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Abstract

We present in this paper an extensible metalevel sys-
tem, called M(DM), in which the syntax and the se-
mantics of data models, schemas, and databases can
be uniformly described. We show with examples how
to derive in M(DM) the semantic equivalence (or lack
thereof) of symbols across different representation sys-
tems. We argue that, because of the inherent incom-
pleteness of legacy databases, semantic equivalence
must in general be ascertained by additional a posteri-
ori assertions that are external to the representations
under consideration.

1 Introduction

A database contains a symbolic representation of some
real-world information. As with any other symbolic
representation resulting from an abstraction process,
a database captures only partial information about the
real world. More fundamentally, all perceptual inputs
are lost in the symbolic representation. From an inter-
operability perspective, the situation is further com-
plicated because different databases may use different
representation systems, such as different data mod-
els, different schema constructs, and different scales
and units of measure for domain values. The essential
problem of so-called “semantic heterogeneity” [10] is
hence to determine a posteriori from incomplete and
heterogeneous representations if symbols from multiple
databases map to the same underlying reality.

To reconcile heterogeneous representations, we pro-
pose to adopt a Tarskian model of interpretation.
That is, we define meaning functions which map sym-
bols to elements in a common universe of discourse
(yet another symbolic system). Two symbols are then
equivalent if and only if they map to the same element
in the common universe. We present a (second-order)
logic-based universe of discourse, called M(DM), in
which representation constructs from different data
models, schemas and database extensions can be uni-
formly mapped. Hence, two database constructs are
determined to be equivalent if and only if their M{DM
interpretations (collections of second-order formulae;
are logically equivalent.

We handle incompleteness by defining external as-
sertions about equivalence—that is, by augmenting
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the representations under consideration with addi-
tional facts. Along with other researchers [9], we argue
that the use of additional assertions is the only viable
solution in the context of legacy databases. Our jus-
tification comes from the writings of philosophers and
logicians on the classical problem of symbol ground-
ing [3, 6]. Following Charles Peirce, we recognize that
the meaning of symbols is ultimately grounded in per-
ceptual inputs. For example, one cannot tell for sure,
purely by symbolic manipulation, if the names “Jones”
and “Jones” in two databases refer to the same per-
son. On the other hand, if perceptual inputs (e.g., pic-
tures, fingerprints) accompany the symbols, we would
be able to make a definite decision. In the case of
legacy databases, which are devoid of such perceptual
inputs, we may then have to adopt a new assertion of
the form “Persons with the same last name and first
name refer to the same human being.” Elicitation of
the semantic equivalence of symbols, however, is lim-
ited by the accuracy of these external, a posteriori
assertions. Given such additional assertions, we show
in this paper how the equivalence (or lack thereof)
of different representations can be formally derived in
the M(DM) framework.

2 M(DM): A Metalevel Frame-
work

We briefly introduce here the salient aspects of
M(DM). The reader is referred to [1] for a more com-
plete exposition.

The basic underpinning of M(DM) is a type-based
view of the universe. A data model is viewed as a
collection of higher-order types, a database schema
as a collection of first-order types instantiating the
higher order types of its data model, and a database
as a collection of instances of the types defined in its
schema.

Each higher-order type (called metatype) in
M(DM) formalizes the syntax and semantics of a data
model construct by a collection of second-order logic
formulae. These formulae express constraints simul-
taneously over the syntactic constituents of the data-
model construct, its instances in the database schema
and the database extensions of these instances. In the
perspective of asserting semantic equivalence, we say
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that two types are equivalent if and only tf the cor-
responding sets of second-order formulae are logically
equivalent.

Metatypes from different data models are further
organized nto an inheritance lattice where a metatype
is a monotonic specialization of the metatype(s) higher
up in the lattice. The reader may note that this or-
ganization leads to the extensibility of M(DM); that
1s, we can easily accommodate new data models by
augmenting the metatype lattice [1] We have indeed
demonstrated M(DM)’s extensibility by capturing in
a simple 15-metatype lattice a variety of data models
including the relational model, the entity—relationship
inpd[esl], the structural model [12], DAPLEX [11], and
ris [5)].

For the purpose of this paper, we introduce a sub-
set of M(DM)’s language—M(DM)-L—as follows. A
type 7 is defined by a type construction literal 7 <=
Definition-Body. For each such type definition, a
corresponding set of observer functions and observer
predicates becomes available. An M(DM)-L formula is
a second-order logic formula over these type construc-
tion literals and observer functions and predicates.

For example, a metatype corresponding to the re-
lation construct of the relational data model would be
defined as follows: VR : RECATION(R) — R «
[a;j : D;], where 1 < j < k, D; € DomainTypes and
a; € Attributes. If r is a relational tuple of type R, we
use the observer function R.a;(r) to access the value of
r’s attributes. Moreover, the observer predicate R(r)
indicates that r is of type R.

As another example, consider the relationship con-
struct from the ER data model. A relationship 1s a k-
ary association between entities. This fact is captured
by the following definition of the metatype RLSHIP:
VH : RCSHIPHY — H « < FEy,...,Ex >,
where 1 < j < k, k > 2, ENTITY(E;). That is,
the relationship H is a k-ary association between k
types, each of which is of metatype ENTITY. Given
this metatype definition, M(DM) provides an observer
predicate H(ey,...,er), which is true if the database
instances e; of Ey,...,er of E} have a k-ary associa-
tion of type H.

The M(DM) metatypes, corresponding to the con-
structs of various data models, lay the foundation
for several key steps in achieving interoperation of
multimodel databases. M(DM) adheres to the fed-
erated approach. An M(DM) federation consists of
multiple local databases together with their export
schemas, which represent the sharable portions of
these databases. Each export schema gets automat-
ically mapped to an equivalent set of M(DM) types
that, in turn, forms a set of M(DM)-L formulae; this
set hence specifies an M(DM) import schema. The col-
lection of import schemas for all local databases in the
federation defines an M{DM) multidatabase schema.
This process results in DBMS independence; multiple
databases can be manipulated and queried with one
language (i.e., M(DM)-L). Moreover, if an application
at one site wants to view the entire federation accord-
ing to its own “perspective,” an appropriate view can
be defined in M(DM)-L, thereby achieving database

transparency.

The definition of views is consistent with M{DM})’s
handling of types; a view V is a type that instantiates
a valid metatype M. Accordingly, the view defini-
tion must provide a type construction literal, observer
functions and observer predicates. The view-definition
syntax in M(DM)-L is then:

M(V), ( V & Definition-Body,
Observer-Predicates,
Observer-Functions )

if Computation-Body

Because a view is virtual, the definition expres-
sion has to be a conditional rule. The rule body,
Computation-Body, provides the necessary specifica-
tion to dynamically materialize the view in terms of
the underlying database(s). In other words, whenever
the logical formulae in Computation-Body are true, a
view V is defined with the appropriate syntax. More-
over, V’s observer predicates and functions derive their
values from the appropriate values of the base-type
observer predicates and functions.

As we shall see in Section 3, M(DM)’s view mecha-
nism is of paramount importance for reconciling het-
erogeneous data representations and providing a uni-
form perspective on disparate databases.

3 Dealing with Semantic Het-
erogeneity

In this section, we present four examples of data het-
erogeneity. We illustrate how the mapping of various
representations to M(DM) allows us to reason about
the semantic equivalences of symbols. In addition, we
show explicitly the critical role played by external as-
sertions to compensate for the lack of completeness of
legacy databases.

3.1 Discrepancies in data definition

The meal-cost problem is a simple example of seman-
tic heterogeneity. Let us assume that two relational
databases D; and D, have joined an M(DM) mul-
tidatabase federation. Both databases contain a re-
lation called RESTAURANT with the following schema.:
RESTAURANT: Name: STRING, Address: STRING, Avg-
Cost: FLOAT. The AvgCost attribute represents the
average cost of a meal at a given restaurant. As
briefly described in Section 2, the mapping of these
two schemas into an M(DM) multidatabase schema
produces a set of first-order type definitions.

At first glance (that is, by comparing D; and
D, type definitions for RESTAURANT), it would ap-
pear that the two AvgCost attributes are semanti-
cally equivalent and could hence be used for such
things as join operations across databases. This is not
the case, however, because the interpretation of Avg-
Cost happens to be different in the two databases.
D, .RESTAURANT.AvgCost corresponds to the base
price, whereas Dy . RESTAURANT.AvgCost includes the
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base price, tax, and gratuity. To reflect this new in-
formation, we assert a new equivalence between the
AvgCost attributes in the two databases in the form
of an M(DM)-L well-formed formula:

Vr, D; .RESTAURANT(r), D,.RESTAURANT(r) —
D, .RESTAURANT . AvgCost(r) =
D; .RESTAURANT . AvgCost (r)
+ f(Di .RESTAURANT.AvgCost(r)),
f(D; .RESTAURANT.AvgCost(x)) > 0.

This additional assertion represents explicitly the
fact that the average meal cost of a restaurant will
be different in the two databases. As a result,
we have augmented the M(DM) type definition of
D, RESTAURANT to capture this basic definitional dis-
crepancy.

As this example shows, discovering the existence of
the function f is critical to proper interoperation; f’s
definition, however, is unlikely to be found in the input
schema definitions. If f could be computed or derived
in some way (for example, by using the local standard
gratuity and sales tax), we could determine with cer-
tainty the equality or inequality of meal costs in the
two databases. On the other hand, if f cannot be ob-
tained, the potential use of AvgCost across D; and
D, becomes very limited. We know that $100 in D, is
not equal to $100 in D,, but, for example, we cannot
tell if a $100 meal in D; is equivalent to a $120 meal
in Dy. In other words, M(DM), as any other Tarskian
system, can address issues of representational hetero-
geneity (as shown in the remaining three examples)
but, cannot, by itself, deal fully with the more general
problems of incompleteness and symbol grounding.!

3.2 Differences in data structures: Single-
model case

In this frequently encountered problem, the same in-
formation is represented with different data structures
in two databases. Using the example of (7], sup-
pose that, in a federation of stock-price databases,
a relational database D; has a relation STOCKS with
the following schema: sTocks: Company: STRING,

Day: DATE, Price: FLOAT, whereas a second rela-

tional database, D5, has one relation per company as
follows: coMPaNY1: Day: DATE, DayPrice: FLOAT;
coMPANY2: Day: DATE, DayPrice: FLOAT; and so on.
Clearly, although the two databases contain the
same information, the type definitions in M{DM) are
not equal. We can solve this problem, however, by
defining a view on D; and asserting simultaneously
equivalence of D, and the view, and of the view and
D,. (This approach is conceptually similar to the no-
tion of transformational equivalence described in [2].)
D, .sToCKS Is equivalent to the set D;.COMPANY],
...y D2.COMPANYR if D;.STOCKS can be derived from
the set D,.CcOMPANY1, ..., D;.coMPANYn by an
information-preserving (isomorphic) transformation.

1 Accordingly, we will assume in the remainder of this paper
that two symbols, which are syntactically identical, do refer to
the same real-world entity.

In this case, such a transformation is a higher-
order view (that is, a view whose definition depends
on the data) over Dy according to D;’s schema for
stocks. Following the view-definition syntax intro-
duced in Section 2, the M(DM)-L expression for spec-
ifying such a view, VIEW.STOCKS, is:

RELATION (VIEW.STOCKS), ( VIEW.STOCKS <«
[ Company:STRING, Day:DATE, Price:FLOAT ],
VIEW.STOCKS(g), VIEW.STOCKS.Day(g) = n,
VIEW.STOCKS.Company(g) = ¢,

VIEW.STOCKS .Price(g) = £ )
it RECATION(D;.¢), Dz.c «
[ Day: DATE, DayPrice: FLOAT ],
Dy.c(x), Ds.c.Day(x) = n,
D, .c.DayPrice(x) = £.

To give the view its higher-order nature, the vari-
able ¢ assumes two different roles (attribute value and
relation label) in the head and the body of the rule.
We further derive the values of VIEW.STOCKS's two
other observer functions (Day and Price) from the base
data through two additional shared variables, n and £.

We now have two M(DM) types, D;.STOCKs and
VIEW.STOCKS, which are equivalent; that is, they are
defined by identical sets of second-order logic formu-
lae. It should be also clear that the view computa-
tion performs only simple reformatting operations and
thus preserves all data contained in Dy’s company re-
lations. We can hence assert equivalence between D3’s
set of company relations and VIEW.STOCKS. Note
that, if the view definition had projected out some
attributes or used an aggregation function (that is,
information is lost from the base to the virtual repre-
sentation), M(DM) would not accept this assertion.

As a result, because D; and VIEW.STOCKS, and
VIEW.STOCKS and D7 are equivalent, it follows that
the representations in D; and D» are also semanti-
cally equivalent. Note finally that the same M(DM)
view mechanism can be used for resolving other cases
of structural discrepancies such as those caused by dif-
fering naming conventions and storage formats.

3.3 Differences in data structures: Multi-
model] case

The two previous examples assumed a common data
model for the participating databases. We now show
that M(DM) is flexible enough to deal with represen-
tational heterogeneities arising from the use of differ-
ent data models at different sites. Indeed, our primary
motivation in this work has been to specify an extensi-
ble framework for multimodel multidatabase systems

1}.

[ ]As an example, we explore the case where different
data-model constructs are used to represent similar
information. The problem is hence to assert semantic
equivalence, or lack thereof, of these heterogeneous
constructs.

Consider the integration of two naval databases, Dy
and D», that both represent information about SHIPS
and their PORT-OF-REGISTRATION. D, is a relational
database with the following schema: sHiP: Shipld:
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INTEGER, ShipName: STRING, Port-of-Registration:
STRING. D5, on the other hand, is an entity-
relationship (ER) database, which defines PORT-OF-
REGISTRATION as a relationship type from the entity
type sHIP (Shipld: INTEGER, ShipName: STRING) to

another entity type ciTy (Name: STRING). Is D;’s
relational attribute Port-of-Registration semantically
equivalent to D,’s ER relationship type PORT-oOF-
REGISTRATION?

M(DM) allows us to move to a more abstract
level where the meanings of relational attributes
and ER relationships can be defined and manipu-
lated. According to the M(DM) metatype defini-
tions, each relational attribute defines a function,?
and each ER relationship defines a logic predicate.
More specifically, D,’s Port-of-Registration defines a
function D .sHIP.Port-of-Registration such that, for
each ship z, there is a unique string p such that
D, .sH1P.Port-of-Registration(z) = p; D,’s PORT-OF-
REGISTRATION defines a binary predicate D,.PORT-
OF-REGISTRATION(z, y), which is potentially true for
many ship—city pairs (z, y). In other words, D’s pred-
icate essentially defines a many-to-many association,
whereas Dj’s function strictly embodies a many-to-
one association. M(DM) hence distinguishes the two
representations on the basis of cardinality.

If, on the other hand, the relationship in D, is con-
strained to have a one-to-one cardinality, we can as-
sert equivalence of the two representations using the
approach demonstrated in Section 3.2. We first define
a view on D, and subsequently derive equivalence of
the two representations through this view. The view
definition illustrates well our ability to mix metatype
predicates (such as RELATION, ENTITY and
RLSHIP)in asingle M(DM)-L expression. (This ca-
pability enables M(DM) to uniformly support diverse
data models in a multidatabase federation.) The view,
VIEW.SHIP, is expressed in M(DM)-L as follows:

RELATION (VIEW.SHIP), ( VIEW.SHIP <
[ shipld: INTEGER, ShipName: STRING,
Port-of-Registration: STRING ],
VIEW.SHIP(s), VIEW.SHIP.ShipId(s) = i,
VIEW.SHIP .ShipName(s) = n,
VIEW .SHIP .Port-of-Registration(s) = p )
it ENTITY(D,.sHIP), D,.SHIP <«
[ Shipld:INTEGER, ShipName:STRING ],
ENTITY(D,.citY),
Ds.city « [ Name: STRING ],
RLSHIP(D;.PORT-OF-REGISTRATION) ,
D, .PORT-OF-REGISTRATION <
< D,.sHIP, Dy.CcITY >,
D, .suip(x), D,.city(y),
D3 .PORT-OF-REGISTRATION(X,y),
D, .sHIP.Shipld(x) = i,
D, .sHIP.ShipRame(x) = n,
Dy .ciTY .Hame(y) = p.

For each ship z in D,, there is now a unique city
y such that D, PORT-OF-REGISTRATION(Z,y); more-
over, each city has a unique name as specified by

2Function is used here in the mathematical sense. For any
input z, there is a unique y such that f(z) = y.

the function D;.ciTY.Name(y) = p. Clearly, D, .sHIP
and VIEW.SHIP represent the port of registration as a
unique association between a ship and a string. Us-
ing again the assertion of transformational equivalence
between D,’s schema and VIEW.SHIP, we can hence
reconcile D;’s relational attribute and D,’s ER rela-
tionship.

To conclude this example, note that, if D,’s entity
type CITY had additional attributes (such as popula-
tion and country), we would not be able to reconcile
the two representations. In such a case, PORT-OF-
REGISTRATION could not be reduced (or coerced) from
an association between a ship and a city to an associ-
ation between a ship and a string. Ds’s schema and
VIEW.SHIP would thus not be deemed equivalent by
M(DM).

3.4 Key equivalence

The fundamental problem of key equivalence was re-
cently stated by Pu as follows {8]. Given two keys in
different local databases, we must decide if they refer
to the same real-world entity. Because of the intrin-
sic incompleteness in legacy databases, no single algo-
rithm can solve the general key-equivalence problem.
Pu proposed a probabilistic algorithm for the domain
of people’s names. We tackle here a different but com-
plementary aspect of the key-equivalence problem. In
both cases, however, the central notion 1s that addi-
tional assertions are needed to elicit equivalence.

Let us consider two employee databases which con-
tain different information on the same set of employ-
ees. An object-oriented database, D;, has a class
EMPLOYEE with three attributes SSNum: INTEGER,
Salary: INTEGER, and Dpt: DEPARTMENT; each D,
object is identified by a unique object identifier (OID).
A relational database, D2, has a relation PERSON
with the following schema: PERSON: SS#: INTEGER,
Name: STRING, DoB: DATE. We are interested in join-
ing data from the two databases. For example, we may
want to retrieve the name and salary of all employ-
ees born in 1960. The problem is hence to reconcile
D;’s OID-based and D,’s value-based identification
schemes.

Again, we declare that two entries in the two
databases represent the same real-world employee by
introducing external assertions. In this case, since
both databases have an attribute for social-security
numbers, we write the following statement:

Vo€ Dy .EMPLOYEE, Vit € Dy .PERSON,
=t < D) .EMPLOYEE.SSNum(o) =
D, .PERSON.SS#(t).

Because SS# is the key for D,.PERSON, however,
M(DM) can only accept this assertion if a uniqueness
constraint is also present on D;.EMPLOYEE's SSNum
attribute.® If such a constraint cannot be enforced (or
if the social-security number was notf in one of the two
databases), other methods, such as Pu’s matching al-
gorithm on names, would have to be used to determine

3The notion of key uniqueness is part of M(DM)'s metatype
definition for relations.
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key equivalence. Typically, however, the certainty of
two matching entries in D; and D, actually referring
to the same physical person would be lost.

4 Conclusion

We described in this paper a concrete framework
for understanding semantic heterogeneity in multi-
database systems. By casting the issue as one of sym-
bolic representation, we identified two subproblems—
representational helerogeneity, stemming from the use
of different systems of representation, and symbol
grounding, arising from the inherent incompleteness
of legacy databases.

To address the question of representational hetero-
eneity, we presented M(DM)—an extensible, type-
ased framework in which different representations

can be uniformly manipulated. In particular, we
sketched the use of M(DM) for reasoning with con-
structs and structures from a variety of data models.
Within such a framework, we can reduce the prob-
lem of semantic equivalence across heterogeneous rep-
resentations to that of type equivalence, which in turn
boils down to the assertion of logical equivalence of
sets of second-order logic formulae. As we demon-
strated in Sections 3.2 and 3.3, M(DM)’s powerful
view mechanism plays a central role in this process.

To deal with the problem of symbol grounding, we
advocated the use of external assertions for dertving
the semantic equivalence of symbols. These assertions
are expressed as M(DM)-L formulae, which can be in-
corporated into M(DM) multidatabase views. As Sec-
tion 3.1 showed, however, external assertions are nec-
essary but often not sufficient to fully make up for the
incompleteness and inconsistencies of local databases.
Elicitation of symbol equivalence is therefore limited
by the precision of these external, a posteriori asser-
tions. We believe nonetheless that this method of sup-
plementing database schema information with addi-
tional statements is the only viable approach in the
case of legacy databases.

In practical terms, we envision a system in which
new external assertions are first checked for consis-
tency with respect to the existing assertions (i.e., the
M(DM)-L sentences derived from the mappings of
data models and database schemas). If no inconsis-
tency is found, the new assertions are added to the
M(DM) multidatabase schema. Thereafter, queries
about semantic equivalence of terms can be answered
by the underlying inference machinery of M(DM). We
are currently studying an implementation of M(DM)
in OOLP [4], a language that embodies the necessary
facilities of object orientation, metaprogramming, and
logic programming.
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