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ABSTRACT

This paper presents a mcthod of formally representing the information that is available
to a user of a relational database. The intended application area is deductive question-
answering systems that must access an existing relational database. To respond intelligently
to user inquiries; such systems must have a more complete representation of the domain of
discourse than is generally available in the tuple sets of a relational database. Given this
more expressive representation, the pr.oblem then arises of how to reconcile the information
present in the database with the domain representation, so that databasc queries can be
derived to answer the user’s inquiries. Here we take the formal approach of describing a
relational database as the model of a first-order language.” Another first-order language,
the metalanguage, is used both to represent the domain of discourse, and to describe the
relationship of the database to the domain. The formal advantages of this approach are

presented and contrasted with other work in the area.
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1. Introduction and Qverview

This paper presents a method of formally representing the information Lhat exists in
a relational database. Database represcntation lechnology has progressed independently
of Arlificial Intelligence {Af), but there is a need to reconcile it with Al representations.
Many Al systems that address real-wo;'ld domains must access existing databases; typically
these have been natural-language question-answering systems, c.g., LUNAR [18] and D-
LADDER [9]. The D-LADDER datab.ase, for example, is a preexisting relational database
that is distributed across several sites of the Arpanet; access to the information is through
a predefined database query language. D-LADDIER can pars‘é and “understand” Euglish-
language questions for which no information is available from the database because it
maintaing a reprcsentation of the domain of discourse that subsumes the information
present in the database. However, to respond reasonably to a user’s question, D-LADDER
must have some description of the information present in the database, and must be able
to decide whelher there is a database query that will answer the original question.! Qther
researchers, including Reiter [15] and Chang [1], have advanced solutions to the problem
posed above; bul their solutions are inadecquate for a several reasons. A common fault
is that they compromise the expressive power with which they represent the domain of
discourse so as to arrive at a satisfactory algorithm for deriving database queries. We
clritique these systems more fully at the end of this paper.

In this paper we develop a reprcsgntation rich enough to describe both the domain

of discourse and the in[‘ormation Lhat an associated database contains about that domain.

Although the intended application area is deductive question-answering systems, we will

" 1Note thal we are nol making a judgment here about the utility of database representalion technology.
It may be the case that all the information present in the database under consideration conld be more
casily and econveniently represented using standard Al techniques, c.g., semantic nets or Horn clauses. The
situations we are interested in are those where the database is a predeflined part of the domain, and we
must build some representation for the information it contains. Given the prevalence of databases as an
informalion-storage technology, it seems reasonable bo expeet Lthal some applicd Al systems will have to
interact with them.



argue at the end of the paper that the basic [ramework devcloped is applicable to a wide
range o Al problems characterized by interaction between a user and a complex computer

program.



2. The Database and the User

A database is a data structure that represents or models some aspect of the world.
The subset of the world modeled by the database is called the domain of discourse. To see
how the correspondence between the domain of discourse and the database is set up, and
some of the problems that can be encountered, consider a simple database that consists of

two tables. The first lists teachers and the courses that they teach:

Teacher Course
TEACH Smith 8222

while the second table lists the advisors of students:

Advisor Student
ADVISE Smith Clive

Now the way in which these tables model the domain of discourse (in this case, the
relationships between students, leachers, and courses at some university) seems fairly
straightforward. If there is a row in the TEACH table with a teacher's name and a course
name, then in the doinain of discourse the teacher actually teaches that coursé, e.g., Smith
teaches C8222. Similarly, each row of the ADVISE tfable indicates thal some teacher is

the advisor of some student.

2.1 Representational Inadequacy

Unfortunately, tablés such as TEACH and ADVISE do not let us say very much
" about a domain of discourse for which we do not have complete information. Informally,
-we will say that the database is descriptively inadequate, since it cannol characterize
domnains for which only partial information is available. The descriptive inadequacy of
database representations can be broken down into two categories, wﬂich we call inherent

and pragmatic inadequacies.



Inherent inadequacies steﬁ from the nature of the dat‘abase as a model of the domain of
discourse. Typical examples of this fype are the inability to express disjunctive facts (e.g.,
“Either Smith or Jones teaches CS222”) and existential statements (e.g., “Some teacher
advises Clivé, but it isn’t known which one”). These inadequacies are well-known, and we-

do not concentrate on them here.

Less well-known are pragmatic ‘inad equacies. These arise from the way in wh%ch a user
of the database tries to make sense of the database and its relation to the world (hence the
term “pragmatic”). When the database is set up, the intent is to model a certain part of
the world. The user, ho.wever, may not know the exact boundaries of this intended domain
of discourse, and so may be surprised when the database does not have information that

he requests, or may misinterpret the straightforward database replies to his queries.

The following catalog of pragmatic inadequacies is not intended to be exhaustive, but
gives an informal notion of some of the representational issues that must be dealt with in

designing natural-language interfaces to databases.

Absence of a Relation. The database may not conlain a relation the user
expects to find. [or example, given Ehat the TEACH and ADVISE tables give
information on students and courses, the user may be tempted to ask, “What
students are taking CS222?" Such a query simply cannot be phrased in terms of
the given database tables. The ability to deal with this type of incompleteness is
particularly iﬁ]portant in building systems that must interact with users who are

unfamiliar with the contents of a database. .

Conceptual Mismateh. The database’s domain of discourse may overlap the
user’s view of the world in complicated ways. For example, suppose the TEACH
table’s second column was not a course number, but simply “T” if the teacher was
teaching some course, and “F" il he was not. The user would not expect to ask a
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question like *Is Smith rclated to courses by a *T'?” Rath.er, he would still ask, “Is
Smith teaching some course,” and he would expect that the appropriate database

query (involving Ts and F's) would be generated for him.

Only-Il' Incompleteness. This type of incompleteness arises because the data-
base may not contain complete information about what isn’t in a particular relation.
Suppose that the TEACH relation contains all known teacher-course pairs, but
that some teachers may be teaching courses without being listed in the table. Then
a question like “Is Sinilh teaching CS8242?" cannot be answered in the negative if no
entry is found in the TEACH table, because the entry may be absent even though
Smith is, in fact, teaching CS242.A This is called “only-if” incompleteness because
a relationship in the dpmain of discourse holds if an entry cxisis in the table, but

not necessarily only if the entry is there.

Dormain Incompleleness. This inadequacy is similar to only-if incomplcteness,
but refers to domains of individuals, ralther than to relalionships among individuals.
If a uscr asks “Arc all teachers teaching courses?”, it may nol be possible to give
an answer based on the informalion in the database. There may be teachers at
the university who are not mentioned '1.n either the TEACH or ADVISE tables; if
that is the case, the database simply does not conlain enough inlormation to answer

questions rclating to all teachers.

2.2 The Problem and a Solution

Because the database is often an inadequale representalion of the domain of discourse,

we might consider using some other representalional technology than Lhe database. For

example, a first-order language can deal with the inherent inadequacies discussed above, and

there has been recent work in modal languages that overcome the pragmatic inadequacies

[10]. In certain silualions, however, it may not be possible to do away with the database
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in favor of some other representational technology; for instance, the database may already
exist, and it would be too expensive to convert it to another representation, or it may be too
large for current first-order theorem provers to deal with, or it may have good computational
properties. So the problem we are addressing is not how to replace the database with
another representation, but rather how to keep the database as a representational tool,
while at the same time overcoming its 'deseripti\re inadequacy.

The obvious solution is to embed the database in a more comprehensive representa-
tional scheme. The bulk of simple fac.ts.about the domain of discourse will then reside in
the database, while the more powerlul representation {of which it is a part) can handle
the more complex situations where the database is inadequate. In addition, there must be
some process for deciding when a query applied to the more comprehensive representation
can be transformed to a query applied solely to the database.

The structure of the solution is given in Figure 1: the database represeats the part.ol'
the world that is labeled DODy; the user's view of the world is DODj, and overlaps the
intended domain of the database. The more powerfu-l representation describes both the
user’'s view of the world and the relation of the databasc to this view. In Lhis way we can
capture the dillercnces between the user’s intended domain of discourse and the part of the
world aclually represented by the database. We will also be able to specify when a user’s
query refers only to the part of the world represenied by Lhe database, and hence give a
fo-rmal specification of valid transformations between the more powerful representation and
the database.

To formalize this solution, we introduce two dillcrent languages: one for the database
“and one for the more powerful representalion. The database language is a first-order
‘language (called DBL) for which we have a compulable model, namely, the database. It is
important that the DBL have a computable model; whenever the transformation process
finds a DBL sentcnee equivalent to one in the more powerful représentation, we know
that we can evaluate its truth-vaiug by a set of finite operations on the database. If we
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METALANGUAGE
POWERFUL
REPRESENTATION

OBJECT
LANGUAGE

Figure 1. Metalanguage and Database Language

assume that we are using a relational database, the operalions of the relational calculus
can compute Lhe truth-value for any sentence in the DBL. Queries to the database are
expressed as sentences in the DBL; operations on the relations of the database can be used

to find the truth-value of any formulza of the DBL.

We will axiomatize the user’s domain of discourse separalely as a theory in a first-order
predicate calculus with equality, which is a powcrlul desecriptive formalism. This language
is called the metalanguage, or ML (hereafter, we will use “domain of discourse” to refer
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to the inlended domain of I;hle ML rather than the DB'L). In addition Lo enceding the
domain of discourse, the ML theory will contain a description of the DBL. That is, the
ML theory will have terms that denote DBL ezpressions, and a predicate that asserts the
truth of DBL expressions in their intended model, the database. Finally, the ML theory-
will contain axioms that relate the truth of sentences in the DBL to predicates in the ML
that describe the domain of discourse, therreby characterizing the connection between the
database and the domain ol discourse.

Queries about the domain are originally expressed as lormulas in the ML. By attempt-
ing a constructive proof ol a certain ML expression involving that fermula, it is possible to
either answer the query by a prool in the ML theory, or to find a DBL expression equiv-
alent to the original I\/U_,-query. In the latter case, because the DBL is fully interpreted
by the database, the answer to the quiery can be found by evaluating the DBL expression
with a suitable database query processor. This whole process is reminiscent of the answer
eztraction technique of Green [8]..

In the next sections we lformalize the framework just presented. First we define the
database language DBL and show how a rclational database is a model of Lhis language.

Then we define the metalanguage ML, and give examples of the connections belween the

M. and the DBL.



3. The Relational Database as a Model

For this paper, we restrict our attention to a particular type of database, the relational
database, because it is more readily amenable to formal analysis than are other database
formulations.? A relational database is a set of relations {R;} over a set of domains {D;}.
Fach relation R.consists of a set of tuples of some fixed length n, the aréty of the relation,
which we indicate with a superscript, ™. The eléments of the tuples are drawn from
the domains of the database.® In a felational database, the relations are [finite, but the
domains may be infinite, e.g., the domain LENGTHS in the sample database below is the
set of positive real numbers over some interval.

To give an example of a relational database, consider the following relations about the
ships world:

SHIPR:  SHIPS X SNAMES X LENGTHS X MEDIC
COMMANDR: OFFICERS X SHIPS
The domains are SHIPS, SNAMES (ship names), LENGTHS, OFFICERS, and MEDIC.
MEDIC is the binary domain {T, F}, and its use will be explained below. This sa.m'ple
database is derived from the BLUE FILE database accessed by Lthe LADDER project {7].
A typical tuple of the SHIPR relation might be {USN128, LAFAYETTE, 844.6,T}.

A relational database is used to mode! the world in the following way. If a tuple’
{u,:ﬂ,'y,z} is present in a relation R4, then the objects u, z, y, and 2z are assumed
to participate in the corresponding real-world relation. Thus the prescncéz of the tuple
{USN128,LAFAYET'TE,844.6,T} in SHIPR means that the ship USN123 has the name
' Lafayette and the length 344.6. The interprc_etation of the MEDIC value is that the ship

_ has a doclor on board if the value is T, and doca not if the value is F.

?The approach described here will actually work with any database representation technology powerful
cnough to be a mechanizable meodel for some’ first-order language.

3This is unfortunate terminology because we have already introduced domain of discourse. The relational
domains are scts of individuals drawn from the universe of individuals of the domain of discourse, Gencrally,
there should be no confusion about the proper referent of domain in this paper because of context,
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As discussed above, what happens il a tuple is not present in a relation depends on the
interpretation one chooses [or the database. The strongest assumption that can be made is
that il a tuple is absent, the relation does not hold lor the clements of that tuple. Whether
this assurnption is appropriate depends on the domain of discourse that is being modeled;‘
it assumes that the database has complete information about the part of the world that
corresponds to the relations it contains. In many applications, the database has only partial
information about the domain of discourse. A [lormalization of the inlormation that the
database contains must be rich enough to represent a partial correspondence between the
database’s intended domain and the user’s.

The relations in a relational database can be considered to form an algebraic structure
under the operations join, restriction, projection, and set union and difference {3]. These
operations can be used to extract information [rom the database conveniently. For example,
suppose we want to find the officers of all ships over a length L. One way to do this would be
to join tuples f[rom the COMMANDR and SHIPR relations with the same SHIPS clement,*
restrict the resulting relation so that only tuples with a LENGTHS element greater than
L remaln, and then project the OFFICERS clements to yicld a set of one-clement tuples
conlaining the answer.

A relational databasc can be formally described by designing an appropriate first-order
language [or it. The basic idea is that expressions in the language (which we will call the
d.atabase language, or DBL) are cither true or false with respect to Lhe datal_msc; further,
because we actually have the database in hand, the trulh-value lor any expression of the
DBL can be determined by performing algebraic operations on the database. Thus, the
DBL functions as a query Iz;nguage for the databasc because it deseribes properties of the
database. A query is phrascd as an cxpression in the DI3L, and then algebraic manipulations
can be performed on the database to determine the truth of the expression, and lhence

answer the query. Codd [3] has shown that the five given operations are sufficient to deeide

1This operation is called an equijoin, and is the composition of a join with an equality restriction.
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the truth-value of any expression in an appropriately deﬁnAed DBL; hence, the database and
its associated algebra form a computable or mechanizable model for the DBL.

At this point, it is helplul to look at the DBL for a particular database, the sample
database given previously. We will use a many-sorted first-order language with equality, wih -
one sort for each relation in the database. A sort consists of all tuples in ils corresponding
relation; variables are ?estricted to range over a given sort. In quantified cxprcséions, the
sort a variable is restricted to will alwla.ys be indicated by giving the name of the relation

for the sort. For example, in

Vt/sipR -+

the variable ¢ is restricted to tupl(;s in the rclation SITIPR. Because variables refer only to
tuples in a relation, this type of language has becn called a tuple relational calculus [16].
Besides variables 6ver tuple sets, we allow lunction terms that refer to elements in the
domain. Among these terms will be unary functions that pick out clements of a tuple.
Generally, we use function names that are similar to the domain of the element they select

from the tuple. As an example, consider:
Vt/smpRr [sname(t) = LAFAYETTE) V length(t) > 344.6].

The above expression says that for all tuples in the SH{PR relation, ecither the SNAMES
element of the tuple is equal LAFAYETTE, or the LENGTHS clement is greater than 344.6
meters. Therc arc two unary lunctions, sname and length, and one constant lunction,
LAFAYETTE,

The language also contains the boolean operators, the equalily predicate, and arith-
IﬁeLic predicates such as greater than and less than. As defined, the DBIL has the impor-
tant property that every expression that can be written in the language is decidable with
respect to the sample database, using the relational algebraic operations. Such a language
is called safe in the database literature [16]; a safe langllagc is one wliose expressions can
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all be interpreted by examining only the instances of relations present in the database.
The practical import of this is that safe languages are mechanizable, in the sense that the
truth-value of every expression in the language can be determined by a finite number of

algebraic manipulations on its intended model.
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4. The Metalanguage

A language like the DBL for which the intended model is available is called an inter-
preted language. If the database correctly reflects the structure of the domain of discourse,
we need no additional representational apparatus to describe tﬁe domnain. However, it is
more often the casc that we have incor.nplete information about the domain of discourse: lor
cxample, we may know that the Lafayette is commanded either by Smith or Jones, without
knowing which of the two is the actual commander. Such partial information about the

domain cannot be expressed within the database model.

Another way to view this situation is to say that the databasc and the domain of
discourse arc both models of the DBL, but are not coextensive. That is, in the real world
it may be the case that either Smith or Jones is the captain of the Lalayctte; because we
do not know which is the case, there will be no tuple in the COMMANDR relation of the
form {nnn, USN128}, where USN128 is the identifier of the Lalayetle. So if the query
“Does Jones command the Lafayette?” is posed in the DBL, the answer wilh respect to Lhe

T

database will be “no,” which may not be the case in the actual world.5

If a question-answering system is Lo return correct responses to a user’s.queries when
only parlial information about the domain is available, then a more powerful rebresentation
than the DBL and its associatgd database is required. On the other hand, we want to use
the information in the database in those cases where it is sullicient lor reéponding to a
query. So the representation we seek must not only characterize the domain of discourse,
it must also encode the way in which the database as a model corresponds to the actual

~ world.

5We assume in this paper Lhat what information the database does contain about the domain of discourse
is correct. In principle, the formalization presented in this scetion could readily handle cases where the
database was not in conformity with the domain, e.g., the tuple {JONES, USN125} is present in the
COMMANDR relation even when Jones is not actually the commander of the Lalayctte. It may be useful
in practicec to have this ability, cspecially when dealing with a changing domain where updates to the
database may not be timely.
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To represent the domain of discourse, we use another .many-sort.ed lirst-order language
with equality, called the metalanguage, or ML. The ML will have non-logical axioms that
state properties about the domain. For example, for the ships world we might deline the

lollowing predicates:

DOC(z,y)  means that z is the doctor aboard ship y
NAME(z,y) means that = is the name of ship
LEN(z,y) means that = is the length of ship »

COM(z,y) means that officer z commmands the ship 3.

A typical assertion about the domain might be:

Yz/surps 3v/LengTis LEMy, ),

which says that every ship has a length. That we have chosen this parlicular form of the
first-order predicate calculus is nob critical; any of the nonsorted varianls would do just as
well. Note thal the ML need not be a tuple calculus; in this example, variables range over
individual ships, officers, lengths, ete., rather than over tuples.

In addition to representing the domain of discourse, the ML also characterizes the
database as a model of the DBL; this'is what makes it a metalanguage. In the ML, we
use the predicate DB of one argument, a DBL formula, to mean that thal formula holds
in the database. Assume, for example, that Lthe ML term f decnotes the DBL lormula
Vt/sHipR lsname(t) = LAFAYETTE)V [length(t) > 344.6]. Then Lhe ML expression DB(f)
asserts thal the DBL lormula denoled by f is actually true of the database; that is, all
tuples in the SHIPR relation either Havc their sname element equal to LAFAYETTE, or
Lheir length element greater than 344.6.

In the metalanguage, we require a number of constructors for DBL formulas. For
boolean connectives of the DBL, the constructors and, or, imp, and not take DBL [ormulas
as arguments and return the obvious DBL compound boolean formula. For example, the
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ML term and(f,g) denotes the DBL formuia FFAG, where F' and G are the DBL formulas
denoted by f and g. This absiract syntaz for object-language formulas was introduced by
McCarthy [12].

Because the DB predicate represents truth in the database model, the normal truth-
recursion axioms are valid for it. We introduce the ML sort DBFS, which is the set of ali

DBL formulas, and write the truth-recursion axioms as:

Vf/pBrs [PB(noi{[)) = ~DB(f)|
Vf9/pprs [DB(or(f, g)) = DB(f)vDB(g)| _—
Vfg/pprs [PB(and(f,g)) = DB(f)ADB(g)|
Vfa/pars [DB(ima(,q)) = DB()> DB(g)]

Additionally, to construct an arbitrary DBL formula we need ML terms that denote
DBL predicates, terms, and quantiliers. At this point it is convenient to develop the thepry
for the propositional case; later it will be extended to predicates over individuals. For each
DEL propositional constant there is a ML constant term that denotes it. The convention
will be to use primed terms in the ML to denote the corresponding unprimed propositional
constants in the DBL. Thus, the ML term P’ will have the DBIL proposition P as its
denotalion. Given this and the ML boolean- constructors, it is possible to wrile a ML tel-'m
for any sentential expression of the DBL, e.g., and(P’, not(Q’)) denotes the DBL formula
PA~Q. The two ML terms TRUE' and FALSE' are specially delined tolrefer to the DBL
propositions TRUE and FALSE, whose truth-values in the database are always taken to be
true and [lalse, respectively: ,

DB(TRUE') = Pv~P

TR2.
DB(FALSE') = PA~P

15



5. Database Query Derivation

Having described the DBL and its associated database within the ML, we can formulate
the derivation of database querics in the DBL from an original ML query. At this point.
we restrict our attention to closed queries, that is, those whose answer is either yes or no.
dlosed querles can be represented by closed ML expressions.

Suppose that gwifis a ML expression whose truth-value is to be determined. Consider

the ML schema:

3f/pBrs [PB(f} = qwi] T1.

If a constructive proof of. 7'1 can be found for a given instance of qwfl, the binding for f
will be a DBL fermula equivalent to the original query gwil. By evalualing the DBL query
with respect to the df;ltabase, the truth of gwif can be determined. Note the use of the
equivalence connective in 7'1: il the answer to the DBL language query turns out to be
“lalse,” then Lhe negation of qwﬁ; will have been established.

A special case of T'1 occurs'if Lhe binding for f is TRUE or FALSE. When this happens,
the truth or falsity of gwiF will have been established entirely within the metalanguage,

without the necessity of evaluating a DBL query.

Ezample. Let P and ( be two DBL propositions whose meanings we intend to
be the same as the ML predicates P and ), respectively (we can use the same naxmes
because we always know which language a formula is in). The ML also contains the
constructors P’ and Q' of no arguments, whose denotations are the DBL language
formulas P and Q. We can state that the DBL and ML predicates have the same
meaning by axioms of Lhe Tollowing sort:

DB(P\=P
DB =0Q

P1 states that P (or Q) holds just in case the DBL formula represented by P’ {or Q')

P1.
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holds in the databasc. The axioms P1 can be used to derive DBL queries cquivalent
to any ML query that is a sentential éxpression over P and Q. Supposc the original

ML query is PVQ. Then it is easy to show that, by T'R1 and P1,

DB(or(P', Q")) = PVQ Q1.

The process of da‘tabase query derivation is similar to that of enswer extraction in
formal question-answering systems [8]. The problem of finding a database query is reduced

to that of finding a proof of the first-order ML formula that is an instance of T'1.
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6. Predications on Individuals

In the last section we developed an abstract syntax for DBL constant predicates. Since
terms referring to individuals are also an important part of the DBL, the abstract syntax
must be extended to include eonstructors for these DBL terms. In this section we introduce
the nceded technical machinery for this into the ML. Although the machinery may appear
cumbersome, the idea behind it is [airly simj;le: to state the correspondence belween terms
in the DBL and the individuals they name. The complications arise in kg_eping track of the

distinction between terms in the ML, terms in the OL, and the individuals they denote.

6.1 The Denotation Function

We begin by defining a new sort, DBTS, that is the set of DBL ferms. ML terms of
this sort will denote DBL terms. Again, a primed convention will be used; c.g., the ML
constant term A’ will denote the DBL constant term A. We can diagram this relationship

as follows: ’
Nﬂ;: A B A’ B’

DBL: k g
| M BA/

The arrows in the diagram rcpresent the denotations of the terms. A and B as terms in

individuals:

the ML rcfer to the individuals A and B in the domain of discourse; they are of the sorl.
INDS. Similarly, the terms A and B of the DBL also denote individuals in the domain. The
ML constants A’ and B’ (of sort DB1'S) refer to the DBL terms A and B, ralher than to
individuals. There is nothing special about using the same symbols in both languages to
denote these individuals; it is done here simply for consistency of naming.

To construct DBL expressions that invelve predications over arguments, the ML con-
tains a primed construetor symbol P/ for each predicate symbol PP of the DBL. The argu-
ments of the ML conslructor P’ are DBL terins, one for each of P’s arguments. A’l‘hus, the
denotation of the constructor P' is a DBL predicate over DBL terms; P/(A’, B') denotes
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the DBL predicate P(A, B).

Although the DBL and the ML can have different domains of individuals, it is tech-
nically convenient to make them identical so the correspondence between quantified ex-
pressions in the two languages easier to state. To assert that the DBL’'s model aclually
has enough individuals, the denotation and naming [unctions must be intreduced into the
metalanguage.

It is often useful to know, in the ML, what individual a DBL term relers to. The
denotation function A is used lor I:his‘py.jrpose;B it takes a DBL term as its argument, and
returns the individual denoted by that term. In the ML, the sorts of the argument and

result of the denotation lunction are given by:

vn/pBTs I7/InDs An)} = =

The A function can be understood more casily by examining the denotation map lor
individuals in Lhe ML and the DBL; it maps between a DBL term and its referent. Because,
in the ML, A’ refers to the DBL term whose denotation is the same as the ML term A, we
write:

| AlA) = A.

6.2 Standard Names

In any language, therc may be many different names for the same individual; c.g., we
could speak of the Lafayctte as ;‘Lhe ship commanded by Jones.” Such names fnig}lt change
their denotaticns in different circumstarces, however. Ib is handy to have a name lor cach
individual that is always giaranteced to refer to that individual; these are called standard
names. All the constant terms we inlroduce .into the DB will be sueh standard names
(e.g., LAFAYETTE E'rpm Sect.ionll.’a], sinee there is no need to have more than one constant -

term for the same individual in the DBL.

8Church 2] introduced the denotation function to formally describe Lhe denotation of terms in the objeet
language,
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In the ML, it will be useful to construct the standard DBL name for individuals. We
define the standard name function n of one argument, an individual. The value of 7 is the

standard DBL constant term that refers to that individual. Thus we would write:

Vz/iNDs I7/pirs 7(z) = n
and
- n(A) = A
In the denotation diagram above, # is the mapping {rom individuals to their sltandard name

in the DBL.

We state here two useful properties of the standard name function:

- Vzy/inps [ 7 vl = DB(not(n(z) =" 1(y))) DN1,
Vz/iNps Aln(z)) = = DN?2.

The ML function =’ constructslthe DBL cquality predicate of its two arguments. D1
says essentially that the two DBL standard names for dilferent individuals actually do
refer to different individuals. DN?2 establishes  as the DBL standard name (funetion lor
all individuals referred to by the ML, because it guarantees that the denotation of an

individual’s DL name is indeed that individual.

6.3 Quantified DBL Expressions
Quantificd DBL cxpressions are constructed with the ML functions some and all. Both
these functions take three arguments: a DBL variable name, a DBL sort, and a DBL
expression. We generally use ML constant terms £’ and s’ to denote DBL tuple variables ¢
and s, and primed constant Lerms to denote the corresponding sorts in the DBL. Thus:
ML terin denotes DDBL formula
some(t!, SHIPR!, sname!(t') =' FOX') 3t/suIpR sneme(t) = I'OX
all{t’, SUIPR!, length!(T7) > n(344.4))  Vi/gmpy length(t) > 344.4
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6.4 Corner-Quotes

The abstract syntax can be a cumbersome way ol naming complicated DBL expressions
within the ML. To reduce the notational burden, we introduce an abbreviation device: we
let a DBL expression stand lor itsell in ML lorinulas. The DBL lormula will be set off with
corner-quotes from the rest of the ML formula so there will be no conlusion. Below are

examples of the use ol corner-quotes: .

ML abbreviation stands for ML formula
DB("P(A, B)") - DB(P'(A', B")
DB("Pv@") DB(or(P", Q"))
DB("Vt/suipR sname(t) = FOX') DB(all(t’, sr-nph', sname/(t') =' FOX’))

The translation between corner-quote abbreviations and their corresponding ML terms is
straightforward: all predicate and term symbols in the corner-quote expression are replaced
by primed symbols, and booleans and quantifiers map back to their constructors in the ML.
It should be noted that the corner-quote convention is strictly a device for abbreviating
ML terms; it does not introduce any logical machinery into the MlL..

ML terms of the form 7(z) are commonly found in DBL term constructions, where z is
a ML variable ranging over individuals (sort- INDS). We therefore extend the corner-quote
conventions so that if a ML variable of sort INDS occurs within corner-quotes, it transiates
to the standard name of that variable. Sb, for example, the denotation axiom DIN1 would

be written as:

Vzy/inps [z 7 | =DB("z #£ y'),

where "z £ 3 is an abbm\.riation for not(n(z) =" n(y)).

- In addition, we allow ML variables ol the sort DBFS to appear within corner-quote
abbreviations; Lhey remain unchanged in translation. The only use of this convention will
be in Axiom PB in Section 8.4; there, lor example, '_Vt/SIIIPR f! is an abbreviation for

all(t', SHIPR', f), where f is a ML variable of sort DBFS.
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7. Some Query Derivations

We are now in a position tp state the relationship between the ML predicates DOC,
COM, ete., and the relations of the database. Suppose it is the case Lhat the database con-
tains complete iqformation about the cornmander of every ship, so there is an {officer,ship}
tuple in the COMMANDR relation for each oflicer and ship in the domain of discourse. The
correspondence between the COM predicate and the COMMANDR relalion can be stated

as: .
Vz/oFrICERS Y¥/ SHIPS

[DB("3t/ comMMANDR lefficer(t) = z A ship(t) = y]") . Pa.
= COM(=z, y)]

Note that because of the corner-quote convention, z and y will be replaced by #n(z) and
7y} in the ML term naming the DBL expression. Axiom P3 can be used to derive database

queries relating to the COM predicate.

Fzample. The query to be answered is “Does Jones command ship USN1237"

By T1, this is expressed in the ML as:
3//pprs |[PB(S)= COM{JONES, USN1285)| Q2.

If the standard DBL names for Jones and USN123 are also JONES and US‘NIEB,

then by P3 tha equivalent DBL expression is:

at/COMMANDR [oﬂ?cer(t) = JONESA Shi'p(t) = USIVI.Q.?].

A more complicated correspondence exists between the DOC predicate and the SHIPR

relation:
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Vz/surps DB("3t/spipR ship(t) = = A medic(t) = T'7)
_ D 3y/pocTonrs POy, <)
Vz/sups DB("3t/smipR ship(t) = z A medic(t) = Y P4,
D ~[3v/pocTors POCy, <))
DB(™t/gipr medic(t) = TV medic(t) = F')’
The first two assertions state that if the MEDIC clement of a SIIIPR tuple is T, then there
is a doctor on board the ship; and if it is ', then there is not. The last assertion says that

the MEDIC ficld will always contain one of T or F.

Ezample. The query to be answered is “Is there a doctor on board

USN123?" From T, the ML expression is:

Af/pers [DB(f) =3z2/pocTors DOC(z, USN123)] Q3.

By using P4 above, either of the lollowing two DBL expressions can be proven to

satisly (23: )
EIt/SHIPR Shl'p(t) = USN128 A mcdt‘c(t) =T

~[3t/gipr ship(t) = USN123 A medic(t) = F].
Given just 24, it is nqt. possible to find a D[3[; expression corresponding to the query,
“Is ‘Jones the doctor on board USN123?” The domain of discourse represented by
the DOC predicate properly subsumes the database’s information on Lhe subject.

Thus, this query can be represénted in the ML, but not in the DBL.
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8. Incomplete Information

In the previous section we encountered an example of a databasc that had incomplete
information about the domain of discourse: there was no represenlation for which doctor.
was on board a ship, only an indieation that some doctor was present. In this section, we
eJ;:amine a low of the more common ways in which a database may have incomplete infor-
mation about the domain. We show how to encode all of the types of partial information

that characterized the representational inadequacy of the database in Section 2.

8.1 Absence of a Rel.ation

It often occurs that some part of the domain of discourse is not relerred to at all
by the database. For the sake of conceptual completeness, for example, we may allow
the user to ask about properties of ships that are not included in the database under
consideration. In this case, there will Abe a predicate in the ML that refers to the property,
but no corresponding DBL tuple set. This case is easy to encode: there simply is no axiom

that relates the predicate to any relation in the database.

8.2 Conceptual Mismatch

This type of incompleteness occu;-s ﬁhen a ML predicate has only a partial corresponQ
dence in some database relation. An example of this is the DOC predicate in the previous
section {Axiom P4); only ML querics involving existential quantification over the doctor
argument could be answered. Partial correspondel;cc of a ML predicé.tc is characterized
by the ability to find DBL expressions for some, but not all, of the ML queries containing
the predicate. Complicated relationships between ML predicates and DBL tuple sels can

be encoded because the ML has the expressiveness of a [ull first-order language.

8.3 Only-If Incompleteness
The correspondence previously stated in Axiom P3 between the COM predicate and the
COMMANDR rclation used an cquivalence conncetive. The only-il half of Lhis eonneclive is
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important for the derivation ol" DBL expressions equivalen-t to ML lormulas involving COM.
This is because the only-il hall of P3 statcs that if the tuple {A, B} is not present in the
COMMANDR relation, then A does not command B.

In many cases, however, the interpretation of a database relation is that il a tuple is-
present, then the relationship holds between those individuals; but il it is not present, it
cannot be inferred that the relationship does not hold. All the positive instances of the
relation correspond with the domain of discourse, but the negative instances do not. Ior
example, it may be the case that all the commanders of U.S. naval ships are known, but
not those of foreign naval ships. Then Axiom P3 is too strong, and must be weakened to

an implication:

Vz/oFFICERS Y¥/SHIPS
[DB("3t/ commanpr [efficer(t) = z A ship(t) = y]") P3.
D COM(z,y)]
This axiom is not stroﬁg enough to allow the derivation of equivalent DBL expressions for
the COM predicate, but may still be useful in an intelligent question-answering system.
IFailing to find a proof of an instance of T1 for 2 ML query, such a syétem might weaken T1
to find a DBL formula that implies, But is not implied by, the original query. Il a positive
answer is returned rom the database, then the original query is true; il not, no conclusion

can be drawn.

8.4 Domain Incompleteness

Since the DBL is a tuple calculus, there is no explicit quantification over subdomains
of INDS, e.g., SHIPS c;r OFFICERS. How then can DBL queries be formed that ask whether
a property holds for all the members of one of these sels? For example, consider the ML
query: |

Yz /suips 3v/LENGTHS [LEN(Y, ) Ay > 344.4)] Q5.

This asks whether all ships have a length greater than 314.4 meters. Supposc we assume
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that every ship length is represented in the SHIPR relation:

Vz/suips Y9/ LENGTHS
(DB("3t/suipR length(t) = y A ship(t) = =) Ps.

= LEN(y, z)

P5 is not sufficient to answer @5; the reason is that we have not stated anything about
whether all ships are included in the SHIPR relalion or not. A counterexample to the truth
of @5 would be a domain where there were some ships Lhat did not have lengths. The best

we can do with P5 is to derive the equivalenl ML formula:
Vz/siips DB 3t/ guipR length(t) > 3444 A ship(t) = <) Qs,

where there is still a ML quantifier over all ships.

Incompleteness of any domain is thus automatically assumed unless explicit nonlogical
axioms are included to counteract it. For the ships world we are using as an example,
suppose we want to say that all ships in the domain are Lo be found in the SIIIPR relation,
but not all LENGTIIS or SNAMES need be present‘. That is, lthe domain LENGTHS is
assumed to be the rational numbers in the interval (say) [100,1000]; at any given momeﬁt,
only a finite subset of‘ these will be present in the SHIPR relation. Similarly, more SNAMES
alje‘available than are in use. .

To state the comnpleteness of the SHIPR relation with respect to SHIPS, we assert:

Vf/pprs Ve/stipes DB 3t/ suipr ship(t) = z A f7)]

= DB("Vt/gipr /)

6.

Thlat is, a universal quantilier over SHIPS can be moved inside the DB predicate to the
SHIPR relation. The.use of PB-enablgs us to prove that the lollowing DBL expression
satisfies @5:

Vt/S}IIIPR length(t) > 344.4.
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On the other hand, because-there is no explicit domain completeness axiom like P6 for
LENGTHS, the question “Is there some ship of every length?’ cannot be answered by a
DBL query.

The ability to correctly represent that the database has only partial information about
a domain of individuals enables us to allow infinite domains in the database, without deriv-
ing DBL expressions that yield counterintuitive truth-values for ML queries. If answering a
ML query involves quantilying over an infinite domain, no equivalent DBL expression will

ever be generated for it,
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9, Other lssues

In this section we briefly describe how open queries can be accommodated in the
metalanguage approach. We also examine several ways in which a question-answering

system might use the ML/DBL representation to respond intelligently to user queries.

9.1 Open Queries

An open query is a query whosc answer is a set of individuals, rather than a truth-
value. In the metalanguage, open queries can be represented by a formuia that has one or
more {rec variables in it. The answer to the query is the set of those individuals that, when
substit‘uted for the free variables, mla.ke ‘thé query true.” For simplicity, we consider open
formulas with only one [ree variable;, which we indicate by enclosing it in square brackets
next lo the M1, (ormula: M|z] is 2 ML formula with [rce variable z. T'ree variablés,in the
ML will always be of Lhe sort INDS.

In the DBL, we allow [ree variables over the simple (nontuple) domains. Because
DBL tuple domains are finite, DBL expressions involving [ree variables have the important
properly that only a finite set ol individuals will satisfy the expression when substituted for
the [ree variable.? A DBL query with a frec variable is thus guaranteed to return a finite
set of individuals; moreover', because of the computalional propertics of the DBL discussed
in Section 3, an algorithm cxists for determining this set.

The problem of finding a DBL open [ormula that corresponds to a ML open formula

can be stated in terms similar to T'1, the schema [lor closed queries:

vz/inps 3//pBrs (DB(f[a/a(=z)]) = M(z]) T2.

Here fla/n{x)] is the DBL expression constructed by substituling the term 5{z) lor the

TReiter [15| extends the notion of the answer to an open query to disjunclive combinations of individuals,
e.g., “cither Smith or Jones commands the l.afayette.,” We do not consider this complicalion here.

#To show this, it is neccssary to exclude [rom the DRI expressions of Lhe formm & = a, where a is a lree
variable.
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[ree DBL variable @ in f. I a constructive prool of T2 can be [ound, then it will yield
an open DBL lormula whose truth-value is the same as that of M|[z] for every individual
z. This formula can then be evaluated against the -database to produce the required set of

individuals.

9.2 Types of Queﬁtions and Answers

The ability to formalize the relationship ol the database to the domain opens up new
possibilities for intelligent response to a user’s queries. One type of query that can be
readily handled in this framework is a request concerning what informalion the database
has about the domain. For example, suppose a naive user wants to know if the database has
information about what doctors are on board which ships. This question could be phrased

in the ML as:

Vz/suips Y¥/pocrors [3//pers PB(f) = DOz, y)] Q1.

If this ML lormula could be proven, then any querylabout individual doctors and ships
could be answered. Note that we are not interested in evaluating the DBL formula that is
a binding lor f in this case; rather, we wish to establish the existence of a class of DBL
formulas.

" In a2 more speculative vein, we might consider integrating the ML/DBL framework with
current Al formalisms to represent changing states ol the world— most notably the situation
calculus [13]. Suppose each ML predicale were extended to take an additional argument,
a situation in which the predicate was to hold. Thus DO(z,y, s) would mean that z was
the doctor on board ¥ in sttuation s. There would be some distinguished situation Sp, the
- current state of the world, about which the database would have information. It would
then be possible to correctly represent and answer user queries that made Lhe distinetion
between a proposition always being true of the domain, as opposed £o true in the current
situation. For example, co.tns'lder thg two queries:
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Is there always a doctor on every ship?
Is there a doctor on every ship now?
The first can be answered only by proving a ML formula over all situations; the second can
be answered by consulting the current state of the database,

Il several previous copics of the database are retained, then it is also possible to
answer gqueries about past situations. Suppose, for example, that the day associated with
each situation is kept in the ML, and a separate copy of the daily database is available
for querying. Then queries such as ‘.‘Do more ships have doctors on board today than
yesterday? could be answered by evaluating two database queries and computing the

answer from the values they returned.

9.3 The User’s View
While this paper has drawn upon the particular application area of database access
for concreteness, the metalanguage/object language approach can be presented in a more
gen.eral setting. Many complica.tted systems, especially -Artiﬁcial Intelligence systems, have
to interact with a user (which may perhaps cven be another system). The user’s view of
the domain of discourse might be different from that of the syslem; generally, the user will
not have as much expertise and may not c\;cn talk the “language” that the system use;s.
Within such a situati;m, we might rephrase the problem given in Section 2.2 as:
How do we keep the complicated system as a repository of knowledge

about the domain of discourse, while at the same time reconciling its
view of the world with that of its users?

To make such systerﬁs useful thus r;aqu'lres a sophisticated representation of both the
“syslem and the user of the s.ystern, a problem that has been central Lo this paper. It would
‘be intercsting Lo see if the formalism presented here could help to give a more rigorous
foundation to the previous work on this problem, e.g., the MACSYMA assistant [5] and,

more recently, the CONSUL system [11].
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10. Relation to Other W;)rk

Recent work in formalisms for database representation, which has been collected in
[4], differs broadly fom the approach p'rcsented here in that the database is viewed as a
set of ground atomic sentences in a first-order theory of the domain of discourse, rather
than as a model. In terms of the.f'ramework given in Section 2.2, the “more powerful
representation” is a first-order languaggé, while the database is a collection of ground atomic
formulas in that language. A query about the domain of discourse is initially phrased in the
first-order language; to -generate an equivalent query against the database, the query must
be transformed into a form that can be answered by looking only at the ground atomic
formulas in the database. The way this is accomplished is that a set of predicates (the
database predicates) are set aside lor use in the database part of the language, and axioms
specify the relationship of these database predicates to other predicates in the language.
The transformation ol'-the query is then effected by replacing all nondatabase predicates

with database ones, based on the axioms. We might call this the transformalional approach.

Unfortunately, the transformation of a query is from one formula in the language
to another, based on syntactic criterizlt.. It is impossible to formalize this transformation
within the language itsell, so special procedures must be developed to implement the
transformation. The procedures that have been given in the literature, so as to be proven
complete, place heavy restrictions on the expressiveness of the first-order language, both
in ter.ms of the axioms that relate nondatabase predicates to database ones, and the

assumptions that must be made about incomplete information.

The assumptions about incomplete information that arc made have been ealled the
Closed World Assumption and Domain Closure. The closed world assumption says that
a relationship that cannot be prove'n to exist actually does not exist. Making the closed
world assumption is similar to assuming that there is no.only-if' and domain incompletcness
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for any predicate ol the language, although, of course, only-il and domain incompleteness
were stated with respect to an interpreted language and not an uninterpreted theory
as in the transformational approach. Domain closure is the assumption that there is a
constant symbol lor every individual in the language (and usually requires that constants
be standardized apart).

Unlortunately, these two rather strict assumptions do not always correspond with
our intuitive notions about incomplete information in the database, and do not give the
required flexibility in axiomatizing t.hc relationship of the database to the domain. Ior
example, there is no way to state that some database predicates are only-il complete with

respect to the domain of discourse, while others are incomplete.

In the transformational approach, the representatiom.ll power of the first-order lan-
guage used to describe the domain is severely restricted so as to carry out database query
derivation in the presence ol the incompleleness assumptions. In particular, these sysl,;:ms
forego the use of cxislential qﬁantiﬁcation and function symbols in axioms that connect the
database and nondatabase predicates. This means, [;or example, thal a relationship such

as Axiom P4 could not be encoded. -

The systems descri.bed in [4] suffer from Lhese limitations to a greater or lesser extent,
depending on which trade-ofl they choose to make. For example, Chang [1] chooses a very -
restrictive lorm for his axioms, but has a simnple algorithm lor deriving equivalent formulas
that involve only database rel;ations. Reiter [15] relaxes thesc restrictions somewhat, and
also gives an exact account of the assumptions being made about incompicte inlormation;

but his derivational algorithm is more complicated.

It should be mentioned that Lhe criticisms leveled above af)ply to Lhe so-called evelua-
tional framework ol database query derivation, which is assumed in this paper. Thuat is,
the database is presented e priord, and must be addressed by a separate query processor
whose communicalion overhead is high relative to deduclion outside the dalahase. With
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this assumption, it is reasonable to try to transform the {ull query to one that can be
evaluated all at once against the database. Other systems, such as [8], assume a much
tighter coupling between the database and the nondatabase parts of the first-order theory.
The database is assumed to be simply a repository for atomic ground {ormulas that can
be accessed during a proof, although some attempt is made to minimize the number of

accesses.
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11. Coneclusion

We have taken the view that for the purposes of question-answering a relational
database can best be represented as a model of a particular type of first-order language, a .
tuple relational caleulus. This view has proved particularly useful in two respects. First,
bj-/ axiomatizing the database language and its associated model in a metatheory, we have
been able to describe in a powerful and flexible manner how the database corresponds to
the domain of discourse. This [acility is a representational advance, because Al systems
that must address databases need just this [acility. Secondly, viewing the databasc as
a mechanizable model of the DBL enables us to take advantage of the computational
properties of database due'ry language processors. Once a database query that is equivalent
to an original query is derived, it can 'be evaluated against the database to determine the
truth of the original query. Thus the algebraic operations of the database processor can be
incorporated in an clegant way into the deductive process ol question-answering.

A final word about implementation. An initial algorithm that incorporated some
of the ideas about incomplete information in the databasc was implemented [or the D-
LADDER project [9]. A restricted first-order language (the conceptual schema) was used to
represent the domain of discourse, and 'a query expressed in this language was transl‘ormed
by the algorithm into the database language SODA [L4]. This algorithm, however, d:ld
not take advantage of the full power of the metalanguage encoding. 1In KLAUS, an
intelligent knowledge-acquisition and question-answering system, we inlend to implement
the ML/DBL structure as described in this paper, and explore the complicated issues of

deduction that will arise.
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