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Abstract is the best known such tool.

For example, to find the mapping from scherfiao

We take schema mapping to be the problem of findingschemaT in Figure 1, one specifies/discovers the corre-
an appropriate semantic relationship to load data from a spondences,, v2, v3, andv4. This indicates, for instance,
source to a target database, given their schemas. This rela-that theaddr column of theaddress table corresponds to the
tionship is expressed in terms of declarative logical espre addr column of thepersonnel table. Clio is able to generate
sions. The problem is inherently difficult to automate and a mapping formula that createsparsonnel tuple by join-
previous solutions have proposed algorithms which take asing together grofessor tuple and araddress tuple. This
input simple element correspondences between schemas imapping is suggested by the presence of the foreign key
addition to local schema constraints such as keys and ref-constraint {) between the relations. Depending on other
erential integrity. In this paper, we investigate the use of constraints, one may choose an outer-join, rather thama joi
a richer source of information about schemas, namely the to avoid losing information.
presumed presence of semantics for each table expressed in
terms of a conceptual model (CM) associated with it. Our Schema S

Vi Schema T
approach first compiles each CM into a graph and repre- address \
sents each table’s semantics as a subtree in it. Second, personnel | id | name [ sa [ adar |
we develop algorithms for discovering subgraphs that are I ///

plausible connections between those concepts/nodes in the .. “ -
CM graph that have attributes participating in element cor-

respondences. A conceptual mapping candidate is then a Figure 1: Input to Schema Mapping Discovery
pair of source and target subgraphs which are semantically

imilar. At th 4 th b ted to datab Schema mapping lies at the heart of a variety of data
simiiar. € end, these must be converted 1o data asemanagement problems. Effective and labor-saving tools are
mappings. We offer experimental results demonstrating

that. for test datasets d ¢ b fd . Yalways in great demand by data integration practitioners.
al, for test datasets drawn from a number of domains, Currently, progress has been made in automatically specify
the “semantic” approach outperforms thehase technique

hich onl terential intearit traints. in terof ing element correspondences [15, 10, 12, 6]. In this paper,
which only uses reterential Integrity constraints, in ter we focus on the second problem, thatefiving plausible
recall and especially selectivity.

declarative mapping expressions starting from element cor
respondencessiven a set of element correspondences from
the source to the target schemd® this paper, these relate
1 Introduction column names), the essential step in deriving mappings is to
find some way of “connecting semantically” the elements in
Schema mapping is the problem of finding an appro- the source and in the target schemas. The current best so-
priate semanticrelationship between a source and a tar- lution [14] uses a variant of thehasealgorithm on foreign
get schema. This relationship is expressed in a declarativekey references to assemble “logically connected elements”
language. The problem is inherently difficult to automate; However, as shown by the motivating examples in next sub-
therefore, interactive and semi-automatic tools are asdum section, this technique sometimes does not produce directl
to be the solution. Such a tool often employs a two-phasethe most natural semantic connections. Moreover, the space
paradigm: first, specify sormample(_:orrespor_]dences be-_ 1The correspondences are directed from the source to thet tandy
tween schema elements; then derive plausible declarativey the sense that data from the source columns is intendechtitaate to
mapping expressions for users to select from. Clio [13, 14] data that will appear in the target column.




of all possible mappings may be very large, and it would be source:

desirable to provide the tool with an ability to rank-order — writes P — <oliat Pp—
them. -pname: key -bid: key -sid: key
. . . . . 1. 0.* 1. 0.*
In this paper, we investigate the potential benefits of a

; v — T =

complementary approach, which assumes that the specificpe,son(gna@'" Vool Mame b bookBid) soldA Besid) bm

semanticsof database schemas are also available as in- vy v
put. Data semantics amounts to establishing and maintain-""" mname Rl

ing a relationship between an information system (model) Author hasBookSoldAt Bookstore

and its intended subject [5]. To capture the semantics of a e o f—
database schema, we will use a conceptual model (abbre-

viated as CM). We observe that obtaining the semantics of Figure 2: Schemas, CMs, RICs, and Correspondences

a schema is not necessarily a difficult task. For example,

many database schemas are developed from a conceptu@bntains, as usuakntity sets (classes), relationships be-
mOdel, such as an Extended Entity-RelationShip diagram.tween classes (properties), att”butmd Cardina"ty con-
Consequently, maintaining the EER schema and the map-straintsimposed on the participation of classes in relation-
ping between the EER schema and the relational schemahips. We take a binary relationship to link its participat-
needs limited EﬁOFt In addition, we have recently devel- |ng classes in a Specific direction. For exam'ﬂer,son is
oped a tool [2, 3] to recover the semantic mapping betweenjinked to Book by writes, while Book is linked to Person
a legacy database schema and an existing CM that covergy writes—, which is the inverse ofirites. We use UML's
the same domain of discourse as the database. notation for cardinality constraints, wheven..maz speci-

It is important to note that welo not assumethat the  fies lower and upper bounds on the number of range objects
CMs for the source and target are identical, or are connectedtelated to a single domain object. Thus,» means‘no

at the semantic level, as in many data integration proposalsconstraint”, 1.._ meanstotal participation” , while _..1 in-

Instead, we rely on the element correspondences betweegicates that each domain instarfeactionally determines
the table elements, which have proven to be so useful inthe other participating instance i

Clio. To encode constraints for identifying objects, we need
a speciakey notation to indicate (collections of) attributes
1.1 Terminology and Motivating Exam- that act as identifiers of entities.
ples There are well-known methodologies for designing log-

ical database schemas from a CM (e.g., ER diagrams).

We next clarify the input/output of our program and pro- We call such methodologiesr2rel designs(e.g. [11]).
vide motivation and terminology using illustrative (rathe ESSentially, theerzrel design maps each class/entity to a
than exhaustive) examples. class/entity table and each relationship to a relationthip

ble. In addition, it also permits merging takilg into table

Example 1.1: Consider the source relational schema given
T> when the key ofl; has an RIC to the key df,; such

in the upper part of Figure 2. It contains five tables: T )
person(pname), writes(pname, bid), book(bid), soldAt(bid, sid), a merge reduces the n.eed for joins, at the cost of possibly
andbookstore(sid). The underlined column name(s), such as ntroducing null values in some columns®@f.
pname, indicates the primary key of the table. A dashed ar-  Continuing with our example, &rget schemas also
row represents Referential Integrity Constraint (RIC), i.e., 9iven in the lower part of Figure 2. The target schema con-
a foreign key referencing a key. (This is not required for our t&iNS, among others, a taliesBookSoldAt(aname sid). The
own algorithm, which recovers RICs from the semantics, table is associated with the CM shown below it. Now
but is presented for comparison purposeSor example, !et us turn to the mapping task. To initiate the_ process,
the dashed arrow, pointing from columrpname of table inter-schema correspondences need to be specified. As in
writes(pname,bid) to columnpname of table person(pname), _[14]’ we use the simplest fo_rm of correspondences, rel_at-
written textually aswrites.pnameC person.pname, indicates ing pairs of column names in the source and target. Fig-
that the values in the former column are a subset of the lat-Uré 2 show two correspondences using solid lingscon-
ter. nectingperson.pname in the source t@asBookSoldAt.aname in

The semanticof the source schema is encoded by asso- the target, and:2', connectingookstore.sid in the source to
ciating with each table a subgraph in the CM above it. (In hasBookSoldAt.sid in the target. Textually, a correspondence
this case, the associations are intuitively obvious. We pro 'S Written asperson.pname«~~hasBookSoldAt.aname.

vide a formal definition in Section 2). We assume thata CM Current Solution One approach takes as input the source
schema, the target schema, the RICs, and the correspon-

2|n [3], we have shown how to do this formally for standard desig dences. To generate a declarative mapping expression,




the “chase solution” employs an extension of tiee
lational chasealgorithm to first assemble logically con-
nected elements into so-called “logical relations”, befor
connecting them with correspondences. The result in
this case is as follows: Let the four RICs in Figure 2
be: 71 .writes.pnameC person.pname, 79 :writes.bidC book.bid;
13:soldAt.bidC book.bid; 74:soldAt.sidC bookstore.sid.
The result of chasing the tableites(pname,bid) using RIC
r1 can be represented by the algebraic expression:

S :person(pname) X writes(pname,bid).
Applying the chase again t8, usingr,, we obtain the ex-
pression:

S5 :person(pname) < writes(pname, bid) ><i book(bid).
Since no further chase steps can be applied §:ecannot
be expanded furthely, is alogical association Likewise,
the result of chasing the tabdeldAt(bid,sid) usingrs andr,
is the logical relation:

S'3:book(bid) <1 soldAt(bid,sid) > bookstore(sid).
In the target, a logical relation is:

T’ :hasBookSoldAt(aname,sid).
To interpret the correspondences and v, Clio’s algo-
rithm looks at each pair of source and target logical rela-

book and the book is sold at the bookstore. Now look-
ing into the semantics of the schemas, we observe that
there is indeed a connection from tRerson class to the
Bookstore class, i.e., the composition efrites andsoldAt.
Furthermore, the cardinality constraints of the composed
connection (many to many) are compatible with that of
the target relationshipasBookSoldAt. Therefore, the pair
(writesosoldAt, hasBookSoldAt ) of connections in the CMs
is a plausible mapping from the source CM to the target CM
if Person in the source corresponds Amthor in the target,
andBookstore in the source correspondsBookstore in the
target. With this information, the semantics of the schemas
may help us to generafd; directly. O

The use of the semantics of schemas is also important in
the following example.
Example 1.2: Most conceptual modeling languages sup-
port the notion of subclasses/superclasses connected\by IS
relationships. In addition, there may be constraints that a
ply to the ISA relationship, such alsjointnessspecifying
that a certain collection of subclasses have non-ovemappi
extents.

In the example we are to consider, the CM asso-

tions. For each such pair, it computes source-to-target map qjated with the source schema in Figure 3 contains a

pings driven by the correspondences thatcaneeredby the
pair. For example, the paiiS,,71) coversv, and the pair
(S3,171) coversvy. So the mappings are actually written
as (59,11, v1) and (S3,T1, v2). The algorithm will then
generate the following two candidadeclarative mapping
expressionswhich have the form of so-called “tuple gener-
ating dependencies”:
My :VpnameVbid(person(pname)Awrites(pname, bid)
Abook(bid)—3xhasBookSoldAt(pname, x)).
Mo:VbidVsid(book(bid)AsoldAt(bid, sid)Abookstore(sid)
—dyhasBookSoldAt(y, sid)).
In M; and Ms, existentially quantified variables need to be
realized as labeled nulls. Note that if outer-joins are used
the algebraic expressiorts and.Ss, the following expres-
sions are also candidate mappings:
Ms:¥pname(person(pname)— 3xhasBookSoldAt(pname, )).
My :Vsid(bookstore(sid)—JdyhasBookSoldAt(y, sid)).
Thereafter, all candidate mappings are presented to a us
for further examination and debugging.
Alternate Solution We believe that a more natural mapping
expression in this case would be:
M5 :VpnameVbidVsid(person(pname)Awrites(pname, bid)
AsOldAt(bid, sid)Abookstore(sid)
— hasBookSoldAt(pname, sid))3.
The mapping basically says that a person and a bookstor

together are mapped to the target if the person writes a

3Note that even if all we are interested in is loading data fteesource
to the target schema, the existentially quantified variategsire the intro-
duction of different Skolem functions in key fields (see [14jo the two
earlier mappings cannot produce tuples that can be mergetisthy it
is important to create larger logical relations.

superclassEmployee and two subclasse&ngineer and

Employee

-eid: key

]

Engineer Programmer

-eid: key
-site

|-eid: key
-acct
-workstation

SOURCE:

engineer (gidsite), programmer (eid.agct

ProgrammerEng

TARGET:
-userName: key
-workstation
-site

progEng (userName workstation,site)

Figure 3: Using Subclass Semantics in CM

Programmer. Suppose the ISA hierarchy is total and over-

elppping, which means that eadfmployee must be an

Engineer or Programmer or both. A possible way of trans-
lating the CM into a relational schema by teeerel de-
sign is two separate tables: one femgineer, another for
Programmer, both using the inherited identifieid as their
primary keys. Given a target schema containing a single ta-
ble tracking those programmers who are also engineers, the
gollowing mapping

M NacctVeidVwsVsite(programmer(e:d, acct, ws)

Aengineer(eid, site) — progEng(acct, ws, site)),

is expected for interpreting the correspondences shown as
the solid lines in Figure 3. Notice that the mappifig
will not be discovered by the chase algorithm (i.e., no
chase can apply). However, the CM associated with the



source schema indicates that there is a connection betweeare simple and single-valued (composite and multi-valued
Engineer and Programmer through their common super- attributes can be transformed into classes). We construct
classEmployee. Using this semantics, it is possible to gen- the CM graph from a CM as follows: We create a class
erate the mapping/ directly. On the other hand, note that node labeled witlC for each clas€’, and an edge labeled
if the two subclasses were disjoint, we should avoid gener-with p from the class nod€’; to the class nod€ for each
ating the above mapping. This is feasible if the disjoinsnes binary relationship sei linking C; to Cs; for each sucly,
constraint is represented in the CM. However, we believe there is also an edge in the opposite direction for its irejers
that detecting disjointness cannot be achieved by merelyreferred to ap—.
looking at logical schemas. Note that we will deal with n-ary relationships, relation-
Moreover, the semantics may also help us to down- ships with attributes, and so-called higher order relation
grade/eliminate incompatible pairs. For example, supposeships (which relate relationships themselves) in Sectién 4
that the source contains tabl@susehold(hid,address) and by reifying them. We shall eventually also reify many-to-
person(pid,name,age), as well as separate tables for three re- many binary relationships (ones that are not functional in

lationships between themiemberOf(pid,hid), headOf(pid,hid), either direction) since the algorithm will treat these tame
and pastorOf(pid,hid), where the pid and hid columns way.
of memberOf/headOf/pastorOf are foreign keys referenc- For each attributg of a clas<”, we create a separate at-

ing person.pid and household.hid, respectively. The for-  tribute node, whose label i and add an edge labeled with
mal semantics indicate thahemberof and headof are f as well from the nod€ to the attribute nodé.For each
part-of relationships (i.e., removing a household cascadesisa edge from a subclags; to a superclass’,, we create an
to the removal of parts) in contrast festorof, while edge labeled witlsa from the node”; to the node’;. For
headof and pastorof are functional from households to the sake of succinctness, we use UML notation to represent
persons (i.e., the cardinality upper bound is 1), in con- a CM graph. Note that in such a diagram, instead of draw-
trast to memberof. Suppose that on the target side, we ing separate attribute nodes, we place the attributeseinsid
have tablesfamiglia(fid,addr), persona(pid,nome) and some  the rectangle nodes; and relationships and their inverses a
other tablefoo(pid,fid), where foo.pid and foofid are for-  represented by a single undirected edge. The presence of
eign keys referencingersona.pid and famiglia.fid, respec- such an undirected edge, labejgdetween classes and
tively. The only correspondences are between the extgrnall D will be written in text a ---p--- @ It will be
visible information: household.address«famiglia.addr and important for our approach to distinguisinctional edges
person.name ~~persona.nome. According to chase approach, — ones with upper bound cardinality of 1, and their compo-
there are three candidate mappings, frénusehold > sition: functional paths If the relationship p is functional
{memberOf|headOf|pastorOf} I person respectively tdamiglia from C to D, we write ---p->-- @ Eachisa re-
< foo < persona, and there is nothing to distinguish them. lationship has cardinality..1, and its inversemayAlsoBe,
However, if we know from the semantics thad is not a has cardinality..1.
part-of relationship, then we would expect it unlikely that In this paper, the semantics of a table is represented by a
memberOf/headOf would have lead to mappings. Similarly, subtree in a CM graph. We call such a subsemantic tree
if foo had functional semantics, then we would have consid- (or s-tree) where columns of the table associate uniquely
ered it unlikely thainemberof was used in the source, since with attribute nodes of the s-tree. This representatiomof t
this would likely lead to the violation of the upper bound 1 ple semantics was presented in [4], and corresponds to a
constraint in some cases. U kind of conjunctive formula which can be derived from the
The rest of the paper presents our principled approachs-tree. The encoding uses unary predicates for classes, bi-
to the problem of schema mapping. Section 2 proposes anary predicates for attributes, and binary predicates ifor b
representation of table semantics. Section 3 presents elenary relationships. For relational schemas, we use a famul
ment correspondences and schema mapping representationf the form7'(X) — 3Y.®(X,Y) to represent the seman-
Section 4 illustrates the algorithm for mapping generation tics of tableT’, whereT is a table with columnsX (which
Section 5 evaluates the approach using a comprehensive s¢fecome arguments to its predicate), @i a conjunctive
of experiments. Section 6 discusses related work. Finally,formula over predicates representing an s-tree. The encod-
Section 7 presents conclusions and points to possiblegfutur ing introduces a new variable for every node in the tree, and
directions. proceeds recursively (see [4]). For example, source table
writes(pname,bid) in Figure 2, whose semantics is repre-

2 Representing the Semantics of Schemas sented by the s-tree consisting of nodkesson and Book
connected by edgerites, has logical semantics

We shall represent a given CM using a I?‘beled_direCted 4Unless ambiguity arises, we say “no@&, when we mean “class node
graph, calledCM graph We assume that attributes in CMs labeledC”.



T writes(pname, bid) — O:Person(z), umnperson.pname to the target columnasBookSoldAt.aname

O:Book(y), O:writes(z, y), in Example 1.1.

O:pname(z, pname), O:bid(y, bid). For a set of correspondences between a scheéhaand
where we use prefixeg andO to distinguish terms in the  a schemdl’, we useL(S) and £(T') to denote the sets of
relational schema and the CM. columns linked by in S andT, respectively. The goal of

In order to handle multiple relationships between enti- schema mapping is to find an algebraic expression connect-
ties, as well as “recursive” relationships, while contimgii  ing columns in£(.S) and an algebraic expression connect-
to use trees, we duplicate concept nodes, and all the reing columns inl(T") such that the pair “interpretsC. The
lationships they participate in (see [4]). So, for example, interpretation depends on the intention underlying the cor

the semantics of tablgers(pid,name,age,spousePid) is repre- respondences. As we have indicated, automatic tools are
sented by a graph with two nodé%rson andPerson opy1, available for specifying element correspondences. Their
connected by edgeasSpouse. And an additional col-  underlying principles are findingimilar pairs in schemas
umn, pers.bestFriendPid, would require an additional node, based on linguistic, structural, and statistical inforiomt
Person..py2, CcOnnected tdPerson by edgehasBestFriend. Assuming thaiC specifies two sets of similar table columns,

Note that this approach allows us to handle correcyiglic that is, every columre € £(S) has a similar counterpart
RICs since the table semantics has to specify the number otolumnd € L£(T) in terms of modeling a real-world sub-
times the loop has to be unfolded. ject matter, we will craft our schema mapping approach to
It is in fact possible to take an arbitrary formula of the find a pair of “similar” relational expressions in terms of
form T'(X) — 3Y.®(X,Y) and convert it into a semantic  their connections for interpreting the correspondentes
graph (though possibly no longer a tree): (i) for every bynar Since there are considerable complexities involving is-
atomp(z,y), add, without duplication, unary restrictions sues such as joins/outer-joins, the generation of Skolem
D(z) and R(y) wherep was connectingD and R in the constants, etc. which do not differ from [14], we content
CM. (ii) Any time the same variable occurs as the argu- ourselves with presenting mapping candidates as 3-tuples
ment of two concepté’ andD, replacer by a new variable  (E;, FE5, £), where E; and E, are relational expressions

z as the argument dP, and of every binary relatiog(x, w) (in algebra or conjunctive query form) for the source and
leaving D; when such variables are introduced, add clausedarget, respectively, and is a set of correspondences that
(z = 2), unless Cisa D, in which case add claus€(z, z). are covered by the pair of expressions.

For selection queries with constants, which appear as argu- Our approach will be to find mapping candidates
ments in atoms (e.ghasAge(x,9)), the attribute node can (D1, D) at the conceptual levelvhereD; and D are sub-
be labeled with a numeric value. As a result, every conjunc- graphs of the corresponding CM graphs. These candidates
tive query®(X,Y) describing the semantics of a table can are then converted to relational mappings by a technigue
be represented as an s-tree, with some additional equalityakin to query rewriting using views.
edges connecting nodes.

The previous study [4] also associates additional notions
with the semantics of a tabl& . The first is ananchor

which is the central object in the s-tree from whiEhs de- Gi lational schemsi iated with a C
rived, in case er2rel was used. For example;(dfd) was ven a relational sche associated with a C\s

- : - - through the semantic mappings and a relational schema
derived from a functional relationshjft] - - - p- >- - [D], _ ; , ,
thencC is the anchor of tabl&". The second is a rule express- g assg.matedl W'tﬁh aCNr fthrough thedsemant;_c lz”lapplngt
ing how classes involved in the s-treefare identified by r. GIven alsoL, a set of correspondences linking a se

columns ofT'. In the preceding example, clagds identi- £(5) ofhcolumnsli_nS t?] a setE(T)_ of columns irﬂl“. h
fied by the columre of 7', while clas<D is identified by the As shown earlier, the semantic mappings relate each ta-

columnd. More details about the additional notions can be PI€ in the schemas to an s-tree in the respective CM graphs,
found in [4]. associating with each column a class node in the graph

through the bijective associations from columns to attgbu
nodes. Consequently, the g&tS) of columns gives rise to
3 E|em?”t Correspond_ences and Schema aseiCg of “mar(lled” c)I/ass nﬁes) in the graphy. Likewise,
Mapping Representation the setl(T') gives rise to a saf; of “marked” class nodes
in the graphGr. We call the s-trees associating with tables
As mentioned before, in this paper, we study the prob- that have columns participating il pre-selected s-trees
lem of deriving plausible declarative mapping expressions Subsequently, our approach consists of two major steps: (1)
starting from element correspondences. Here, an elemenfinding a subgraptD; connecting concept nodesdi and
correspondence links a source column to a target column.a subgraptD. connecting concept nodes@i such thatD,
For example, the correspondengelinks the source col-  andD, are “similar” — by analogy with [14], we call these

4 Generating Mapping Candidates



“logical subgraphs”; (2) restoring the attribute nodes used “lossless joins”. Formally, a functional treg containing

to identify the class nodes and translatibg into an al- a set of nodegv,va, ..., v, } IS @ tree with a root: such

gebraic expressioft; and D, into an algebraic expression that the path fromu to eachv;(# w),i = 1..n is func-

E,. The pair(E;, E») is returned as a mapping candidate if tional. (Such a tree is formally a Steiner tree: a spanning

it covers the set of or a subset of’. tree allowed to pass through additional nodes in order to
In the rest of this section, we first describe the logical reach marked nodes.) The preference for functional trees is

subgraphs for different situations and develop algorithms motivated by the fact that functional associations deteemi

for discovering them using various examples. Then, we pro-functional dependencies, and hence the application of the

pose an approach to translating a logical subgraph into arer2rel design to a functional tree give rises to a set of rela-

algebraic expression using techniques of rewriting gserie tional tables whose join is lossless. Combining the two pre-

using views. vious observations, we are led to seakiimal functional
treescontaining, as a subset, the node€in(Cr), unless
4.1 Basic Conceptual Model there are other preemptive conditions. Minimality means

that treeF does not have a subtree which is also a functional
The basic CM contains classes, binary relationships, andtree _conta|n|ng{u1,v2, o Un _Interestmgly, [16] also
: . ; . e considered the problem of querying ER diagrams, and also
ISA relationships. All other relationships are reified i th . - . o
: suggested using minimal-cost Steiner trees, but in this cas
CM graph, and we delay their treatment to the next subsec- S ;
passing, if necessary, through non-functional edges, &hos

tion. Do . X
. individual cost is greater than the sum of all the functional
For a seCs of nodes in the source CM gragly and a edges g

setCy of nodes in the target CM gray, there are many We now begin to present the algorithm. We will always

ways tto cor:nectt_noﬁes Kﬁsi an(ilhno_d?s ”Cf.' we prg'd . start from the target side. That is, supposing we have a logi-
pose fo systemalically explore the information encoded in ., subgraph in the target CM graph, we aim to find a “simi-
the correspondences and the semantic mappings for discoy,

. . e . . lar” logical subgraph in the source. There are two subcases:
ering the pair of similar logical subgraphs. First, a node
v € Cg corresponds to a node € Cr whenv andu have Case A: The target logical subgraph is given, e.g., itis
attributes that connect to corresponding columns via the se the s-tree associated with a single table.
mantic mappings. Second, we take the following observa-
tions/conditions into consideration: (i) For a pair of nede  Case B: The target logical subgraph is to be constructed
(v1, v2) in Cg and a pair of nodesu(, us) in Cr, if v, corre- itself.
sponds ta:; andvs corresponds tas, if there is to be a link
betweerw; andv, then it should be “semantically similar” Case A. We use the following example to illustrate the
or at least “compatible” to the link between andus,; for construction of a similar logical subgraph in the source
example, a source link with lower bound 2 of the cardinality when the target logical subgragh is given.
for v, is not compatible with a target link with upper bound Example 4.1 Consider the target and source CM
1 of the cardinality forus. (ii) Since columns appearing in  graphs in Figure 4. The target tree of relational table
the same table are assumed to represent particularly néleva projpnum, dept, emp) can be expressed as the formula:
semantic connections between the concepts carrying the re- 3;: 7 :proj(pnum, dept, emp) — O:Proj(z), O:pid(z, pnum),
spective attributes, there is a preference that the logida O:Dept(y), O:did(y, dept), O:Emp(2),
graphs use edges from the pre-selected s-trees. (iii) Tothe O:eid(z, emp), O:hasDept(z, y), O:hasSup(z, z).
extent that there are choices available, we want the logicalThere are a number of source tables whose semantics
subgraph to represent “intuitively meaningful queriesi. | are given as s-trees of the source CM graph, including
relational database there appears to be consensus that thisntrol(proj,dept) andmanage(dept,mgr). Their semantics are:
requires the joins in the query to be lossless. (See more %,: T:control(proj, dept) — O:Project(z), O:pid(x, proj),

below.) (iv) All things being equal, we want the logical O:Department(y), O:did(y, dept), O:controlledBy(z, ).
subgraph to be compact — as per Occam'’s principle. ¥3: T:manage(dept, mgr) — Employee(y), O:eid(y, mgr)
Observation (iv) leads to our first heuristic for connect- O:Department(x), O:did(x, dept), O:hasManager(z, y).

ing nodes: if there are no other constraints, shortest pathsSuppose a user has specified the correspondences
in the conceptual graph are preferred. In the relational con v :control.proj~~proj.pnum, vy:control.depte~proj.dept, and

text, observation (iii) led to the use of the chase operation v3:manage.mgre~proj.emp. In Figure 4, the correspondences
on RICs, since lossless joins are considered a useful guideare lifted to correspondences between the associated class
line for creating semantically meaningful queries. Pragio  nodes.

research on graphical querying of Entity Relationship dia-  Notice that the target logical subgraph isarchored s-
grams [18] has identified th&inctional treesorrespondto  tree where the anchor iBroj, and the path from the anchor



oo ) at the node corresponding to the anchor and leave rest un-
Prject ] Department | Employee connected. Consequently, the correspondences will bie spli
i N o among the tree and the remaining unconnected nodes. In
— \t /’ Case A.2, we find the trees covering different subsets of
TAReET pov T . 5 the nodes so that the entire set would be covered by several
0 e [ /J trees with different roots. Accordingly, a pair of trees €on
00 hessw aa[ sists of a source tree covering subsets of nodes identified by
o the correspondences and the target tree. Consequently, the
_ coverage of the correspondences is split among all the. pairs
Figure 4: Input to Example 4.1 The same treatment applies to the rest cases as well]

As the example below illustrates, a node in the target tree
to every other node is functional. This leads us to believe may correspond to multiple nodes in the source graph.
that a “similar” logical subgraph in the source should be a Example 4.2 The target tree in Figure 3 of Example 1.2

functional tree with a root corresponding to the anchor. consists of a single noderogrammerEng. Using the cor-
respondences programmer.acct«~~programmerEng.userName,
Case A.1 Suppose we find a node in the source corre- programmer.workstation«~programmerEng.workstation, and
sponding to the rod®roj in the target, in this caseroject. engineer.site ~~~programmerEng.site, we identify two nodes,
Then connect it to every other node that has a corre-Engineer andProgrammer, in the source corresponding to
spondence to the target CMDepartment and Employee ProgrammerEng. To connect the two source nodes, we use

in this case) using minimal cost functional paths. Since key information. The clas®rogrammer has an attribute

the observation (ii) above motivates us to use edges incorresponding to the keyserName of the target class

the pre-selected trees as much as possible, to fulfill this,ProgrammerEng. Therefore, we search for a functional
the edges in pre-selected trees do not contribute to thetree rooted aProgrammer, which has the attribute corre-
cost of paths. By doing so, a “shortest path” will con- sponding tauserName. As a result, the tre

tain edges in the pre-selecte trees as much as possible,. _j ga- >- - Employed - - - mayAl soBe- >- -

and cover as many nodes with correspondences as po- . . ) .
sible. At last, we choose the functional trees of min- ’ where mayAlsoBe is the inverse ofisA, is

imal cost as the logical subgraphs in the source. In réturned. Note that there is no disjointness constraint-spe
this example, the tr- _-control | edBy->-- ified .bt_atween the subclasses. Otherwise, the connection is
_ prohibited.
- - - hasManager - >- - is the However, if there is no class in the source having an at-
logical subgraph in the source that matches the target logi-tribute corresponding to the key in the target, then we look
cal subgraph. for all minimal functional trees containing the source rode
as discussed in Example 4.1. O

Case A.2 If a user only specifies correspondencesand

vg (v1 is missing), then we no longer have the information cage B, Finally, we consider the case where the target
to find the corresponding root in the source; we are nonethe-|ogica| subgraphD, starts out as a forest consisting of a
less seeking an logical subgraph in the source thatis a funcgt of pre-selected s-trees.

tional tree. In this case, we must find all functional trees in The guidline for connecting a set of pre-selected s-trees

the source each of which contains the node€dn Such g the minimal functional tree. Given a set of pre-selected
trees should be as small as possible, hence, minimal f“nc's—treesD={d1, do,..., d,} in a CM graphG. Let the set

tional trees. of nodesV={v1, vy,..., v,y } be the nodes associated with
In this example, we would return the same anchored treeg get of correspondences. We know that each = 1..m

as above. Note that even if there were another dlasm belongs to some treek ,i; € {1.n}. We construct all
N .nt.

in the source graph, and a functional relationstiiptern| minimal functional trees containing nodes lih using the
---works_on->- - . the functional tree rooted  edges in the pre-selected s-trees as much as possible. Con-
at Intern would not be returned because it is not minimal: sequently, we construct a set of minimal functional trees in
the functional tree rooted aroject already contains the the target. Accordingly, we can construct a set of minimal
necessary nodes. functional trees in the source.

Suppose that the nodes @y are not covered by a sin- From the sets of minimal functional trees in the source
gle (minimal) functional tree in the source CM graph. Then and target, we form a pair of logical subgraphs along with
we attempt to connect the nodes as follows. In Case A.1, wethe correspondences covered by the pair. A heuristic used in
connect as many nodes as possible using a single tree rootefibrming the pairs is similar to that in Case A, i.e., matching



up the roots of the pair of trees if possible. However, if we First, a path of length 2 passing through a reified relation-
cannot find a source tree with the corresponding root to theship node should be counted as a path of length 1, because
root of a target tree, then the target tree can be paired upa reified relationship could have been eliminated, leaving a
with any source tree. Finally, all such pairs are returned assingle edge.

mapping candidates. Second, the semantic category of target trees rooted
at reified relationships inducesreferencesfor similarly
4.2 Reified Relationships rooted (minimal) functional trees in the source. This in-

cludes the anchor being many-to-many, many-to-one or

In order to represent n-ary relationships & 2) in a one-one (distinguished by the cardinality restrictionsghan
CM like UML, one reifies them, introducing a special class role inverses, as in theorksin example above), the number
connected to the participants using functional “roles”r Fo Of roles (exact arity), or subclass relationship to topelev
example, to represent that stores sell products to personspntology concepts such asrof®.
we introduce classsell, with functional properties/roles Note that non-functional relationships between enti-
seller, buyer, sold pointing to classestore, Person andProduct ties in a CM can also be derived as the composi-
respectively. (See Figure 5.) Such reified relationshigsod tion of edges on non-functional paths.  For exam-
will be indicated in our text by tagging their name with ple, traversing the pat ---shopsAt - - >-
although formally this can be encoded in the CM by mak- [Store}- <- - | ocat i on- - - yields an N:M relation-
ing such classes be subclasses of a special top-level clasship between persons and cities where the store is located.
ReifiedReIationship. Note that classes for reified relation- Therefore in Seeking matches for (re|f|ed) many_to_many
ShipS ma.y also be used to attach descriptive attributes forbinary relationships between A and B, one must alSO con-
relationships (e.gdateOfPurchase). In fact, we need to use  sjder the possibility that they appear as paths from A to B
this modeling approach for binary relationships that have that are not functional in either direction.
attributes. For ease of algorithm design, we have also cho-gxample 4.3The solution to the problem in Example 1.1 is
sen to represent many-to-many binary relationships, ssich athen obtained as follows. The target s-tree in Figure 2 is a
“person likes food”, in reified form. many-to-many relationship, which our algorithm represent

In terms of the semantic mapping formulas for tables, as a reified relationship with anchesssooksoldat. To find
reified relationships are used in the standard way. For ex-3 matching logical subgraph connecting the neeeson
ample, if we had tableelis(sid,prodid,pid, date) Whose seman-  jn the source corresponding faithor in the target and the
tics is represented by Figure 5, then the semantic mappinghodeBookstore in the source correspondingBookstore in

formula is specified as follows: the target, we look for paths connecting them that are not
X: Tselis(sid, prodid, pid, date) — O:Store(z), functional in either direction. Note that going from onegrol
O:Product(y), O:Person(z), O:Sell(s), filler to another of a reified many-many binary relationship
O:seller(s, z), O:buyer(s, z), O:sold(s, y), produces exactly such a path. Using a single reified rela-
O:sid(z, sid), O:prodid(y, prodid), O:pid(z, pid), tionship as an anchor, extended by functional paths from the
O:sellDate(s, date). roles corresponds to lossless joins with the table reptesen

ing the root, and hence are preferred. In this case, no such
path can be found. Then we look for longer paths, mini-

7
R oy S S mizing the number of few lossy joins, by minimizing the
— number of direction reversal changes along each path. In
Ll this case we get the path froPerson to Bookstore through
Produst writes<, Book, andsoldAt<. O

-prodid: key

4.3 Obtaining Algebraic Expressions
Figure 5: Reified Relationship Node

Note that cardinality constraint/1..1 on inverse roles The final mapping expression includes a pair of algebraic
can be used to indicate those cases where an object caBXPressions using the tables in the input relational sckema
participate at most once in a relationship. Thus func- only. Therefore, we need to translate the discovered lbgica
tional paths, such as works_department can still be recog-  Subgraphs in the CM graphs into algebraic expressions over

nized in reified form aEEmploved - - - wor ker —- - >- the database schemas. This process is a case of answering
gueries using views [7]. To draw the analogy, we take an

VWorksin® | - - pl ace- - >- @ entire CM as a collection of primitive relations/predicate

When a reified relationship node appears in a CM graph, for its concepts, attributes and properties; the semaafics
we have several adjustments in the mapping algorithm.each input table is a view definition over these predicates;




and a discovered subgraph is a query over the CM relations. As a result, using the set of inverse rules, we can rewrite
The first step of the translation is to express the discov- the queryg to queries that mention tables only. In our case,

ered subgraph into a query using CM predicates. The en-these include the following:

coding algorithm proposed in [4] can be used for this pur-  ¢i:ans(vi,v2) :- T :writes(v1, y), 7 :soldAT(y, vz).

pose. Here we use the following example to illustrate the  ga:ans(vy,v2) :- T :person(vy), T :writes(vy, ), 7 :book(y),

encoding process. T :s0ldAT(y, v2), 7 :bookstore(vs).
gs:ans(v1,v2) - 7T :person(vy) 7 :writes(vy, ),
T :s0ldAT (y, v2), 7 :bookstore(vz).
pname > > sid Since ¢; does not mention tablegerson(pname) and
Wmes4 Book  |-soidat o Bookstore | bookstore(sid) that are linked by the correspondences, @nd
_ _ is contained ing3, ¢; andgj are eliminated. The body of
Figure 6: A Discovered Tree over a CM Graph the queryg}, converted to relational algebra in the standard

Example 4.4Figure 6 is a fully specified tree in the source way, is returned as the algebraic expression.

CM of Example 1.1. (For simplicity of presentation, we Note that the semantics of tables in [4] actually consider

have reduced the reified binary relationships to simple as-nu”S in tables, ?”d outer—10|ns of .pred|cates in the QM’ n
sociations. Our algorithm would work correctly even with order to deal with t.he relatlopshlps that have cgrdmahty
the reified versions.) Notice that the attributes which asso Iowe_r_bound 0. Taking these into account complicates the
ciate with the table columns linked by the correspondencesre"vrltlng Process. =

are also shown on the tree. The triangles indicate the asso-

ciating directions of the relationships. TakiRgrson asthe ~ 4.4 The Algorithm

root of the tree, the encoding algorithm recursively con-

structs a logic formula using unary predicates for the class We now summarize the core of the mapping discovery
nodes and binary predicates for the edges. An attribute nodealgorithm that has been illustrated throughout this sectio

is encoded as a fresh variable in the formula and make up

the answer tuples. Assigning a names to the query, we  Specification: Semantic Mapping Discovery.

obtain Input: A source schema associating with a CMGg
q: ans(v1,v2) - O:Person(z1), O:pname(z1, v1), through the semantic mappirkys; a target schemd’ as-
O:writes(z1, z2), O:Book(z2), O:soldAt(z2, x3), sociating with a CM7r through the semantic mappiig;
O:Bookstore(xs), O:sid(z3, v2). O a set of correspondencésbetween a set of columnd(S)

Given the set of semantic mappings for the tables, wein S and a set of column&(7') in T'.
can apply techniques for rewriting a query using views to Output: Mapping candidatesE;, E», Ly), where Ey
rewrite ¢ above to a new query which only mentions the ~ and E, are algebraic expressions overand 7', respec-
tables in the relational schema. The rewritten qugris  tively, and £y, € L is a set of correspondences covered
maximally-contained iy and must mention tables that have by (E1, E2).
columns linked by the correspondences. Steps:
Example 4.5We have proposed in [4] an ad-hoc approach 1. Find a set of “marked” class nod€s in Gs usingL(.S)
to deriving inverse rules for each predicate in the CM, in ~ and Xs and a set of “marked” class nod€s in Gr
terms of the tables in the relational schema. An essential ~ USINgL(7") andXr.
problem that needs to be resolved here is that unique in-2 Find a logical subgrapt, connecting nodes iGr:

ternal object identifiers (e.g., the argumentsf predicates D, could be: (i) a given s-tree; (i) a minimal functional
like Person(x) ) used in the CM, are not directly available tree.

in the relational tables. These are formally converted to
Skolem functions, giving rise to formulas such as

O:Person(f (pname, age)) :- T :person(pname).
when inverting a semantic specification such as

T :person(pname, age) — O :Person(x),

O :hasName(z, pname), O:hasAge(z, age).

The problem is that different tables give rise to different
Skolem functions, which cannot then be joined. For this
purpose, we use theeyinformation about table semantics 4. Restore attribute nodes associated with correspongence
(see Section 2) in order to “unify” the various Skolem func- to the logical subgraphs and encoflg and D, into
tions. Sof (pname, age) would be replaced byname, if queries; rewrite the queries into algebraic expressipn
we knew thapname is the key of the table. and E;, using tables in the input schemas.

3. Find a logical subgraptD; connecting nodes ii€g
such thatD; is similar to Ds: The similarity is sug-
gested by: (i) a (minimal) functional tree matching a
given anchored s-tree; (ii) the same shape non-anchored
tree using non-functional paths connecting nodes; (iii)
two minimal functional trees; (iv) other semantics like
part-of.



5. Identify the correspondencé€s, covered by E1, E»); schemas developed in the Clio project. Fortunately, their

return{Es, Es, Lyr). original conceptual models are available. 3Sdb 1&2 are
two versions of a repository of data on biological samples
5 Experimental Results explored during gene expression analysis. They are shown

in [8], which demonstrates how schemas evolve based on
changing goals for the same application domain. Mappings

We now report on experimental results that demonstrate :
would have to be discovered between the schemas when
the performance of the proposed approach. We show that .
ata are translated from one version to the next. UTCS

.thls approach works reasonably in a number of cases, an and UTDB are databases for the CS department and the DB
in general has better results than chase approach. Further-

more, we claim that our techniques are especially effective ' OP at the University of _Toror_1to. They were l.Jsed N our
on sohemas derived from CMs with rich structures. The previous study of semantics discovery, so their semantics

) T . are available now. Finally, we chose two pairs of ontologies
implementation is in Java and all experiments were per- .

. . . . from the I3CON conferenée These ontologies were used
formed on a PC-compatible machine with a Pentium IV for the ontology alignment competition and demonstrate a
2.4GH CPU and 512MB memory. gy alg b

) . certain degree of modeling heterogeneity. We forward en-
Datasets: We collected a number of relational schemas _. ; . .
from different domains. For each domain, a pair of Schemasgmeered them into relational schemas for testing our tech-

developed independently was used for testing. We ensurecplques' As shown in Table 1, the test data have a variety of

that the CMs associated with the pair of schemas were alsci(\:ﬂoer?rf)(l)ed)glt:)es'_ We compared theemantic anproach. re-
mutually independent. The independence was sought by 9y- P P P

using different domain ontologies or the different ER con- sented in this paper, with tfehase technique illustrated in

ceptual models used for deriving the independent schemasl.zxample L.1. That s, logical associations are assembled in

We describe them briefly below. All the schemas and CMs éach sche.ma by chas[ng the refergntlal mte_grlty con$_$n§|n
. : . and mappings are derived from pairs of logical associations
used in our experiments are available at [1]. . !
covering some correspondences. Before the experiments,
we manually created non-trivial mappings between each

Schema | #tables | associated | #nodes | #mappings | time tested pairs (a trivial mapping is from a single source table
cM inCM tested (sec) to a single target table.) These manually-created mappings
DBLP1 22 Bibliographic 75 6 0.072 are used to compare the mapping performance of the dif-
DBLP2 9 DBLP2 ER 7 ferent methods. The comparison is focused on the intrinsic
Mondiall 28 factbook 52 5 0.424 abilities of the methods. Since in its raw form, the chase
Mondial2 26 mondial2 ER 26 approach generates maximal sets of columns that can be
Amalgami | 15 amalgam1 ER P 7 014 grouped by a join, we first applied a heuristic that removed
Amalgam2 | 27 amalgam2 ER | 26 any unnecessary joins — ones that did not introduce new
3Sdbl 9 3Sdbl ER 9 3 0.105 attributes not covered by correspondences. (Apparehdy, t
35db2 9 35db2 ER 1 Clio tool uses such a heuristic.) Only afterwards were the
uTCS P KA onto. 105 2 0384 proposed mappings offered by each technique compared for
UTDB 13 CSdept. onto. | 62 identity with the desired manually-created mapping.
HotelA 5 hotelA onfo. 7 3 0158 Measures: We useprecision and recall to measure the
HotelB 5 hotelB onto. 7 performance of the methods. For a given schema pair,
NetworkA | 18 | networkA onto. | 28 5 0.106 let I be the number of correct mappings generated for a
Networks | 19 | networkB onto. | 27 given set of correspondences. If a total Bfmappings

are generated by an algorithm, and there Armanually-
created mappings for the given set of correspondences, the
two measures are computed gs:ecision = I/P and
recall = I/R. For each domain, we compute the average

. . . ._,_precision and average recall over all tested mapping cases.
The first three pairs of schemas were ob_tamed from Clio’s Resuilts: First, the times used by theemantic approach for
test datasets. DBLP 1&2 are the relational schemas for

the DBLP bibliography. They are associated with the Bib- generating the mappings (in algebraic expressions) in the

i hi ol d ER model . dtested schemas are insignificant: The last column of Table
lographic ontology and an model TeVerse engineeredy o, qs that it took less than one second. This is compara-
from the DBLP2 schema, respectively. Mondial 1&2 are

: ; . ble with the chase approach technique, which also took less
databases about countries and their various featuresewher

NS ; i than one second for mapping generation in our experiments.
Mondiall is associated with the CIA factbook ontology and ppingg P
Mondial2 is reversely engineered. Amalgam 1&2 are test  Shttp://www.atl.external.Imco.com/projects/ontologyid. html

Table 1: Characteristics of Test Data




Next, in terms of the measures, Figure 7 compares the av- citJournal.citkey C allBibs.citKey,
erage precisions agemantic andchase for all the domains. titles.citkey C allBibs.citKey.
Figure 8 compares the average recalls. The element correspondences specified were
Article.title ~~titles.title, and,
Ariticle.journal «~citJournal.jrnliD.
Note that the user did not linkrticle.articleID tO allBibs.citkey
100 - at this point. Thechase technique suggested the following
80 | two mappings:
My :Narticlel DVtitleVjournal (Article(articlel D title,journal...)
— JzallBibs(x)A titles(z title)).
Moy Narticlel DVtitleVjournal (Article(articlel D, title,journal...)

| @ Semantic g Chase |

Average Precision (%)
N
o
)

20 4 —3yallBibs(y)AcitJournal(y,jrnll D)).
0 4 Since both theitles entity and thecitJournal entity are sub-
KRN S T classes of theliBibs entity in the CM of Amalgam?2, the
® RO > X &@ semantic approach generated the following single mapping,
v Q

which is the desired one:

Ms:Narticlel DVtitleVjournal(Article(inprocl D title,journal...)
—dzallBibs(z)A citdournal(z,jrnll D)Atitles(x,title)).

The semantic approach discovereti/; directly by leverag-
ing the semantics of thdmalgam?2 schema.

Figure 7: Average Precision

@ Semantic [ Chase

6 Related Work

100 -
%7 The most directly related work is obviously Clio [13,
14], and we have already provided some comparisons of
the basic techniques. The work presented here can be
20 - thought of as increasing recall by slightly generalizing th
o RIC chase to repeatedly merging functional relationships
N onto the entities in the CM, where subclass is also treated
as a functional relationship. And it increases precision
by eliminating certain candidate logical relations whigh (
are dominated by larger ones, (ii) cannot be consistently
satisfied because of disjointness constraints, or (iii) map
pings that pair relationships with suspiciously differeat

The results show that in general, themantic approach mantics (many-to-many with many-to-onpartOf with
performed at least as well as chase approach for the teshon-partOf).
datasets. The measures of recall show that in 6 out of 7 Schema matching [10, 15] is the problem of identify-
cases the semantic approach did not miss any correct maping semantic relations between schema elements based on
pings that were predicted by chase approach (since @lgot their names, data types, constraints, and schema strecture
the mappings sought), and made significant improvementsThe primary goal is to find the one-to-one simple corre-
in some cases. Moreover, Figure 7 shows that the semanspondences which are part of the input for building declara-
tic approach had significantly improved precision, at least tive schema mappings. Realizing that evidences carried by
by 20%. This is the major gain obtained by leveraging the schemas themselves are not sufficient to derive more accu-
semantics of schemas. rate matching results, some work [9, 17] utilize a corpus of
Discussion: We believe it is instructive to exam- schemas or a domain ontology in matching discovery. Their
ine more closely the cause of the improvements. works are complementary to ours.
Our examination showed that the improvements were Conceptual models have been used in developing graph-
indeed made by using the richer structure of the ical query interfaces for databases. A central problem is
CMs. For example, schemalmalgaml has a ta- the query inference when a user has marked nodes on a

Average Recall (%)
N
o
)

Figure 8: Average Recall

ble: Article(articlelD, title, journal,...) representing entityrticle, CM diagram. [18] applies the concept of maximal object
while the schemadmalgam?2 has tablesallBibs(citKey), from relational database theory to find a default connection

citJournal(citkey,jrnliD), and titles(citkey, tite), and the foreign  among a set of nodes in a CM diagram. Assuming a user
key constraints: wants only one object to be used to infer a meaningful con-



nection, [16] uses the “minimum cost” object for the con- native mappings based on CMs would also be interesting.
nection after assigning unit weights to functional edges an We also plan to investigate the related problem of finding
sufficiently large weights to non-functional edges to penal complex semantic mappings between two CMs/ontologies,
ize them. (Incidentally, one of features in our approach cangiven a set of element correspondences.

be viewed as a combination of the advantages of the above
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