nite set of no des, e ach of them is uniquely identi�e d by an obje ct identi�er

(OID), wher e nroot is the gr aph r o ot.

� EG = f (ni ; nj )jni ; nj 2 NGg is a �nite set of e dges, e ach e dge r epr esents the r elationship b etwe en two

no des.

� L ab G ={ L ab NG , L ab EG } is a �nite set of no de lab els L ab NG , and a �nite set of e dge lab els L ab EG .

These lab els ar e strings for describing the pr op erties (fe atur es) of no des and e dges.

� sr c and tar: EG 7! NG ar e two mappings (sour c e and tar get), assigning a sour c e and a tar get no de to

e ach e dge (i. e. if e = ( ni ; nj ) then src(e) = ni and tar (e) = nj ).

� l : NG [ EG 7! LabG is a mapping lab el assigning a lab el fr om the given LabG to e ach no de and e ach

e dge.

� j NG j = n is the gr aph size.

No w that w e ha v e de�ned a concrete graph mo del, in the follo wing subsection w e presen t basics of constrain t

programming.

2.2. Constrain t Programming. Man y problems in computer science, most notably in Arti�cial In telli-

gence, can b e in terpreted as sp ecial cases of constrain t problems. Semantic schema matching is also an intel-

ligenc e pr o c ess which aims at mimicking the b ehavior of humans in �nding semantic c orr esp ondenc es b etwe en

schemas' elements. Ther efor e, c onstr aint pr o gr amming is a suitable scheme to r epr esent the schema matching

pr oblem .

Constrain t programming is a generic framew ork for declarativ e description and e�ectiv e solving for large,

particularly com binatorial, problems. Not only it is based on a strong theoretical foundation but also it is

attracting widespread commercial in terest as w ell, in particular, in areas of mo deling heterogeneous optimization

and satisfaction problems. W e, here, concen trate only on constrain t satisfaction problems (CSPs) and presen t

de�nitions for CSPs, constrain ts, and solutions for the CSPs.

Definition 2.2. A Constr aint Satisfaction Pr oblem P is de�ne d by a 3-tuple P =(X,D,C) wher e,

� X = f x1; x2; : : : ; xn g is a �nite set of variables.

� D = f D1; D2; : : : ; Dn g is a c ol le ction of �nite domains. Each domain D i is the set c ontaining the

p ossible values for the c orr esp onding variable x i 2 X .

� C = f C1; C2; : : : ; Cm g is a set of c onstr aints on the variables of X.

Definition 2.3. A Constr aint C s on a set of variables S = f x1; x2; : : : xr g is a p air Cs = ( S; Rs) , wher e

R s is a subset on the pr o duct of these variables' domains: Rs � D1 � � � � � D r ! f 0; 1g.

The n um b er r of v ariables a constrain t is de�ned up on is called arit y of the constrain t. The simplest t yp e is

the unary c onstr aint , whic h restricts the v alue of a single v ariable. Of sp ecial in terest are the constrain ts of arit y

t w o, called binary c onstr aints . A constrain t that is de�ned on more than t w o v ariables is called a glob al c onstr aint .

Solving a CSP is �nding assignmen ts of v alues from the resp ectiv e domains to the v ariables so that all

constrain ts are satis�ed.

Definition 2.4. (Solution of a CSP) A n assignment � is a solution of a CSP if it satis�es al l the c onstr aints

of the pr oblem, wher e the assignment � denotes an assignment of e ach variable x i with the c orr esp onding value

ai such that x i 2 X and ai 2 D i .

Example 1 . (Map Coloring) W e w an t to color the regions of a map, sho wn in Fig. 2.1, in a w a y that no

t w o adjacen t regions ha v e the same color. The actual problem is that only a certain limited n um b er of colors is

a v ailable. Let's w e ha v e four regions and only three colors. W e no w form ulate this problem as CSP = ( X; D; C )
where:

� X = f x1; x2; x3; x4g represen ts the four regions,

� D = f D1; D2; D3; D4g represen ts the domains of the v ariables suc h that D1 = D2 = D3 = D4 =
f red; green; blueg, and

� C = f C(x 1;x 2) ; C(x 1;x 3) ; C(x 1;x 4) ; C(x 2;x 4) ; C(x 3;x 4) g represen ts the set of constrain ts m ust b e satis�ed

suc h that C(xi;xj ) = f (vi; vj ) 2 Di � Dj jvi 6= vj g.

As sho wn in Example 1, there are a n um b er of solutions to the sp eci�ed CSP . An y one of them is considered

a solution to the problem. Ho w ev er, in the sc hema matc hing �eld, w e do not only searc h for an y solution but

also the b est one. The qualit y of solution is usually measured b y an application dep enden t function called the

ob jectiv e function. The goal is to �nd suc h a solution that satis�es all the constrain ts and minimize or maximize

the ob jectiv e function. Suc h problems are referred to as constrain t optimization problems (COP).
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Fig. 2.1 . Map c oloring example

Definition 2.5. A Constr aint Optimization Pr oblem Q is de�ne d by c ouple Q =(P,g) such that P is a

CSP and g : D1 � � � � � Dn ! [0; 1] is an obje ctive function that maps e ach solution tuple into a value.

Example 2 . (T ra v eling Salesman) The tra v eling salesman problem is to �nd the shortest closed path b y

whic h cit y out of a set of n cities is visited once and only once.

While p o w erful, b oth CSP and COP presen t some limitations. In particular, all constrain ts are considered

mandatory . In man y real-w orld problems, suc h as the sc hema matc hing problem, there are constrain ts that could

b e violated in solutions without causing suc h solutions to b e unacceptable. If these constrain ts are treated as

mandatory , this often causes problems to b e unsolv ed. If these constrain ts are ignored, solutions of bad qualit y

are found. This is a motivation to extend the CSP scheme and make use of soft c onstr aints . A w a y to circum v en t

inconsisten t constrain ts problems is to mak e them fuzzy [15 ]. The idea is to asso ciate fuzzy v alues with the

elemen ts of the constrain ts, and com bine them in a reasonable w a y .

A constrain, as de�ned b efore, is usually de�ned as a pair consisting of a set of v ariables and a relation

on these v ariables. This de�nition giv es us the a v ailabilit y to mo del di�eren t t yp es of uncertain t y in sc hema

matc hing. In [9], authors iden tify di�eren t sources for uncertain t y in data in tegration. Uncertain t y in seman tic

mappings b et w een data sources can b e mo deled b y exploiting fuzzy relations while other sources of uncertain t y

can b e mo deled b y making the v ariable set a fuzzy set. In this pap er, w e tak e the �rst one in to accoun t while

the other sources are left for our ongoing w ork.

Definition 2.6. (F uzzy Constr aint) A F uzzy Constr aint C� on a set of variables S = f x1; x2; : : : ; xr g
is a p air C� = ( S; R� ) , wher e the fuzzy r elation R� , de�ne d by � R :

Q
xi 2 var (C ) D i 7! [0; 1] wher e � R is the

memb ership function indic ating to what extent a tuple v satis�es C� .

� � R (v) = 1 me ans v total ly satis�es C� ,

� � R (v) = 0 me ans v total ly violates C� , while

� 0 < � R (v) < 1 me ans v p artial ly satis�es C� .

Definition 2.7. A F uzzy Constr aint C � on a set of variables S = f x1; x2; : : : xr g is a p air C� = ( S; R� ) ,

wher e the fuzzy r elation R � , de�ne d by � R :
Q

x i 2 var (C ) D i ! [0; 1] wher e � R is the memb ership function

indic ating to what extent a tuple v satis�es C � .

� � R (v) = 1 me ans v totaly satis�es C� ,

� � R (v) = 0 me ans v totaly violates C� , while

� 0 < � R (v) < 1 me ans v p artial ly satis�es C� .

Definition 2.8. A F uzzy Constr aint Optimization Pr oblem Q � is a 4-tuple Q � = (X, D, C � , g) wher e X

is a list of variables, D is a list of domains of p ossible values for the variables, C � is a list of fuzzy c onstr aints

e ach of them r eferring to some of the given variables, and g is an obje ctive function to b e optimize d.

In the follo wing section w e shed the ligh t on our sc hema matc hing framew ork to determine the scop e of

sc hema matc hing understanding.

3. A uni�ed sc hema matc hing framew ork. Eac h of the existing sc hema matc hing systems deals with

the sc hema matc hing problem from its p oin t of view. As a result the need to a generic framew ork that uni�es

the solution of this in tricate problem indep enden t on the domain of sc hemas to b e matc hed and indep enden t on

the mo del represen tations b ecomes essen tial. T o this end, w e suggest the follo wing general phases to address the

sc hema matc hing problem. Figure 2 sho ws these phases with the main scop e of this pap er. The four di�eren t

phases are:

� imp orting sc hemas to b e matc hed; T r ansMat Phase,
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Fig. 3.1 . Matching Pr o c ess Phases

� iden tifying elemen ts to b e matc hed; Pr-matching Phase,

� applying the matc hing algorithms; Matching Phase, and

� exp orting the matc h result; MapT r ans Phase.

In the follo wing subsection w e in tro duce a framew ork for de�ning di�eren t data mo dels and ho w to transform

them in to sc hema graphs. This part follo ws the same pro cedure found in [25 ] to sho w that di�eren t data mo dels

could b e represen ted b y sc hema graphs.

3.1. Sc hema Graph. T o mak e the matc hing pro cess a more generic pro cess, sc hemas to b e matc hed should

b e represen ted in ternally b y a common represen tation. This uniform represen tation reduces the complexit y of

the matc hing pro cess b y not ha ving to cop e with di�eren t represen tations. By dev eloping suc h imp ort to ols,

sc hema matc h implemen tation can b e applied to sc hemas of an y data mo del suc h as SQL , XML , UML , and etc.

Therefore, the �rst step in our approac h is to transform sc hemas to b e matc hed in to a common mo del in order

to apply matc hing algorithms. W e mak e use of ro oted lab eled graphs as the in ternal mo del. W e call this phase

T r ansMat ; T rans formation for Mat c hing pro cess.

In general, to represen t sc hemas and data instances, starting from the ro ot, the sc hema is partitioned in to

relations and further do wn in to attributes and instances. In particular, to represen t relational sc hemas, XML

sc hemas, etc. as ro oted lab eled graphs, indep enden tly of the sp eci�c source format, w e b ene�t from the rules

found in [25 , 21 ]. These rules are rewritten as follo ws:

� Ev ery prepared matc hing ob ject in a sc hema suc h as the sc hema, relations, elemen ts, attributes etc.

is represen ted b y a no de, suc h that the sc hema itself is represen ted b y the ro ot no de. Let sc hema S
consist of m elemen ts ( elem), then

8 elem 2 S 9 n i 2 N G ^ S 7! nroot ; s:t: 1 � i � m
� The features of the prepared matc hing ob ject are represen ted b y no de lab els LabNG . Let features

( featS ) b e the prop ert y set of an elemen t ( elem), then

8 fe at 2 fe atS 9 L ab 2 L ab NG

� The relationship b et w een t w o prepared matc hing ob jects is represen ted b y an edge. Let the relationships

b et w een sc hema elemen ts b e ( relS ), then

8 r el 2 r elS 9 e(n i , n j ) 2 E G s. t. src(e) = ni 2 NG ^ tar (e) = nj 2 NG

� The prop erties of the relationship b et w een prepared ob jects are represen ted b y edge lab els LabEG . Let

features rfeatS b e the prop ert y set of a relationship rel , then,

8 rfe at 2 rfe atS 9 L ab 2 L ab EG
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(a) T w o relational sc hemas (b) Sc hema graphs

Fig. 3.2 . Two R elational Schemas & their Schema Gr aphs (without lab els)

(a) T w o XML sc hemas (b) Sc hema graphs

Fig. 3.3 . Two XML schemas & their schema gr aphs (without lab els

The follo wing t w o examples illustrate that ho w these rules can b e applied to di�eren t data mo dels in order

to mak e our approac h a more generic approac h.

Example 3 . (R elational Datab ase Schemas) Consider sc hemas S and T depicted in Fig. 3.2(a) (from [20 ]).

The elemen ts of S and T are tables and attributes. Applying the ab o v e rules, the t w o sc hemas Schema S and

Schema T are represen ted b y SG1 and SG2 resp ectiv ely , suc h that SG1 = ( NGS ; EGS ; L ab GS ; sr c S ; tar S ; lS) ,

where

NGS = f n1S ; n2S ; n3S ; n4S ; n5S ; n6Sg; EGS = f e1� 2; e2� 3; e2� 4; e2� 5; e2� 6g;

L ab GS = L ab NS [ L ab ES = f name ; typ e ; data typ e g [ f p art-of ; asso ciate g;

sr c S , tar S , l S are mappings suc h that sr c S (e1� 2) = n1S , tar S (e2� 3) = n3S and lS (e1� 2) = p art-of . Figure 3.2(b)

sho ws only the no des and edges of the sc hema graphs (SG2 can b e de�ned similarly).

In this example, w e exploit di�eren t features of matc hing ob jects suc h as name, datat yp e, and t yp e. These

features are represen ted as no des' lab els. These features shall b e the input parameters to the next phase.

F or example, the name of a matc hing ob ject in SG1 will b e used to measure linguistic similarit y b et w een it

and another matc hing ob ject from SG2, its datat yp e is to measure datat yp e compatibilit y , and its t yp e is

used to determine seman tic relationships. Ho w ev er, our approac h is �exible in the sense that it is able to

exploit more features as needed. Moreo v er, in this example, w e exploit one structural feature �part-of � to

represen t structural relationships b et w een no des at di�eren t lev els. Other structural features e.g. asso cia-

tion relationship, that is a structural relationship sp ecifying b oth no des are conceptually at the same lev el,

is represen ted b et w een k eys. One asso ciation relationship is represen ted in Fig. 3.2(b) b et w een the no des

n6T and n9T to sp ecify a k ey/foreign k ey relation. Visually , asso ciation edges are represen ted as dashed

lines.

Example 4 . (XML Sc hemas) This example that w e discuss illustrates ho w our uni�ed sc hema matc hing

framew ork cop es with di�eren t c hoices of the mo dels to b e matc hed. No w consider t w o XML sc hemas in

Fig. 3.3(a) (from [25 ]). The sc hemas are sp eci�ed using the XML language deplo y ed on the w ebsite biztalk.org

designed for electronic do cumen ts used in e-business. The sc hema graphs (without lab els) of these sc hemas are

sho wn in Fig. 3.3(b). The lab els of no des and edges are the same as Example 3.

Examples 3 and 4 illustrate that using T rans-Mat phase aims at matc hing di�eren t sc hema mo dels. The

matc hing algorithm (Matc hing Phase) do es not ha v e to deal with a large n um b er of di�eren t mo dels. The

matc hing algorithm only deals with the in ternal represen tation. So far, recen t sc hema matc hing systems directly

determine seman tic corresp ondences b et w een t w o sc hemas elemen ts as a graph matc hing problem. In this pap er,
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w e extend the in ternal represen tation, sc hema graphs, and reform ulate the graph matc hing problem as a fuzzy

constrain t optimization problem.

4. Sc hema Matc hing as a F COP .

4.1. Sc hema Matc hing as Graph Matc hing. Sc hemas to b e matc hed are transformed in to ro oted

lab eled graphs and, hence, the sc hema matc hing problem is con v erted in to graph matc hing. There are t w o

t yp es of graph matc hing: gr aph isomorphism and gr aph homomorphism . In general, a matc h of one graph in to

another is giv en b y a gr aph morphism , whic h is a mapping of one graph's ob ject sets in to the other's, with some

restrictions to preserv e the graph's structure and its t yping information.

Definition 4.1. A Gr aph Morphism � : SG1 ! SG2 b etwe en two schema gr aphs

SG1 = ( NGS ; EGS ; LabGS ; srcS ; tar S ; lS ) and SG2 = ( NGT ; EGT ; LabGT ; srcT ; tar T ; lT )

is a p air of mappings � = ( � N ; � E ) such that � N : NGS ! NGT ( � N is a no de mapping function) and

� E : EGS ! EGT ( � E is an e dge mapping function) and the fol lowing r estrictions apply:

1. 8n 2 NGS 9 lS (n) = lT (� N (n))
2. 8e 2 EGS 9 lS (e) = lT (� E (e))
3. 8e 2 EGS 9 a p ath p0 2 NGT � EGT such that p0 = � E (e) and � N (srcS (e)) = srcT (� E (e)) ^

� N (tar S (e)) = tar T (� E (e)) .

The �rst t w o conditions preserv e b oth no des and edges lab eling information, while the third condition

preserv es graph's structure. Graph matc hing is an isomorphic matc hing problem when jNGS j = jNGT j otherwise

it is homomorphic. Ob viously , the sc hema matc hing problem is a homomorphic problem.

Example 5 . F or the t w o relational sc hemas depicted in Fig.3.2(a) and its asso ciated sc hema graphs sho wn

in Fig.3.2(b), the sc hema matc hing problem b et w een sc hema S and sc hema T is con v erted in to a homomorphic

graph matc hing problem b et w een SG1 and SG2.

Graph matc hing is considered to b e one of the most complex problems in computer science. Its complexit y

is due to t w o ma jor problems. The �rst problem is the computational complexit y of graph matc hing. The

time required b y bac ktrac king in searc h tree algorithms ma y in the w orst case b ecome exp onen tial in the size

of the graph. Graph homomorphism has b een pro v en to b e NP-complete problem [19 ]. The second problem

is the fact that all of the algorithms for graph matc hing men tioned so far can only b e applied to t w o graphs

at a time. Therefore, if there are more than t w o sc hemas that m ust b e matc hed, then the con v en tional graph

matc hing algorithms m ust b e applied to eac h pair sequen tially . F or applications dealing with large databases,

this ma y b e prohibitiv e. Hence, c ho osing graph matc hing as platform to solv e the sc hema matc hing problem

ma y b e e�ectiv e pro cess but ine�cien t. Therefore, w e prop ose transforming graph homomorphism in to a

F COP .

No w that w e ha v e de�ned a graph mo del and its homomorphism, let us consider ho w to construct a F COP

out of a giv en graph matc hing problem.

4.2. Graph Matc hing as a F COP . In the sc hema matc hing problem, w e are trying to �nd a mapping

b et w een the elemen ts of t w o sc hemas. Multiple conditions should b e applied to mak e these mappings v alid

solutions to the matc hing problem, and some ob jectiv e functions are to b e optimized to select the b est mappings

among matc hing result. The analogy to constrain t problem is quite ob vious: here w e mak e a mapping b et w een

t w o sets, namely b et w een a set of v ariables and a set of domains, where some conditions should b e satis�ed.

So basically , what w e ha v e to do to obtain an equiv alen t constrain t problem CP for a giv en sc hema matc hing

problem (kno wing that sc hemas to b e matc hed are transformed in to sc hema graphs) are:

1. tak e ob jects of one sc hema graph to b e matc hed as the CP's set of v ariables,

2. tak e ob jects of other sc hema graphs to b e matc hed as the v ariables' domain,

3. �nd a prop er translation of the conditions that apply to sc hema matc hing in to a set of fuzzy constrain ts,

and

4. form ob jectiv e functions to b e optimized.

W e ha v e de�ned the sc hema matc hing problem as a graph matc hing homomorphism � . W e no w pro ceed

b y formalizing the problem � as a F COP problem Q� = ( X; D; C � ; g) . T o construct a F COP out of this

problem, w e follo w the ab o v e rules. Through these rules, w e tak e the t w o relational database sc hemas sho wn

in Fig. 3.2(a) and its asso ciated sc hema graphs sho wn in Fig. 3.2(b) as an example, taking in to accoun t that

jNGS (= 6) j < jNGT (= 10) j as follo ws:
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� The set of v ariables X is giv en b y X = NGS
S

EGS where the v ariables from NGS are called no de

v ariables X N and from EGS are called edge v ariables X E

X = X N
S

X E

= f xn 1; xn 2; xn 3; xn 4; xn 5; xn 6g
S

f xe1� 2; xe2� 3; xe2� 4; xe2� 5; xe2� 6g
� The set of domain D is giv en b y D = NGT

S
EGT , where the domains from NGT are called no de

domains DN and from EGT are called edge domains DE ,

= f Dn 1; Dn 2; Dn 3; Dn 4; Dn 5; Dn 6g
S

f De1� 2; De2� 3; De2� 4; De2� 5; De2� 6g where Dn 1 = Dn 2 = Dn 3 =
Dn 4 = Dn 5 = Dn 6 =
f n1T ; n2T ; n3T ; n4T ; n5T ; n6T ; n7T ; n8T ; n9T ; n10T g (i. e. the no de domain con tains all the second sc hema

graph no des) and De1� 2 = De2� 3 = De2� 4 = De2� 5 = De2� 6 =
f e1� 2T ; e1� 3T ; e2� 4T ; : : : ; p1� 2� 4T ; : : : g (i. e. the edge domain con tains all the a v ailable edges and paths

in the second sc hema graph) (the edge e1� 2 reads the edge extends b et w een the t w o no des n1 and n2

suc h that e1� 2 = e(n1; n2) ).

Using this formalization enables us to deal with holistic matc hing. This can b e ac hiev ed b y taking the ob jects

of one sc hema as the v ariable set, while the ob jects of other sc hemas as the v ariable's domain. Let w e ha v e n
sc hemas whic h are transformed in to sc hema graphs SG1; SG2; : : : ; SGn then X = X N

S
X E , DN =

P n
i =2 DNi ,

DE =
P n

i =2 DEi . Another b ene�t b ehind this approac h is that our approac h is able to disco v er complex matc hes

of t yp es 1:n and n:1 v ery easily . This can b e ac hiev ed b y allo wing a v alue ma y ha v e m ultiple v alues from its

corresp onding domain and a v alue ma y b e assigned to m ultiple v ariables.

In the follo wing subsections, w e demonstrate ho w to construct b oth constrain ts and ob jectiv e functions in

order to obtain a complete problem de�nition.

4.3. Constrain t Construction. The exploited constrain ts should re�ect the goals of sc hema matc hing.

Sc hema matc hing based only on sc hema elemen t prop erties has b een attempted. Ho w ev er, it do es not pro vide

an y facilit y to optimize matc hing. F urthermore, additional constrain t information, suc h as seman tic relationships

and other domain constrain ts, is not included and sc hemas ma y not completely capture the seman tics of data

they describ e. Therefore, in order to impro v e p erformance and correctness of matc hing, additional information

should b e included. In this pap er, w e are concerned with b oth syn tactic and seman tic matc hing. Therefore, w e

shall classify constrain ts that should b e incorp orated in the CP mo del in to : syntactic c onstr aints and semantic

c onstr aints . In the follo wing, w e consider only the constrain ts construction while the fuzzy relations of fuzzy

constrain t are not consider since it dep ends on the application domain. F or example, as sho wn b elo w, domain

constrain ts are crisp constrain ts, i. e. � C (v) = 1 , while the structural constrain ts are soft constrain ts with

di�eren t degree of satisfaction.

4.3.1. Syn tactic Constrain ts.

1. Domain Constr aints : It states that a no de v ariable m ust b e assign a v alue or a set of v alues from its

corresp onding no de domain, and an edge v ariable m ust b e assigned a v alue from its corresp onding edge

domain. That is 8xni 2 X N and xej 2 X E 9 a unary constrain t Cdom
� (x ni ) and Cdom

� (x ei ) ensuring domain

consistency of the matc h where,

Cdom
� (x ni ) = f di 2 DNi g;

Cdom
� (x ei ) = f di 2 DEi g

2. Structur al Constr aints : There are man y structural relationships b et w een sc hema graph no des suc h

as:

� Edge Constr aint : It states that if an edge exists b et w een t w o v ariable no des, then an edge (or

path) should exist b et w een their corresp onding images. That is 8xei 2 X E and its source and

target no des are xns and xnt 2 X 9 t w o binary constrain ts Csrc
� (x ei ;x ns ) and C tar

� (x ei ;x nt ) represen ting

the structural b eha vior of matc hing, where:

Csrc
� (x ei ;x ns ) = f (di ; dj ) 2 DE � DN jsrc(di ) = dj g

C tar
(x ei ;x nt ) = f (di ; dj ) 2 DE � DN jtar (di ) = dj g

� 8 t w o v ariables no des xni and xnj 2 X 9 a set of binary constrain ts describing the hierarc hical

relationships b et w een sc hema graph no des as follo ws:
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(a) Par ent Constr aint Cparent
� (x ni ;x nj ) represen ting the structural b eha vior of paren t relationship,

where

Cparent
� (x ni ;x nj ) = f (di ; dj ) 2 DN � DN j 9e(di ; dj ) s.t. src(e) = di g

(b) Child Constr aint Cchild
� (x ni ;x nj ) represen ting the structural b eha vior of c hild relationship, where

Cchild
� (x ni ;x nj ) = f (di ; dj ) 2 DN � DN j 9e(di ; dj ) s.t. tar (e) = dj g

(c) Sibling Constr aint Csibl
� (x ni ;x nj ) represen ting the structural b eha vior of sibling relationship,

where

Csibl
� (x ni ;x nj ) = f (di ; dj ) 2 DN � DN j 9dn s.t. parent(dn ; di ) ^ parent(dn ; dj )g

4.3.2. Seman tic Constrain ts. The �rst constrain t t yp e considers only the structural and hierarc hical

relationships b et w een sc hema graph no des. In order to capture the other features of sc hema graph no des suc h

as the seman tic feature w e mak e use of the follo wing constrain t.

1. Lab el Constrain ts: 8xni 2 X N and 8xei 2 X E 9 a unary constrain t CLab
� (xni ) and CLab

� (xei ) ensuring the

seman tics of the predicates in the sc hema suc h that:

CLab
� (x ni ) = f dj 2 DN jlsim (lS(xni ); lT (dj )) � tg

CLab
� (x ei ) = f dj 2 DE jlsim (lS(xei ); lT (dj )) � tg

where lsim is a linguistic similarit y function determining the seman tic similarit y b et w een no des/edges lab els

and t is a prede�ned threshold.

The ab o v e syn tactic and seman tic constrain ts are b y no means the con textual relationships b et w een ele-

men ts. Other kinds of domain kno wledge can also b e represen ted through constrain ts. Moreo v er, eac h constrain t

is asso ciated with a mem b ership function � (v) 2 [0; 1] to indicate to what exten t the constrain t should b e sat-

is�ed. If � (v) = 0 , this means v totally violates the constrain t and � (v) = 1 means v totally satis�es it.

Constrain ts restrict the searc h space for the matc hing problem so ma y b ene�t the e�ciency of the searc h pro-

cess. On the other hand, if to o complex, constrain ts in tro duce additional computational complexit y to the

problem solv er.

4.4. Ob jectiv e F unction Construction. The ob jectiv e function is the function asso ciated with an opti-

mization pro cess whic h determines ho w go o d a solution is and dep ends on the ob ject parameters. The ob jectiv e

function constitutes the implemen tation of the problem to b e solv ed. The input parameters are the ob ject

parameters. The output is the ob jectiv e v alue represen ting the ev aluation/qualit y of the individual. In the

sc hema matc hing problem, the ob jectiv e function sim ulates h uman reasoning on similarit y b et w een sc hema

graph ob jects.

In this framew ork, w e should consider t w o function comp onen ts whic h constitute the ob jectiv e function.

The �rst is called cost function f
cost

whic h determines the cost of a set constrain t o v er v ariables. The second

is called energy function f
energy

whic h maps ev ery p ossible v ariable assignmen t to a cost. Then, the ob jectiv e

function could b e expressed as follo ws:

g = mis j max(
X

set of constrain ts

f
cost

+
X

set of assignmen t

f
energy

)

5. Related W ork. Sc hema matc hing is a fundamen tal pro cess in man y domains dealing with shared data

suc h as data in tegration, data w arehouse, E-commerce, seman tic query pro cessing, and the w eb seman tics.

Matc hing solutions w ere dev elop ed using di�eren t kind of heuristics, but usually without prior formal de�nition

of the problem they are solving. Although man y matc hing systems, suc h as Cupid [17 ], COMA/COMA++ [6 , 1],

LSD [8], Similarit y Flo o ding [20 ], On toBuilder [13 ], QOM [12 ], BT reeMatc h [11 ], S-Matc h [14 ], and Spicy [3],

ha v e b een dev elop ed and di�eren t approac hes ha v e b een prop osed to solv e the sc hema matc hing problem, but

no complete w ork to address the form ulation problem. Sc hema matc hing researc h mostly fo cuses on ho w w ell

sc hema matc hing systems recognize corresp onding sc hema elemen ts. On the other hand, not enough researc h

has b een done on formal basics of the sc hema matc hing problem.
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Most of the existing w ork [22 ] de�ne matc h as a function that tak es t w o sc hemas (mo dels) as input, ma y

b e in the presence of auxiliary information sources suc h as user feedbac k and previous mappings, and pro duces

a mapping as output. A sc hema consists of a set of related elemen ts suc h as tables, columns, classes, or XML

elemen ts and attributes. A mapping is a set of mapping elemen ts sp ecifying the matc hing sc hema elemen ts

together. Eac h mapping elemen t is sp eci�ed b y 4-tuple elemen t hID; S 1
i ; S2

j ; Ri where ID is an iden ti�er for the

mapping elemen t that matc hes b et w een the elemen t S1
i of the �rst sc hema and the elemen t S2

j of the second one

and R indicates the similarit y v alue b et w een 0 and 1. The v alue of 0 means strong dissimilarit y while the v alue

of 1 means strong similarit y . But, in general, a mapping elemen t indicates that certain elemen t(s) of sc hema

S1 are related to certain elemen t(s) of sc hema S2. Eac h mapping elemen t can ha v e an asso ciated mapping

expression whic h sp eci�es ho w the t w o elemen ts (or more) are related. Sc hema matc hing is considered only

with iden tifying the mappings not determining the asso ciated expressions.

In the w ork of A. Doan [7 ], they formalize the sc hema matc hing problem as four di�eren t problems:

1. The b asic 1-1 Matching ; giv en t w o sc hemas S and T (represen tations), for eac h elemen t s of S, �nd

the most seman tically similar elemen t t of T, utilizing all a v ailable information. This problem is often

referred as a one-to-one matc hing problem, b ecause it matc hes eac h elemen t s with a single elemen t.

F or example, the hID1, S.A ddr ess, T.CA ddr ess, 0.8 i mapping elemen t indicates that there a mapping

b et w een the elemen t S. A ddr ess of sc hema S and the elemen t T. CA ddr ess of sc hema T with a degree of

similarit y 0.8.

2. Matching for Data Inte gr ation ; giv en source sc hemas S1, S2,. . . ,Sn and mediated sc hema T, for eac h

elemen t s of Si �nd the most similar elemen t t of T.

3. Complex Matching ; let S and T b e t w o data represen tations. Let O ={O1, O2,. . . ,Ok} b e a set of

op erators that can b e applied to the elemen ts of T according to a set of rules R to Figure 2: Matc hing

F unction construct form ulas. F or eac h elemen t s of S, �nd the most similar elemen t t, where t can b e

either an elemen t of T or a form ula from the elemen ts of T, using O and R.

4. Matching for T axonomies ; giv en t w o taxonomies of concepts S and T , for eac h concept no de s of S,

�nd the most similar concept no de of T.

F or eac h of these problems, Doan sho ws input information, solution output, and the ev aluation of a solution

output. In general, the input to a problem can include an y t yp e of kno wledge ab out the sc hemas to b e matc hed

and their domains suc h as sc hema information, instance data, previous matc hings, domain constrain ts, and user

feedbac k.

Zhang and et. el. [25 ] form ulate the sc hema matc hing problem as a com binatorial optimization problem.

The authors cast the sc hema matc hing problem in to a m ulti-lab eled graph matc hing problem. The authors

prop ose a meta-meta mo del of sc hema: m ulti-lab eled graph mo del, whic h views sc hemas as �nite structures

o v er the sp eci�c signatures. Based on this m ulti-lab eled sc hema, they prop ose a m ulti-lab eled graph mo del,

whic h is an instance of m ulti-lab el sc hema, to describ e v arious sc hemas, where eac h no de and edge can b e

asso ciated with a set of lab els describing its prop erties. Then they construct a generic graph similarit y mea-

sure based on the con trast mo del and prop ose an optimization function to compare t w o m ulti-lab eled graphs.

Using the greedy algorithm, they design an optimization algorithm to solv e the m ulti-lab eled graph matc hing

problem.

Gal and et al. [13 ] prop ose a fuzzy framew ork to mo del the uncertain t y of the sc hema matc hing pro cess

outcome. The framew ork aims at iden tifying and analyzing factors that impact the e�ectiv eness of sc hema

matc hing algorithms b y reducing the uncertain t y of existing algorithms. T o sp ecify their b elief in the mapping

qualit y , the authors asso ciate a con�dence measure with an y mapping among attributes' sets. They use the

framew ork to de�ne the monotonicit y prop ert y as a desired prop ert y of the sc hema matc hing problem, so one

can safely in terpret a high con�dence measure as a go o d seman tic mapping.

The recen t w ork for [23 ] in tro duces a formal sp eci�cation for the XML matc hing problem. The authors

de�ne the ingredien ts of the XML sc hema matc hing problem using constrain t logic programming. Matc hing

problems can b e de�ned through v ariables, v ariable domains, constrain ts and an ob jectiv e function. They

distinguish b et w een the constrain t satisfaction problem and constrain t optimization problem and sho w that the

optimization problem is more suitable for the sc hema matc hing problem. They mak e use of com bination of

clustering metho ds and the branc h and b ound algorithm to solv e the sc hema matc hing problem.

In our form ulation approac h, w e ha v e some common and distinct features with the other related w ork. The

common features include transforming sc hemas to b e matc hed in to sc hema graphs, i. e. ro oted lab eled graphs,

and making use of the constrain t programming as a framew ork to extend the graph matc hing problem in to a
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constrain t optimization problem. Ho w ev er, our approac h in tro duces distinctly the use of fuzzy constrain t in

order to re�ect the nature of the sc hema matc hing problem. As w ell as the use of the fuzzy constrain t enables

us to mo del uncertain t y in the sc hema matc hing pro cess.

6. Summary and F uture W ork. In this pap er, w e ha v e in v estigated an in tricate problem; the sc hema

matc hing problem. In particular, w e ha v e in tro duced a fuzzy constrain t-based framew ork to mo del the sc hema

matc hing problem. T o this end, w e build a conceptual connection b et w een the sc hema matc hing problem and

fuzzy constrain t optimization problem. On one hand, w e consider sc hema matc hing as a new application of

fuzzy constrain t optimization, and on the other hand w e prop ose the use of fuzzy constrain t optimization as a

new approac h for sc hema matc hing.

Our prop osed approac h is a generic framew ork whic h has the feature to deal with di�eren t sc hema repre-

sen tations b y transforming the sc hema matc hing problem in to graph matc hing. Instead of solving the graph

matc hing problem whic h has b een pro v en to b e an NP-complete problem, w e reform ulate it as a constrain t

problem. W e ha v e iden ti�ed t w o t yp es of constrain ts syn tactic and seman tic to ensure matc h seman tics. As

w ell as, w e mak e use of the fuzzy constrain ts in order to enable us mo deling uncertain t y in the sc hema matc hing

pro cess. W e also shed ligh t on ho w to construct ob jectiv e functions.

The main b ene�t of this approac h is that w e gain direct access to the ric h researc h �ndings in the CP area;

instead of in v en ting new algorithms for graph matc hing from scratc h. Another imp ortan t adv an tage is that the

actual algorithm solution b ecomes indep enden t of the concrete graph mo del, allo wing us to c hange the mo del

without a�ecting the algorithm b y in tro ducing a new lev el of abstraction.

Understanding the sc hema matc hing problem is considered the �rst step to w ards an e�ectiv e and e�cien t

solution for the problem. In our ongoing w ork, w e will exploit constrain t solv er algorithms to reac h our goal.
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