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ABSTRACT

The connection between semantic database models and
the relational model 1s formally investigated using the Ins
Data Model, which has been implemented using relational
database techniques The results focus on properties of
relational schemas that are translations of Inis schemas Two
new types of constramnts, cross-product constraints and
multiphcity constraints are ntroduced to characterize the
relational translations of Ins schemas The connection
established between Irs and relational schemas also yields
new, unexpected information about Irms schemas In
particular, a notion of equivalence of Iris schemas 1s defined
using their relational translations, and a result 1s obtained nn
simplifying the type structure of Ins schemas

1 Introduction

Relational database technology and semantic data
modeling have been two major areas of database research 1n
recent years Relational database technology 15 based on
sohd theoretical grounds, and 1t 1s understood what
constitutes a well-designed relational database schema
Semantic data modeling, on the other hand, provides a rich
set of data abstraction primitives which can capture
additional semantics of the apphcation i the database
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schema So far, relational database technology and semantic
modeling have evolved almost separately In practice,
however, some of the better known semantic database
systems have been 1mplemented on top of existing relational
systems [Ca83,TsZa84] This has lead to a need for
establishing and understanding connections between semantic
models and the relational model The present paper 1s a first
attempt to formally investigate this connection

The semantic model we use 1s the Irns Data Model, a
typical semantic model developed and partially implemented
at Hewlett-Packard Laboratories using relational database
techniques Our approach 1s based on defining formally a
translation of Irns schemas into relational schemas and
characterizing the relational schemas corresponding to Ins
schemas Establishing this formal correspondence has several
significant benefits

1  The speaal properties of relational translations of
semantic schemas are 1dentified and can be used to
obtain more efficient implementations

2 Semantic database nterfaces can be constructed for
existing  relational databases satisfying certain
conditions which are described

3  Questions concerning the semantic model can be re-
formulated 1n terms of the relational model, where
powerful theoretical tools are already available

4 Relational translations of semantic models can be used
to compare different semantic schemas and address
1ssues such as equivalence and simplhfication of semantic
schemas

The results obtamed 1n this paper focus on
understanding the properties of relational translations of Ins
schemas After establishing the formal mapping between Iris
schemas and relational schemas, we characterize the
relational schemas which are translations of Ins schemas in
terms of the constramnts they satisfy The constraints used
are unary inclusion dependencies and two new types of
constramts called "multiplicity constraints” and "cross-
product constramnts" While 1t 15 shown that there i1s no
fimte axiomatization for such constraints, a powerful
inferencing mechamsm 18 exhibited The inferencing

mechanism 1s novel in that 1t involves a set of equations



associated with the constraints, and 1s more powerful than
any fimte set of traditional inference rules Relational
translations of Iris schemas are then investigated with respect
to Normal Forms It 1s shown that such translations are not
generally in Boyce-Codd Normal Form due to the presence of
unexpected "side-effect" functional dependencies A
restriction on Iris schemas is then inferred, which guarantees
that their relational translations are in BCNF and have
additional desirable properties = Moreover, the same
restriction 1s shown to guarantee that a certain finite set of
inference rules for the constraints 1n the relational
translations is sound and complete

Finally, relational transactions are used to obtain new
msight mmto properties of Ins schemas A notion of
equvalence of Ins schemas 1s defined based on ther
relational translations This 1s then used to obtain a result
on simplifying the type structure of Iris schemas Other
1ssues are briefly investigated, such as non-trivial
satisfiabihty of Iris schemas, localeness of Iris schemas,
hidden type ahasing, and hidden restrictions on the
cardinality of types of Iris schemas

The paper consists of five sections, of which the first 1s
the Introduction In Section 2 the Ins Data Model 1s
mtroduced, and Ins schemas are formally defined The
mapping between Iris schemas and relational schemas, and
the characterization of relational translations are exhibited 1n
Section 3, as well as the notion of equivalence of Iris schemas
and the result on type simphfication Section 4 contains the
results on inference rules for the constraints of relational
translations of Irs schemas, and on Normal Forms Finally,
Section 5 contains concluding remarks

Due to space limitations, some of the defimtions and
results are presented informally and many details, as well as
the proofs, are ormitted

2 The Iris Data Model

The Ins Data Model falls into the general category of
semantic data models that supports high-level structural
abstractions as well as behavioral abstractions We chose this
model mainly because 1t supports modeling constructs that
are common to a large class of semantic models and because
1t has been implemented using relational techniques The
roots of the model can be found 1n previous work on Daplex
[Sh81] and 1ts extensions [Ku83], the Taxis language
[MyBeWo80], and earher work at HP Laboratories on the
Integrated Data Model [BeFe83)

An Ins schema 1s defined as a directed graph together
with a set of constraints (The graphical representation of Ins

schemas 1s mspired by Entity-Relationship diagrams and
Nysen diagrams ) The model we describe 1s close to the
subset of the full Ins model! supported by the Ins Version
20 prototype, an experimental prototype system
implemented at Hewlett-Packard Laboratores The
presentation emphasizes structural abstractions rather than
behavioral abstractions Additional information describing
the Ins Data Model can be found in [DeKeLy85, LyKe86,
F187]

! The model described 1n this paper differs shghtly from the
actual Iris Data Model as 1t 1s currently defined
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The Ins Data Model 1s based on objects, types, and
functions® Objects represent things and concepts from an
application environment, types are sets of objects that share
common properties, and functions define properties of

objects

The model distinguishes between hteral objects and
non-hteral objects Literal objects include integers, reals,
booleans, and strings They are directly representable Non-
hiteral objects correspond to objects from the apphcation
environment that cannot be represented directly in external
form For example, non-literal objects can model persons,
departments, and bank accounts

Types are uniquely named sets of objects The types
Integer, Real, Boolean, and String are called literal types
Non-literal types contain objects internally represented by
surrogates Types may overlap, for example, an object which
represents a given person may be an instance of the types
Employee, Taxpayer, and Subscriber

In the graphical representation of an Ins schema, hiteral
types are denoted by squares and non-lhiteral types by circles
Both literal and non-hteral nodes are labeled Below, the
literal type Integer and the two non-literal types Person and
Department are shown

Integer Person Department

O o &)

Non-literal types are organized mn a type structure that
supports generalzation and speciahzation [SmSm77] The
type structure represents subtype/supertype relationships If
a given type 1s a subtype of another type (represented by a
directed edge from the subtype to the supertype), then all the
nstances of the subtype are also instances of the supertype
In the example below, the type Person is the supertype of the
type Instructor

Person

Instructor

A given type may have multiple subtypes The subtypes may
be overlapping and they do not necessarly partition the
supertype A type may also have multiple supertypes In that
case, each object of the subtype must belong to all the
supertypes

Properties of objects are expressed in terms of functions,
which are defined over types A function may have any
number of argument and result types For example, the
function

Assignment Instructor -> Course x Semester
1s defined on Instructor objects and returns pairs of Course
and Semester objects

The Ins functions considered in this paper® are
implemented by storing the graphs of the functions They
may possibly be multi-valued and are therefore not functions

z Types and functions are themselves represented as objects

[LyKe86]

% In addition to functions whose graphs are stored, the Iris Data
Model supports derived functions



mn the mathematical sense Rather, they are relations defined
over the cross-products of their argument and result types

A function 1s graphically represented by a labeled edge
that connects two cross-product vertices The cross-product
vertex 1n which the function edge originates 1s connected to
all the types 1in the domain of the function and the cross-
product vertex mn which the function edge terminates 1s
connected to all the types in the range of the function The
function Assignment 1s illustrated below

Assignment Course
Instructor,
Semester

The objects that are interrelated by a function play
certain roles 1n that function In Assignment, for example
one object plays the role of an nstructor, another obJect,
plays the role of a course, and a third object plays the role of
a semester In some functions, objects of the same type may
play different roles The function Chuldren, defined below, 1s

an example of a function in which ob
Jects of one t 1
three different roles Ype Py

Children Father/Person x Mother/Person -> Child/Person

In order to be able to distinguish the different roles from
one another, the roles are uniquely labeled Graphically, this
1s represented by labels on the edges from the type vertices to
the cross-product vertices

Father

& Children
Persor () Mother T

If a role name 1s not exphatly specified 1t defaults to the
name of the associated type

Child

O\
Y

A function 1s defined not only on the types exphatly
mentioned 1n the function defimtion, but also on the subtypes
of those types This 15 referred to as inhentance For
example, the function Children defined on Person objects are
automatically defined on Instructor objects

In order to capture the precise semantics of a given
apphcation, a data model should support the distinction
between multi-valued and single-valued functions and partial
and total functions In the Ins Data Model, the more general
concept of object participation serves that purpose As an
example, consider the function

Major Student -> Department

which 1s typically partial (1 e, a student 1s not required to
have a major) and single-valued (1€, a student has at most
one major) These requirements can be defined i the Ins
schema by specifying a lower object participation (LOP) of
zero and an upper object participation (UOP) of one for
objects playing the Student role in the function Major

Major Student [0,1]

The LOP speafies the mimimum number of times each
Student object must participate in the relation defined by
Major Since the LOP 1s zero, a Student object 1s not
required to be related to a Department object The UOP
specifies the maximum number of times each Student object
can participate 1n the relation defined by Major Since the
UOP 1s one, a Student object can be related to at most one
Department object
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Lower and upper object participations, which are
referred to as participation constraints, can be defined for any
subset of the argument and result roles of a function Thus,
a participation constramnt on the two roles Instructor and
Semester 1n the function Assignment can hmt instructors to
teach at most three courses per semester

Assignment Instructor, Semester [0,3]

Furthermore, the requirement that an instructor can teach a
given course only once per semester can be expressed by the
following participation constramt

Assignment Instructor, Course, Semester {0,1]

LOP values are restricted to zero and one, UOP values
must be positive integers or the special value oo If a
participation constraint has not been exphatly specified for a
given subset of roles in a function 1t 1s assumed to be [0,00]
(1 e, participation 1s not restricted) For literal types with
mfinite domains, e g, Integer, Real, and String, the LOP
must be zero

When several participation constraints are defined on
the same function 1t 1s mmportant to ensure that they are
consistent with each other The participation constraints
defined on derived functions! are determined by the
participation constraints defined on the functions from which
they are derived

In addition to supporting semantic integrity control,
participation  constraints are 1mportant for query
optimization and orgamzation of data on physical storage
devices

We can now define an Ins schema Formally, an Ins
schema 18 a directed, labelled graph together with a set of
participation constraints The graph specifies the types,
functions, and subtype/supertype relationships defined for a
given Inis database The set of constraints specifies the
participation constraints imposed on the roles and functions
of the graph The defimition given below 1s closely related to
the formal defimtion of the IFO model |[AbHu84]

Definition An Iris schema 1s an ordered pair (G, C) where

G = (V, E) 15 a directed graph such that

1V 1s the disjoint union of three sets L (labeled hteral
type vertices), N (labeled non-literal type vertices), and
X (cross-product vertices},

2 E 1s the disjoint union of three sets F (labeled function
edges), R (labeled role edges), and § (speciahization
edges),

3 a function edge connects two cross-product vertices, a
role edge connects a hiteral or non-hteral type vertex
and a cross-product vertex, and a speciahization edge
connects two non-literal type vertices,

4  the speciahization edges determine an acychc subgraph
of G, and

5  the labels of the type vertices are distinct, the labels of
the function edges are distinct, and the labels of the role
edges connected to the two cross-product vertices of a
given function are distinct,

and C 1s the collection of sets Cy, f in F, such that

6  for each function edge f, C; 1s a set of expressions X[, u],

* We do not describe derived or computed functions i this
paper



where 0<I<1, 1<u < o0, and X 1s a subset of the labels
of the set of role edges connected to the two cross-
product vertices of f

An wnstance of an Ins schema 1s defined 1n the obvious
manner types are mapped to sets of objects and functions
are mapped to relations

We now illustrate the Iis model by describing a schema
of an example database The database 1s used by an
educational 1nstitution to keep track of students, courses,
structors, enrollments, and teaching assignments

Example 21 The Iris schema of the example database
contains five non-hiteral types Person, Instructor, Student,
Course, and Semester, together with the literal type String
Person objects represent people affiliated to the educational
nstitution, such as students and nstructors The types
Student and Instructor are subtypes of Person Student
objects represent past and current students and Instructor
objects represent past and present teachers The instances of
the type Course correspond to courses offered by the
educational 1nstitution, and the instances of the type
Semesters correspond to semesters in which courses have
been offered

Properties of the objects 1n the example application are
captured 1n the database schema by the following functions

Pname Person -> String

Id Person -> String

Cname Course -> String

Enrollment Student -> Course x Semester x Grade/String
Assignment Instructor -> Course x Semester

Period Semester -> From/String x To/String

The functions represent the facts that persons have names,
persons have identification numbers, courses have names,
students obtain grades for the courses in which they enroll on
a per semester basis, mstructors are assigned to courses on a
per semester basis, and semesters have beginning and ending
dates, respectively

Many kinds of requirements that are appropriate 1n an
educational institution are specified in the database schema
as participation constraints For example, the requirement

that every person must have at least one name 1s specified by
the constraint

Pname Person {1,00] (C1)

There are two constrammts which specify that each
person must have a unique 1dentification number

Id Person [1,1] (C2)
Id String {0,1] (C3)

Constraint C2 specifies that every person must have exactly
one 1dentification number Constraint C3 specifies that a
given 1dentification number 1s assigned to at most one person

Course names usage 1s also restricted by two

participation constraints

Cpame Course (1,1} (C4)
Cname String {0,1] (C5)
Each course 1s required by constraint C4 to have exactly one
course name, and all course names are required by constraint
C5 to be unique
Enrollments of students i courses are restricted by the
following participation constraints
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Enrollment Course, Semester [1,24] (C8)
Enrollment Student, Semester [0,5] (C7)
Enrollment Student, Course [0,3] (C8)
Enrollment Student, Course, Semester [0,1] (C9)

Each course must be offered every semester and the class
sizes cannot exceed a maximum of 24 students (C6), students
are hmted to five courses per semester (C7), they are
allowed to enroll in the same course up to three times (C8),
but only once 1n a given semester (C9)

Instructors are assigned to teach courses under the
following restrictions

Assignment Instructor, Semester [0,3] (C10)
Assignment Instructor, Course, Semester [0,1] (C11)

Constrant C10 prevents an mstructor from teaching more
than three courses per semester, and constraint C11 prevents
an mstructor from teaching the same class twice in the same
semester

Semesters have the following two constraints

Period Semester [1,1] (C12)
Period From, To [0,1] (C13)

Constramt C12 specifies that semesters must have beginning
and ending dates, and constraint C13 specifies that no two
semesters can have the same pair of beginning and ending
dates

Figure 2 1 shows the graphical representation of the Ins
schema for the educational nstitution database Iris schemas
that have many types and functions tend to be comphcated
to represent graphically However, database interfaces that
support graphical schema representations should allow end-
users to selectively view and mampulate small pieces of a
schema

Person

) v—

Instructor Student

Pname

Assignment Enrollment

Grade String

Course

To

Figure 2 1 Graph of Inis Schema for Educational Institution
Example

The example Iris schema supports queries such as "Who

taught Biology in the Spring of 1983?", "In what courses did
Nancy Shck receive the grade A?", and "What 1s the grade



pomnt average of the student with identification number 900-
23-72397"

Ins queries are specified as Find operations The Find
operation has the following form

FIND (x;/Ty, ,x,/T,) Predicate

The varables x;, ,x;, which are called resuit variables, have
types T,, ,T,, respectively The result vanables are free
variables 1n the predicate The predicate may optionally be
existentially-qualified and contain functions, comparisons of
vanables and values, and logical connectives It 1s beyond
the scope of this paper to formally define the Iris query

language

3 Mapping Iris Schemas to Relational Schemas

The Ins model 1s currently implemented using relational
database techniques Thus, every Iris schema 1s mapped to a
relational schema with appropriate constraimnts, and every Ins
mstance 18 1mplemented as a corresponding relational
mstance Iris queries are translated into relational select-
project-join queries, and Ins updates become relational
transactions The usual tools of relational databases can be
used to improve schema design, perform query optimization,
and maintain database integrity 1n the course of updates In
this section we formally examine the correspondence between
Iris schemas and relational schemas We define a mapping®
of Ins schemas to relational schemas and characterize all
relational schemas which are translations of Ins schemas
The relational translation of Iris schemas 15 then used to
define a simple notion of equivalence of Iris schemas Based
on this notion of equivalence, we exhibit a result concerning
simplification of the type structure of Inis schemas

We first present some basic concepts and notation of the
relational model, which will be used in the rest of the paper
We assume famiharity with the notions of attribute, domain,
tuple, relation over a finite set of attributes, projection of a
relation or a set of constraints on a set of attributes,
functional dependency (fd), inclusion dependency (1d) and
Boyce-Codd Normal Form (BCNF), as in [Ma83, Ul82) A
relation schema 1s a triple <RelName, R, X> where
RelName 1s a symbol called the relation name, R 1s a set of
attributes and I 1s a set of constraints over R A (relational)
database schema 1s a pair <S,X> where S 15 a set of relation
schemas with distinct names and ¥ a set of inter-relational
constraints mnvolving relations in S The logical closure of a
set & of constramnts 1s denoted by L* If X consists of fd’s or
unary 1d’s, its logical closure can be computed using known
sets of inference rules U182, CFP82] We will use two types
of constraints m addition to fd’s and 1d’s These new
constraints arise through the translation of the participation
constraints of Ins schemas, and are defined next

Definition Let R be a fimte set of attributes A cross-

product constraint over R 1s an expression ® X where XCR
A relation r satisfies ® X 1ff Ilx(r) = AXXHA(r) (x 15 the
€

cross-product operation®) A multiphcity constramnt 1s an

5 The mapping defined here 15 a simplification of the mapping
used by the Ins prototype implementation

8 Note that cross-product constraints are special cases of Jom
dependencies
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expression X[< k| where XCR and 1 < k € 00 A relation r
over R satisfies X[< k] 1f no more than k tuples 1n r have
identical projections on X

Thus, a cross-product constramnt over a subset of the
attributes of a relation requires that every combination of
values of those attributes appear in the relation, a
multiplicity constrant places an upper bound on the number
of times each combination may appear in the relation

For example, the relation represented i Figure 31
satisfies ® BC,BC([<1], AB|<2], and A[<3] It does not satisfy
® AB or Ci<1]

A B C
0 0 1
0o 0 o0
0 1 0
1 1 1
Figure 3 1

We next describe the mapping of Ins schemas to
relational schemas The relational translation of an Ins
schema s will be denoted by RelTrans(s) Consider an Ins
schema s The mapping 1s based on associating with each
function edge of s a relation whose attributes are the role
labels of the edges connecting the two cross-product vertices
of the function edge to corresponding type vertices For
instance, the function

Enrollment Student -> Course x Semester x Grade/String

of Example 2 1 15 represented by a relation with attributes
Student, Course, Semester, and Grade Next, subtyping and
participation constraints of s 1nduce constramnts In
RelTrans(s) Specfically, participation constraints induces
intra-relational cross-product and multiphcity constraints,
and subtyping (together with participation constraints)
induces 1ntra and nter-relational unary 1nclusion
dependencies (a detailed example 18 presented later)

We next define formally the relational schema
corresponding to a given Ins schema We will carry out the
translation 1n two stages, denoted RelTrans, and RelTrans,
In the first-stage of the translation we will have, in addition
to relations corresponding to functions, one relation
corresponding to the cross-product of all non-literal types
The "types" relation 1s not present in the final translation,
but 1s used to more easily infer the constramnts which must be
satisfied by the "function" relations as a consequence of
subtyping and participation constramts The second stage of
the translation consists of computing the constraints satisfied
by the "function" relations and ehmnating the “types"

relation We now define the first stage of the translation
Definition Let s = (G,C) (G=(V,E)) be an Ins schema
Then RelTrans,(s) = <8,Z>, where § consists of the relation
schemas

(1) <fX,Zg>, where f 15 a function label 1n G, X 1s the set

of role labels associated with f, and
Z={®Y|Y[LkeC} U
{Y[< k] | Y[nk] € C;, n€{0,1}}, and

() <types, N, B;;;,> where N 1s the set of non-hteral
types in V and

Ziypes = {{T1] € [Ty] | T3, T2 € N and a speciahzation

edge n E 15 orgiating in T, and ending mn T;}



and T 1s the set of inter-relational inclusion dependencies
{|IRIC|T) | R 15 a role label of an edge adjacent to the non-
hteral type T} | j {|T|C[R] | T 1s a non-hteral type and R a
role label of an edge adjacent to T, and ReY for some Y such
that Y[1,k) € C; for some function label f and k > 1}

There 1s a straightforward one-to-one correspondence
between the instances of an Irs schema s and the instances of
the relational schema RelTrans)(s) We ommt here the formal
definition of this correspondence

While the relational schemas provided by RelTrans, are
capable of representing the same information as Ins schemas,
they are not entirely satisfactory because they cannot be
characterized solely in terms of the kind of integnty
constraints used 1n the schemas This 1s due to the presence
of the "types" relation, which 1s distinguished from the other
relations 1 that 1t can not satisfy arbitrary cross-product
and multiplicity constraints and plays a special role in the
schema The second stage of the translation ehminates this
inconvemence by removing the "types" relation” and adding
to the remaining schema the iclusion dependencies which
follow from the presence of the types relation This 1s defined
next

Defimtion Let RelTrans, be the mapping defined on the
range of RelTrans, as follows For each relational database
schema <8,2> n range(RelTrans; ),
RelTrans, (<S,X>) = <5,,5,> where

(1) 8, = {<name, X, B . > | < name, X, I, .> €S,
name # types, and Z,,." = I, U [Ix(Z*)}, and

(1) X 15 the set of inter-relational constraints i &* which
do not involve the relation "types"

Notation Let RelTrans be the composition of RelTrans,
and RelTrans,

Example 31 We will show how to translate a sub-part of
the schema defined in Example 21 to a corresponding
relational schema using mappings RelTrans, and RelTrans,
The Ins sub-schema to be translated contains all the types of
the original schema, the functions Id and Enrollment, and all
the participation constraints defined on those two functions

Applymng RelTrans, produces the "types" relation and
the function relations Id and Enrollment 1llustrated in Figure
32

types
Person | Instructor | Student | Course | Semester

1d
Person | String

Enrollment
Student | Course | Semester | Grade

Figure 8 2 Relations produced by RelTrans,

The 1nclusion dependencies, cross-product constraints,
and multiphicity constraints induced by RelTrans,; are shown
in Figure 3 3

[Instructorwpes] C [Person,y,,,]
[Student,y, ] C [Personyyp,,|
[Personld] c [Persontypu}
[Personyy,,,] C [Personyy]
[StudentEnrollment] g IStUdentt}'P”]
[CourseEnrollment] ¢ [Coursetype']
[Semesterg,oment) C [Semestery, ]
[Course,,,,] C [Courseg, qliment]
[Semester,, .| C [Semesterg, oiment]

® Personyy
® Courseg,, o iimentSemesterEysoliment

Courseyy| < 1]

Stringy[ < 1]

CourseEnrollmentsemESt’erEnrollment[ < 24]
St’udentEnrollmentSemeSt’erEnronment[ < 5]

Studenty, onment COUTSeE olment] < 3]

Studentg, oiment COUrSeEroliment SEMEStEr R o rment < 1]

Fagure 3 8 Constraints produced by RelTrans,

Applymng RelTrans, to the relations and constrants of
Figure 3 2 and Figure 3 3 produces the relational schema of
Figure 34 The "types" relation 1s ehminated together with
all 1ts inclusion dependencies Notice how the only inclusion
dependency of the schema in Figure 3 4 1s deduced from the
closure of the inclusion dependencies of Figure 3 3

Remarks (1) While RelTrans; 1s a one-to-one mapping
from Ins schemas into relational schemas, RelTrans 1s not
one-to-one Thus, several distinct Ins schemas can be
mapped to the same relational schema by the RelTrans
mapping

(n) For each Ins schema s, there 15 a straightforward
correspondence between the instances of s and the instances
of the relational schema RelTrans(s) The correspondence 1s
not one-to-one, because objects which do not participate in
any Ins function are not represented in the relational
translation

(m) The mappmg RelTrans describes the correspondence
between Iris schemas and relational schemas at the logical
level The actual implementation of Ins schemas differs
shghtly from this description For instance, a record 1s
maintamed of the objects which are members of each non-
hteral type Also, different relations are sometimes

"clustered" to improve performance

1The current Iris 1mplementation maintamns types in stored
relations



Id

Person | String
Enrollment
Student | Course | Semester | Grade

[St‘UdentEnrollment] < [Personld]

® Personyy
® Coursep, oimentSemestergy oliment

Courseyy| < 1]

Stringyg| < 1

CourseEnrollmentsemeSterEnrollment[ < 24]
Student’Enro]]mentsemeSterEnrollmem[ < 5]
St‘udent‘Enrol]mentcourseEnrollment[ < 3}
St'udent‘EnrollmentCourseEm’ollmemSeant"'lrEmol]ment[< 1]

Figure 3 4 Relational schema produced by
RelTrans, followed by RelTrans,

The following result characterizes all relational schemas
which are images of Ins schemas under the RelTrans
mapping  As suggested earher 1 this section, the
characterization involves solely the kinds of constraints
present 1n the schema

81 Theorem For each relational database schema r whose
only constraints are unary nclusion dependencies, cross-
product constraints, and multiphcity constraints, there exists
an Ins schema s such that RelTrans(s) = r

The proof of Theorem 3 1 consists of finding a mapping
which, for every relational schema r of the type described in
the theorem, provides a translation SemTrans(r) to a
(semantic) Iris schema such that RelTrans(SemTrans(r)) =
r The man component of the construction of SemTrans(r)
consists of finding an assignment of attributes (roles) to
types In particular, one type 1s associated with all attributes
belonging to a cycle of inclusion dependencies 1mphed by the
constraints of r Consequently, the subtyping structure of
the resulting Ims schema 1s guaranteed to be acychc
Furthermore, 1t can be shown that SemTrans(r) has the
property that hidden type "alasing" cannot occur, that 1s,
two types of the schema cannot be forced to always contan

the same objects in every vahd instance of the schema (It
can be venfied that, in arbitrary Ins schemas, "ahasing" can
indeed occur, even though the origmnal sub-typing
specification 1s acyclic - see Example 3 4 )

The mapping of Ins schemas to relational schemas
provides a new, formal mechanism for comparing different
Iris schemas In particular, various notions of equivalence of
Ins schemas can be defined based on their relational
translations We next define the simplest such notion of
equivalence
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Defimition Two Inis schemas s; and s, are equivalent if and
only 1f® (RelTrans(s,))* = (RelTrans(s,))*

As a first apphcation of the above definition we next
compare different Irs schemas with respect to their type
structure In particular, 1t may be of interest to simplify the
type structure of a given Irns schema according to certain
criteria, such as the number of different types in the schema
This leads to the following

Definition An Iris schema s i1s type-rmmmal iff there 1s no
equivalent Iris schema s” with fewer types

The following result shows that there 1s exactly one
type-mimmal Ins schema equivalent to a given Iris schema

8 2 Theorem If s, and s, are equivalent, type-minimal Ins
schemas, then they are isomorphic ?

It can be shown that each Ims schema which 1s the
translation SemTrans(r) of a relational schema r 1s type-
minimal {If G 1s the graph whose vertices are the attnbutes
of r and whose edges correspond to inclusion dependencies,
the number of types in the Ims translationl® s
| {v|visa vertex of G, 1d(v) > 1, and v 15 not on a cycle of
G}| + | {c¢/cisamaximalcycleofG}| + sgn
(| { v|visanisolated vertex of G } | ) ] In particular, we
can use the relational translation of an Iris schema to find an
equivalent Ins schema which 1s type-mimimal Indeed, we
have

83 Theorem For every Ins schema s,
SemTrans (RelTrans(s)) 1s equivalent to s and type-mimmal

In practice, the above results on type mnimahty can be
used as guidelines for designing the type structure of an Iris
schema Indeed, 1t may be the case that the imtial
breakdown of objects into types 1s unnecessarly refined, in
that the schema does not take advantage of certamn type
distinctions In this case some of the types can be merged
Following 1s a siumple example of a schema where type
simphfication 1s possible due to ahasing

Example 8 4 The Iris schema represented 1n Figure 3 515 a
fragment of a schema for an academic nstitution, where each
student must be assigned a peer advisor for each semester of
the academic year The schema contains the three types
STUDENT, PEER-ADVISOR, and SEMESTER Each peer
advisor 1s a student, so PEER-ADVISOR 1s a subtype of
STUDENT The function HAS-ADVISOR assigns a peer-
advisor for every student-semester pair

8 For each relational database schema s, s* denotes the schema
contaming the same relations as s and whose constraints are the
logical closure of the constramts of s

s Informally, two Iris schemas are isomorphic if they are the
same except for the choice of labels We omt the formal

definition here

10 If n 15 a non-negative mteger then sign{n) = 0 1f n = 0 and
sign(n) = 11fn >0



STUDENT SEMESTER

HAS-ADVISOR

PEER-ADVISOR

STUDENT SEMESTER [1,00 |
SEMESTER PEER-ADVISOR [0,1]

Figure 3 5

The first participation constraint indicates that each student
must be assigned an advisor each semester, the second
indicates that a peer advisor can only advise one student 1n a
given semester It can be easily verified that, due to these
constrants, each student must also be a peer advisor Thus,
the types STUDENT and PEER-ADVISOR are ahases (they
contan exactly the same objects) It follows that PEER-
ADVISOR can be eliminated as a type and kept simply as a
role edge for students The resulting schema {Figure 3 6) 15
equivalent to the first, and 1s type-mmmal

STUDENT SEMESTER

PEER-ADVISOR HAS-ADVISOR

STUDENT SEMESTER 1,00 |
SEMESTER PEER-ADVISOR 0,1}

Figure 3 6

4 Integrity Constraints iIn Relational Translations of
Iris Schemas

In this section we examine 1n detail the integrity
constramnts 1nduced by Ins schemas on therr relational
translations Since Ins schemas are implemented using
relational translations, such constraints are of paramount
importance for reasons familiar from relational database
theory First, the constramnts can be used to mawmntan the
semantic integrity of the database, second, they are necessary
for query optimization, and third, the constrants are used to
verify that the relational schema satisfies the traditional
criteria of good relational schema design (in order to avoid
redundancy and update anomalies, and to obtamn efficient
implementations) As shown 1n the previous section,
relational translations of Iris schemas can be characterized
usimng unary nclusion  dependencies,  cross-product
constramnts, and multiphaty constramts Thus, 1t 1s
important to develop mechamsms for computing logical
closure for these constraints, such as a finite set of inference
rules Additionally, 1t 1s of interest to infer all functional
dependencies 1mplied by such sets of constraints, 1n order to
verify that the relational translations are in normal form
(BCNF) Supnisingly, our results show that arbitrary Ins
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schemas are not well-behaved with respect to the above
goals, and that other unexpected problems arise In
particular, we show that there 18 no finite axiomatization for
unary 1d’s, multiphaty constramnts, and cross-product
constraints, and that relational translations are not always in
Boyce-Codd Normal Form, as was mtially assumed
However, we do provide a powerful (but ncomplete)
inferencing mechanism for the constramnts The inferencing
mechanism 1s novel 1n that 1t mvolves a set of equations
associated with the constrants, and 1s more powerful than
any fimte set of traditional inference rules Finally, we
exhibit a restriction on Ins schemas which guarantees that
they are well-behaved with respect to all the critena

discussed

We next look at properties of relational translations of
arbitrary Iris schemas, that 1s, relational schemas whose
constraints are arbitrary sets of unary 1d’s, multiphaty
constraints, and cross-product constramnts The first problem
we address 1s that of finding inference rules for the
constramnts The following result shows that, unfortunately,
there 1s no finite axiomatization for such constraints

41 Theorem There 15 no finite set of inference rules for
computing the logical closure of a set of (inter and intra-
relational) unary inclusion dependencies, (intra-relational)
cross-product constraints and (intra-relational) multiphaty
constraints

While there 1s no complete finite axiomatization for our
constraints, 1t 1s desirable to have as powerful an inference
mechanism as possible for such constraints We next present
an inference mechanmsm which uses, 1n addition to traditional
inference rules, a set of equations associated with the
constraints It turns out that the inference mechanmism 1s as
powerful as an 1infimte set of independent traditional
inference rules Despite this fact, the inferencing mechanism
18 not complete

Intwitively, the equations used 1n the inferencing
mechanism express relationships between the number of
distinct values occurring mm different columns of a relation
and the number of tuples in the relation These equations,
called "cardinality equations," are defined next

Defimtion Let s=<S,X > be a relational database
schema whose constramnts are unary 1d’s, multiphaty
constraints, and cross-product constraints Let
k=max {1| X[<1] 138 a multipheity constramnt in some
relation schema 1n S} For each attribute A, let a be a new
symbol The set of symbols associated with s 1s

Symb(s) = {a,y | <rel, R,Zy>€Sand AcR}
U{te| <rel,R, Tp>€8}
Ufalo<i<k}

Subscripts are ormitted when the relation name 1s understood
The symbol a, represents the number of distinct values in
column A of relation rel, the symbol t, stands for the
number of tuples in relation rel

A cardinality equation over s 1s an expression of the
form u < v or u = v, where u and v are finite, non-empty
sequences of symbols 1 Symb(s) of length at most
max { |R| | <relL,R,2>€8}+1

For instance, consider a  relation  schema
<rel, AB,{A[<2]}> Then t<2b and agb are

examples of cardinality equations over this schema A
relation T over the schema satisfies the equation t < 2ab 1 f



Ir{ €2| Hu(r)| | Mg(r)| A relation r satisfies a < b if
| Mu(r) | <] Ng(r)| We ommt here the formal defimtion of
satisfaction of a cardinality equation by an instance of a
database schema, since this should be clear from the
example Note that there 1s just a finite number of
cardinality equations over a given schema Also, 1t can be
shown that 1t 18 decidable whether one cardinality equation
imphes another cardinality equation Indeed, implication can
be expressed as a universally quantified sentence in the first-
order language over N with multiphication, <, and = [For
example, the fact that a<b and b<c mply a<c 18
formally written as

VaVbVc(agbAbgc)=>agc)]

The decidability of such sentences follows easily from the fact
that the theory of ordered abehan groups 1s decidable (see
[Mo]), so, 1n particular, the theory of the ordered rational
numbers with multiphcation 15 decidable (We omit the
details here ) The logical closure of a set E of cardinahty
equations over a schema s 1s denoted by E* and consists of all
cardinality equations over s imphed by E

We next show how to associate a set of cardinality
equations with relational database schemas

Definition Let s =<S,Z > be a relational database
schema with unary 1d’s, cross-product constraints, and
multiphcity constraints Let EQN(s) consist of the following
cardinality equations

(» for each attribute A of relation schema rel, t,, > a,,

18 1n EQN(s),

relation schema rel over
A, a, 1s n EQN(s},
for each inclusion dependency
[A] C [B] of 5, 8, < by, 15 1 EQN(s), where A and
B are attributes in the relation schemas rel, and rel,,

each attnibutes

Ap, b € 8

for

(u)
(m)

respectively,

() for each cross-product constramnt ® A, A of a
relation schema rel, t, > a; a, 18 1n EQN(s),
and

(v) for each multiplicity constramnt A; Ay [ <K] of

a, 15 m EQN(s)
Note that EQN(s) 1s associated to the entire database
schema s, not just to individual relation schemas

a relation schema rel, t, < ka,

We next exhibit our set of inference rules, denoted by
Inf The set Inf consists of two parts The first part, denoted
by Infj,, contamns inference rules which nvolve only
constramnts The second part, denoted by Inf,, describes how
new constramnts can be inferred from constraints 1n
conjunction with equations in EQN*(s) We now hst these
rules (X and Y denote subsets of the attributes of a relation
schema)

Inf,

1 For each attribute A, [A] C [A] and ® A

2 For each set X of attributes, X [ < oo |

3 R[< 1], where < rel, R, T > 15 1n the database schema
4 If [A] C [B] and [B] C [C] then [A] C [C]

5 ¥ X[<k|and X C Y then Y < k]

6 f®XandYC Xthen®Y

7 IfX[Sk]andn?kthenX[sn]
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Inf,
1 If [A] C [B] and b < a then [B] C [A]

2 I A A, [<k] and t2>ka, a, then
® A A,

3 If ®A A, and t<a a, then
Al An[ < l]

Let ©* be all the constraints which can be inferred from
L and EQN*(s) using the above rules It 15 easily seen that
the rules are sound, 1e, £* C T* It 1s of interest to note
that the new constraints generated using the inference rules
do not 1mply new cardinality equations Thus, the closure of
the cardinality equations never has to be recomputed
Indeed, we have

42 Lemma Let s be a relational database schema with
unary 1d’s, cross-product constramnts, and multiphaty
constraints Let s* be the database schema with the same
relations as s, whose constraints are all the constraints which
can be inferred from the constrants of s using Inf Then
EQN*(s) = EQN*(s*)

Remark As stated earlier, the set of inference rules
Inf) | Jj Inf; can replace an infimte set of independent
traditional inference rules for our constramnts We now give
an example that shows how our rules involving equations can
replace one traditional inference rule Consider the rule

f ® AB, [C] € [A],and BC [ < 1]
then AB| < 1), [A] C [C], and ® BC

The set EQN of equations associated with ® AB,
[CIC[A], and BC[<1]} 1s {t>ab,c<a,t<bc} It 1s
easily seen that t < ab, a<c, and t > bc are n EQN*
From t < ab and ® AB we obtain AB [ < 1], using rule 3 of
Inf, From a<c and [C] C {A] we obtamn [A] C [C] using
rule 1 of Inf, And, from t > bc and BC [ < 1] we obtan
® BC using rule 2 of Inf,

We have seen that relational translations of arbitrary
Ins schemas give rise to certan unexpected problems
concerning axiomation of constramts We now bnefly discuss
some additional problems arising 1n this context

(1) Side-effect fd’s

It 1s of interest to know whether or not relational
translations of Ins schemas are 1n Boyce-Codd Normal Form
Based on intwitive grounds, 1t has so far been assumed that
the only fd’s satisfied in these translations are key fd’s which
anse from exphcitly constraining upper-bound participations
to 1 In other words, given a relational database s
corresponding to an Irs schema, 1t was assumed that the
only fd’s bolding 1n a relation schema < rel, R, % > of s are
of the form X — R, where X[ < 1]1s1n £ We mformally call
all other fd’s which might hold 1n such a schema side-effect
fd’s The inference rule exhibited in the previous remark
shows that side-effect fd’s do 1n fact exist (since the inferred
constraint AB [ < 1] implies that AB 13 a key) However, the
side-effect fd produced 1n the remark does not violate BCNF
We now show that there are side-effect fd’s which violate
BCNF
4 3 Example Consider a relation schema with attributes
ABCDEF and constramnts { ® AC, ®AD, @ BC,
®BD, ®CD, ®CE, ®DF, AC[<1], AD[<1],
BC[<1], BD[<1], CD(<1], E[<2], F[<2]}
It can be shown that the fd A — B must then hold 1n every
instance of the schema Thus A » B 1s a side-effect fd
violating BCNF
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Obviously, 1t 1s of interest to infer all fd’s satisfied by
relational translations of Iris schemas However, no finite set
of inference rules exists for computing the fd’s imphed by the
constraints involved 1n the relational translations

(1) Non-trivial satisfiabihity

Clearly, each set of unary 1d’s, cross-product constraints
and multiphaty constraints 1s tnivially satisfiable by a
database mnstance consisting of a single tuple in each relation
We call a database schema non-trivially satisfiable if 1t has
Imstances other than the single-tuple instance (Thus, the
onginal Ins schema has instances containing more than one
object 1 each type ) It can be seen that there are relational
translations of Iris schemas which are not non-trivially
satisfiable Some of these schemas can be detected using the
associated set of equations EQN (Indeed, if a = 1 1s m
EQN* for every attribute A, then the only instance of the
schema 1s the single tuple nstance) However, 1t can be
shown that there are schemas which are not non-trivially
satisfiable, but this cannot be detected using the equations

Such a schema can be obtaned from the schema in Example
4 3 by adding ® AB to its constraints

(1) Type cardinality restrictions

Some Inis schemas 1mply restrictions on the maximum
number of objects of a given type This can be seen from the
fact that, in relational translations of Ins schemas, the
assoclated set of equations may mmply constraints such as
a < k for some attribute A For instance, consider the set of
constramnts { ® AB, B[ < 5] } It 1s easily seen that a < 5 1s
mmplied by the equations associated with this set of
constraints Thus, the A column can contain at most 5
distinct values, and the type corresponding to the role A 1n
the original Ins schema may contain at most 5 objects

(1v) Non-localness

We call an Ins schema local 1ff the participation
constraints for different functions are independent It can be
seen (using relational translations) that not all Iris schemas
are local Thus, participation constraints for one function
may 1mply participation constrants for another function
This phenomenon can be undesirable and may lead to
complications

In the remainder of the section we present a restriction
on Ins schemas and their relational translations which
guarantees that the schemas are well-behaved with respect to
all the critenia discussed so far, in particular fimte
axiomatization and normal forms Clearly, different such
restrictions can be found The one we present here has the
advantage of being relatively weak and the disadvantage of
being rather complicated However, a vanety of simpler (but
stronger) restrictions can easily be inferred from the one we
present We now formulate our restriction in terms of
relational schemas The restriction has two components one
nvolving the intra-relational constraints, and a second
mvolving the inter-relational mnclusion dependencies

Defimition A relational database schema < S, & > whose
constraints are unary 1d’s, multiplicity constraints and cross-
product constraints 1s restricted if the following conditions
hold

() For each relation schema <re,R,X, > m S, if
X[<k] and @ Y are in X, and [A] C [B] where
AeXand Be Y, then Y C X, and
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(n) There 15 no sequence < rel, R, 35,y >, 1 <1<, of
distinct relation schemas of S, and attributes
A A, B, B,, such that A € R, B, € R,
for each 1 (1<1<n), [A] C[B,] (2<1<n),
[A4] € [By], and A; # B,

Informally, condition (u) states that two distinct
attributes of the same relation cannot be "connected" using
the 1nter-relational inclusion dependencies of the schema

For instance, the schema of Example 3 1 (Figure 3 4) 1s
restricted

The formulation of the above restriction mn terms of Ins
schemas 1s similar and 1s omitted (Recall that a constraint
of the type X[< k] corresponds mn to an Irns upper-
participation k for X, while ® Y corresponds to lower
participation one for Y )

We next show that the restriction proposed on
relational schemas eliminates the problems encountered 1n
unrestricted schemas The following result concerns fimte
axiomatization for restricted database schemas

4.4 Theorem The set of inference rules Inf, 1s sound and
complete for restricted relational database schemas

Note that the rules of Inf, do not involve the set of
equations associated with the schema Thus Inf; 1s a proper
finite axiomatization for the constrammts of restricted
schemas

The next result concerns the 1ssue of side-effect fd’s and

BCNF

45 Theorem Each relation schema <rel, R,X > of a
restricted relational database schema 18 1 BCNF
Furthermore, a non-trivial fd X — A holds 1n the relation
schema ff X[ < ] € X

In particular, there are no side-effect fd’s 1n restricted
relational database schemas

Finally, restricted schemas do not give rise to problems
concerning satisfiabiity, localness, or type cardmnahty
constraints Indeed, the following can be shown
(1) Each restricted relational database schema 1s non-
trivially satisfiable
Each restricted relational database schema s 1s local
(1e, the constramnts m s* which apply to a given
relation schema < rel, R, X, > of s are equal to ¥,
and thus can be computed locally )

()

(m)

Let s be a restricted relational database schema, for
each integer n there exists an instance of s such that
each column of a relation in the schema has at least
n distinct values Thus, no type cardinality
constraints are mmplied by the constramnts of the
schema

5 Conclusions

A formal framework for understanding the connection
between semantic data models and the relational model was
developed 1n this paper The translation of Iris schemas to
relational schemas was shown to give rise to constraints
different than those usually encountered 1n relational
databases The results obtained so far concern mostly these
types of constramnts and their connection with traditional
Normal Forms involving fd’s The formal approach to these
problems reveals that they are more complex than was
assumed originally based on intuitive grounds For instance,
relational translations of Iris schemas are not alwavs n



BCNF, as was expected, due to the presence of "side-effect"
fd’s, and the constraints of these schemas are not fimtely
axiomatizable  Other subtle problems concerning Ins
schemas were also brought to hght, such as type ahasing,
trivial satisfiability, and non-localness The restriction
exhibited on schemas provides guidelines as to how such
problems can be avorded when desigming Iris schemas

The Ins model only contains simple constructs common
to most semantic models However, the techmques developed
for Ins provide insight into the problems arising when more
complex constructs are allowed 1n the semantic model For
instance, semantic schemas allowing types which are disjoint
unions or cross-products of types give rise to relational
constraints for which the implication problem 1s undecidable
(Indeed, specialization 1nvolving types that are cross-
products of types gives rise to non-unary inclusion
dependencies which, m conjunction with fd’s induced by
participation  constraints, lead to undecidabihty of
imphcation (see [ChVa83]), in the case of disjoint unions of
subtypes, the equations associated with the schema involve
multiplication as well as addition, so implication mve. es the
theory of integers with addition and multiphication, which 1s
undecidable [Mo76] } In particular, 1t 1s undecidable whether
relational translations of such schemas are .n BCNF, whether
they are non-trivially satisfiable, whether ahasing occurs, or
whether type cardinahty restrictions are implied Such
results provide new insight 1nto trade-offs
expressiveness and tractability of semantic schemas

between

Several questions concerning Iris schemas which were
not mentioned n this paper can fruitfully be translated n
relational terms One such problem 1s computing the
participation constraints for derived functions Another
problem 1s determining whether a given Inis schema allows all
objects of non-hiteral types to be uniquely 1dentified using
hteral types and Ins quenes (In relational terms, this
corresponds to finding a select-project-join query whose result
1s a relation with both representable and non-representable
types, satisfying certan fd’s) Such problems will be
explored in future work

Finally, note that the mapping between models
described 1n this paper concerns exclusively static aspects of
the models It 1s of interest to include 1n this correspondence
dynamic aspects of the models Irs schemas with update
operations would then translate to relational schemas
mvolving both constraints and transactions, such as those
discussed 1 [AbV185] The results already obtained
concerning the connection between transactions and
constraints in relational databases could be used to validate
update semantics 1n Ins schemas
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