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During the past several years there has been considerable 

research within AI on various aspects of databases. The pur­

pose of this panel is to provide non specialists with an over­
view of this research . To that end, I will use this introduction 

to survey briefly what I take to be the nature of the field, its 
significance for AI, and how it impacts database theory and 

practice. Each panelist in turn will then describe in greater 

detail the main concerns and issues surrounding his/her partic­

ular research area. 

The Nature of the Field 

The area of AI and databases divides naturally into the 

following three principal categories. (Names in parentheses 
refer to the position papers of the corresponding panelists). 

1. Databau Interface' (King, Webber) 

The concern here is with providing co-operative, friendly 

interfaces between the user and the information stored in the 

database. Users might range from database designers and 
administrators to end users with varying degrees of sophistica­

tion. As King and Webber point out, a wide variety of AI 

issues arise in this setting: query evaluation as a planning pro­

cess, natural language input, query clarification, co-operative 
responses to requests etc. Many of these topics are linguistic 

in nature and hence overlap considerably with Al's longstand­
ing concern with natural language. While most natural 

language research in databases has focussed on front-ends -

there are even commercial systems available now - a growing 

body of literature is addressing the pragmatics of question ask­
ing and answering, as described by Webber. 

e. Concept~al Modelling (Mylopoulos) 

The objective of this research is to provide natural ways 
of representing, organizing and structuring knowledge about 

application domains so that a database designer will have a 
suitable set of tools (a conceptual model) for translating 

his/her conceptualization of an application into a concrete, 

structured representation. Typical issues of concern are: How 

should one carve up a world into the right conceptual units in 
order to facilitate the design of a database! How do these con­

ceptual units relate to one another! What inferences are sanc­

tioned! In what formal language should such world views by 

represe nted! These, of course, are standard issues of 
knowledge representation in AI, so it is not surprising that 

most research in conceptual modelling informs, and is informed 
by, such notions as semantic networks, property inheritance, 

and knowledge representation languages like KL-ONE, KRL 

and FRL. 

9. Logic and Deduction (Gallaire) 

Research in this area draws on longstanding results in AI 

on logic, theorem proving and deductive question-answering. 

A database is viewed as a collection of logical formulae and 
queries are answered by proving the queries using the formulae 

of the database as premises . It is this perspective which 

underlies current work on logic programll\ing and databases 

[Kowalski 81] . 

There is a complementary view of the role of logic in 

database theory [Reiter 83] . The argument is that logic pro­

vides a language for the abstract 1pecijication of conceptual 

models for databases, including the modelling of incomplete 

knowledge. Such a conceptual model may be realized in any 

number of ways by any number of data representations and 
operations on these data representations. The importance of 

this distinction is that, by respecting it, we are in a position to 

prove the correctness of a conceptual model 's realization with 

respect to its logical specification. This is a latter day version 
of McCarthy and Hayes' distinction between the epistemologi­

cal and heuristic adequacy or a representation. 

Significance of Databa1~ Re1earch for AI 

The practical significance for AI of flexible intelligent 

databases is obvious. They are essential for any AI application 

requiring access to, and modification of large knowledge bases. 
But there is a less obvious, but equally important 1cientific 

and methodological significance for AI of research in databases. 
And that is that typical database domains, even the most 
mundane, provide a very rich source of problems for founda­

tional studies in AI. Moreover, the worlds that databases are 
called upon to represent are often really quite simple, at least 
compared to, say, representations for story comprehension, 

medical diagnosis, or electronic circuit design. For example, 
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databases are often concerned with representing such simple 
worlds as inventories, office records, airline reservations etc. 
As a result of the simplicity of these worlds, the fundamental 
AI problems that arise do so in simple and perspicuous settings 
so that the essential features of these problems reveal them­
selves, unobscured by confusing details. Therefore, solutions 
to these problems are easier to come by. It is also clearer 
exactly what constitutes a solution. In her position paper, 
Webber makes a similar point, and shows how various con­
cerns in the pragmatics of conversation arise with wonderful 
clarity in a database setting. By the same token, I think it 
was no accident that the major advances in computational 
linguistics due to Woods with respect to parsing and semantics 
emerged from the design of LUNAR, a natural language 
front-end to a database of facts about lunar rock samples. 

Many other examples quickly come to mind of current 
research topics in AI which arise in a particularly perspicuous 
way in the database setting: 

1. Non-monotonic reasoning and the closed world assumption 
for the treatment of negation in databases [Reiter 78]. 

2. Knowledge, belief, and incomplete information. The infor­
mation in the database represents what it knows or 
believes about a world. It may have only partial informa­
tion. The database should "know" that there are certain 
things it doesn't "know". These problems lead to 
meta theoretic solutions [Konolige 81 J and modal logics 
[Levesque 82] . 

3. Truth maintenance problems [Doyle 79] arise in databases 
subject to updates and deletions, and in the maintenance 
of database integrity. 

4. Knowledge representation for conceptual modelling [Mylo­
poulos 81]. 

Because of examples like these I believe that databases 
will come to be used as a fruitful blocks world for AI research, 
a blocks world with the nice additional property that it has 
enormous practical significance. 

Significance for Databau Theor11 and Practice 
At the moment there is a wide but narrowing culture gap 

between the AI community of database resarchers and the 
large community of researchers outside of AI who are involved 
with database theory and practice. The concerns of this latter 
group tend to be far more practical and "low level", involving 
as they do issues like file organization, concurrency, data 
models (as opposed to conceptual models - see Mylopoulos' 
position paper), efficient retrieval from very large databases, 
multiple user views, protection and security, etc. [Ullman 80]. 
Moreover, there is a deeply rooted reluctance to viewing a 
database as a representation of some world i.e. as a representa­
tion of knowledge. Mylopoulos characterizes this distinction 
between the non-A! and AI perspectives on databases: 

"A (non-A!) database stores ... data. In the case of databases 
there is no commitment to an interpretation of the informa­
tion stored in the database; for (AI) knowledge bases, there 
definitely is such a commitment." 

This divergence of opinion about the nature of a data­
base, together with Al's general lack of concern f9r efficiency 
considerations and large databases, have tended to separate 
the two communities. Fortunately, the situation is changing, 
mainly due to various proposals for semantic and conceptual 
data models as alternatives to the relational model [Brodie and 
Zilles 80, Tsichritzis and Lochovsky 82] . Contributions from 
logic, deductive question-answering, and logic programming are 
also beginning to be acknowledged. The influence of AI on 
database theory and practice can only increase. The result 
will be user-friendly, moderately intelligent, efficient, well 
designed database systems . Their impact will rival that 
currently enjoyed by expert systems. 

LOGIC AND DATABASES 

Herve Gallaire 

Laboratoires de Marcoussis 
Centre de Recherches de Ia C.G.E. 

Route de Nozay 
91460 Marcoussis ·- France 

A logic database (LDB) is a specification, using logic, of 
some data model, not necessarily relational. Deductive data­
bases (DDB) are a proper subset of LDB's which provide a 
natural generalization to relational databases through a deduc­
tive mechanism. We argue that LDB's will play a major role 
in the future of database (DB) systems. LDB's are among the 
major contributions of AI to the DB field, the others being AI 
knowledge representation languages and natural language 
techniques. 

DDB's contribution is far more reaching than was first 
thought after the pioneering work on question answering sys­
tems. DDB's offer the following features: deductive retrieval 
or implicit information, not stored in the DB; view expression, 
access and maintenance (a view is nothing but an external 
schema of the DB derived from its conceptual schema and 
specific to a class of users); mappings between various external 
models, possibly through a common relational DB, enhanced 
with deductive capabilities; a trivial embedding of a DB query 
language in a programming language, namely that or the 
deductive component; hints and possible paths to solutions to 
non-trivial problems such as integrity constraint expressions 
and verification, borrowing techniques found in the deductive 
component; semantic as well as syntactic query transforma­
tions geared either towards improving the man-machine inter­
face or for optimizing data retrieval. . 

One may wonder whether these features will eventually 
belong . to com mercia( products. Although there is no sim pie 
answer to this, it is felt that provided enough effort is put on 
all research aspects of the problem, much can be achieved. 
The basic reason for this controlled optimism is due to the fact 
that, for the first time, there is a continuous set of complemen­
tary tools resting on a common formal basis, i.e. logic: rela­
tional database machines with special operations for DB opera­
tors and retrieval, relational DB systems, and logic program­
ming. Each of these levels already flowers with competing pro­
ducts which are even partially integrated; for instance rela­
tional DB machines on the market do provide a good interface 



to ex1stmg DB systems. However a product such as a PRO­
LOG system at the logic programming level, has not yet been 
truly marketed; hence it has not been integrated in a product 
with a relational DB system. One may foresee several such 
prototypes in the near future. The first phase of the Japanese 
5th Generation project is providing one such prototype. 

This development does not mean that such an integration 
is without problems. There are three types of problems to be 
solved: technical problems, performance problems, research 
problems. The first type has to do with problems the theory 
of which is well understood but which lack experiments for 
deciding important issues. Two examples of these issues are 
decisions about compiling or interpreting deductive queries, 
and aboutgenerating or deducing implicit data. The reasons 
why such experiments have not yet been conducted has to do 
with the maturity of DB experts; not too long ago they were 
(and some are) still disputing the fact that query languages 
have to be extended rather than embedded into programming 
languages. The second type of problem - performance - must 
also be overcome. In the same way as many DB experts still 
reject relational systems for poor performance, deductive DB's 
are supposed to be impractical. There is no reason why this 
should be true; rather one should not expect to get a whole 
set of new features without extra cost. Clearly what is to be 
decided is whether these new features are worth the overhead, 
as in the case of the relational database systems. Such a deci­
sion will obviously depend on much needed experiments, but 
one is faced with the fact that either these will be successful or 
a whole set of new markets of DB will be unfeasible. Finally, 
there are a number of research problems: will DDB provide 
enough capabilities for e.g. integrity constraint checking where 
it is known that the kind of logic needed goes, on practical 
grounds, beyond what is probably sufficient for purely deduc­
tive capabilities! Similarly, will deductive capabilities cater to 
technical issues which have no known answer in conventional 
DB's, such as correctly handling incomplete and unknown 
data, but which are all the more difficult in a deductive con­
text! Will the theory provide solutions to a whole new set of 
problems brought up by introducing reasoning capabilities to 
DB systems, such as questions about non-monotonic reasoning, 
hypothesis and belief revisions, etc ... ! 

LOB's share with DDB's all these capabilities. But they 
can help solve another class of problems which is important in 
DB circles: what after relational models! Semantic data 
models, which parallel know ledge representation languages in 
AI are advocated by many . LOB's offer a rigorous semantics 
for such data models and others . This capability is attained 
by using a logic programming language as a specification 
language while its execution mechanisms provide the deductive 
capabilities. 

There is definitely a future for logic database systems: 
for the user, for the DB administrator. Logic programming is 
the key to it. Some references which are representative of the 
point of view of this position paper are [Gallaire and Minker 
78, Gallaire et al. 83, Kowalski 81, Reiter 83] . 
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THE NEXT GENERATION OF INTELLIGENT 
DATABASE INTERFACES 

Jonathan J . King 
Symantec 

Sunnyvale, California 
U.S.A. 

The next generation of intelligent database interfaces will 
act as partners in the 'problem solving process. The right 
metaphor for them is the skilled research librarian or informa­
tion retrieval specialist. Producing interfaces with the right 
capabilities requires basic research in the representation, use, 
acquisition, and coordination of basic facts, general rules, and 
metaknowledge within the same information system. 

Skilled information retrieval specialists possess a host of 
special skills. They have a general knowledge of particular 
fields, at the level of classifying and relating their subfields and 
knowing the main contributors. They have precise knowledge 
about information resources - what is in them, how they are 
organized, what research aids are available. They have stra­
tegies of searching for answers. And they can evaluate the 
quality of the information they find based on its source and 
their general knowledge of the field . 

Wben presented with a problem, the information special­
ist determines whether his resources are likely to provide an 
answer. It may be necessary to refine the problem statement 
so that useful information can be provided. The specialist 
devises a search plan, then forms questions precisely tailored to 
the requirements of his information resources. Intermediate 
results may cause him to revise the search plan. Wben the 
search is complete, the specialist may qualify the answer to 
account for the accuracy or currency of his sources. He can 
also answer questions about the information resources them­
selves so that the user can get a better idea of what kinds of 
problems the specialist can handle. An intelligent database 
interface with these capabilities is more than an interface; it is 
a broker and manager of information. Current artificial intelli­
gence research bears on each of these tasks. 

Formulating Que8tion8 

Natural language research aims to increase linguistic cov­
erage, and there has obviously been much progress along this 
line. Still, we are far from guaranteeing that all NL input is 

properly understood. There are two interim solutions. The 
first is to clarify the question by interrogating the user. The 
RENDEZVOUS system [Codd 78] does this. RENDEZVOUS' 
dialogues can be cumbersome, largely because clarification is 
carried out in terms of underlying database concepts; still, 
RENDEZVOUS achieves zero error rate. (The IFAP system 
[McLeod 78] is another clarification interface, but for a formal 
query language; its clarification dialogues are also cumbersome 
and based on database concepts). The second interim solution 
is to constrain NL input so the question is sure to be under­
stood. Texas Instruments is developing a system in which the 
user builds an English sentence by selecting from menus of 
acceptable continuations [Tennant 83] . Choices are expressed 
in terms of sentence words, not underlying database concepts. 
Selection using a pointing device also reduces typing to a 
minimum. Users can't freely compose a sentence, but can usu­
ally express what they want. 
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Tailoring Que1tion1 to Information Re1ource6 

Tailoring the question to the available information resources means producing a better question than the user can by himself; it is an "added value" function of interfaces. The interface must take into account general rules about the data­base domain. Hafner [Hafner 79] uses a semantic network of concepts from an area of the law to add useful qualifications to queries against a full-text retrieval system of legal documents. 
The IR-NLI system [Guida 83] does this also for a different full-text system. The QUIST system [King 81] changes a query into an equivalent one that can be processed more 
efficiently; it uses domain knowledge to transform the query, and knowledge of database structure and access methods to tell whether a transformation will he beneficial. Several sys­
tems (e.g. NLP /DBAP [Ginsparg 83]. TEAM [Grosz 83]) are exploring ways to use inference to fill in necessary information the user omits. 

Devi1ing Retrieval Strategie1 

Figuring out how to answer a question is essentially a 
planning process. Furukawa [Furukawa 79] posed retrieval from deductive databases as a problem of planning a search strategy. The IR-NLI system mentioned above is consciously modelled on the role of the information retrieval specialist, in the realm of full-text retrieval using key word descriptors. The aim is to produce an expert system whose expertise is a model 
of retrieval strategies [Bates 79] . After helping to formulate the query, IR-NLI is designed to revise it in light of intermedi­
ate results and produce a final search strategy that satisfies various criteria imposed by the user. Ideally, an intelligent database interface should produce an "opportunistic plan" 
[Hayes-Roth 78] that augments the basic retrieval plan by get­ting other information of .use to the user, or, if it determines the question can't he answered precisely, answers a different 
question that may nevertheless he helpful. Current work in planning utterances [Appelt 82] and communicating between cooperative agens [Konolige 80] is relevant to this. 

Explaining and Qualifying An1wer~ 

Some intelligent database interfaces have been designed to correct faulty presuppositions when a question fails ([Janas 79], [Kaplan 79]). This does not require a knowledge of gen­eral domain rules, hut just an analysis of the subparts of the query against ground facts in the database. Current research [We.b.her 82] concerns when and how to offer explanations with answers in general, not just when the answer is empty, and also when answers are produced by a combination of ground facts- and general domain rules. 

Re1ponding to General Que61ion1 

The inclusion of general domain rules and metaknowledge (knowledge about the general contents and structure of the 
database) makes it possible to respond to general questions. McKeown [McKeown 80] uses an augmented database schema to support natural language questions about the structure of 

the database. Konolige has proposed [Konolige 81] represent­ing the mapping between real-world concepts and database contents formally as a metalanguage and a database language which is its intended model. Database· queries are then for­mally derived from metalanguage questions stated in terms of real-world concepts. It is also possible to derive whether a particular kind of database query can be asked, thus identify­ing areas where the database is incomplete. Work on FOL [Weyhrauch 80] and SPHERE [Filman 83] is along these lines as well . To respond to general questions, it is also essential to ex tend the linguistic analysis so that it is not assumed that a question translates directly into a database query. Work on 
KLAUS [Hendrix 80] is taking up this question. 

Integrating Multiple Information R e6ource6 

Several systems are now under development to permit a single interface to reference several information resources and 
to control the operation of related programs, including expert systems [Weiss 82]. Portability of natural language interfaces is being extended to include nonformatted databases [Thomp­son 83]. The KLAUS project is also explicitly concerned with tying together multiple information resources with mix ed 
types of data. 

These capabilities , combined with advances in natural language understanding, will constitute a large step forw ard 
for the next generation of intelligent database interfaces. It is only fair to add that we are a long way from attaining them, because we must confront very hard problems in the represen­
tation and use of know ledge. 

KNOWLEDGE REPRESENTATION AND 
DATABASES 

John Mylopoulos 
Department of Computer Science 

University of Toronto 
Toronto , Ontario 

t'd like to draw a sketch of what "AI and Databases" 
means to me and then concentrate on some of the issues we have been addressing with our work at the University of 
Toronto. 

Knowledge bau1 VI. Databaua 

A knowledge base contains knowledge about something 
represented in a suitable notation. A database stores (large amounts of) data. In the case of databases, there is no com­mitment to an interpretation of the information stored in the database; for knowledge bases, on the other hand, there definitely is such a commitment. Thus a relational database stores tuples and one can ask "Is there a tuple x such that 
Q(x)!" Moreover, the answer to this question can only he "yes" or "no". With a knowledge base, however, we are stor­ing information about people, accounts, etc. and a query takes the form "Is there an employee x such that P(x )!". Now the 



answers can be "yes", "no" or "I don't know" (and there are 

other possibilities too). The distinction is actually quite clearly 

reflected in the terms that have been used for the notations we 

have developed in order to construct, manipulate and search 

databases and knowledge bases: a Data Model (such as the 

relational) offers a set of data structures and associated opera­

tions for the construction and manipulation of a database. A 

Knowledge Representation scheme or Conceptual Model offers 

tools for the representation and organization of knowledge. 

The first commits its user to a particular way of visualizing 

what is stored in a machine. The second to a particular way of 

viewing the world. The so-called "semantic data models" seem 

to offer the promise of a dual commitment. I consider this 

approach to the introduction of semantics wrong. Rather, I 

prefer the strategy of having a knowledge base at one level 

(the conceptual level) and a database at a different level (the 

logical level) . 

The dist inction I am drawing here is by no means abso­

lute. For example, proposals for the treatment of "null 

values" (e .g. [Vass iliou 81]), extensions of the Relational Model 

(e.g. [Codd 79]), or revisions (e .g. [Rei ter 83]) do lead to ver­

sions of the Relational Model that make some semantic com­

mitments. 

Technology Tran~fer : From AI to Databau~ 

There are three main ways I can see AI contributing to 

Database technology: 

I . In creasing the functionality of a DBMS - with natural 

language front ends, deductive quest ion-answering, con­

sistency checking, planning and the like; clearly this type 

of technology transfer is of importance to the DBMS user. 

2. Using ex pert system technology to help the d atabase 

builder- by offering expert systems which are fed informa­

tion on the characteristics of a database and generate 

autom atically or semi-automatically a database; here the 

beneficiary is the database builder who gets an apprentice 

(in the sense used by [Rich 81]). 

3. Using Knowledge Representation work to construct Con­

ceptual (rather than Data) Models - now the designer is 

helped in terms of notational tools so that he can first 

describe a knowledge base and then proceed with the con­

struction of one or more databases that implement the 

knowledge base. 

Technology Tran~fer : The Other Way 

So "our" knowledge bases are much better suited for 

talking about the world while "their" databases are clearly 

more implementable. Is there any reason for worrying about 

implementability! I think there is, and it's a pragmatic one. 

We have a technology that allows us to build knowledge bases 

whose size is , say, order IK. We need a technology that will 

allow us to build knowledge bases whose size is order lOOK. 

One (but not the only) obstacle in achieving this goal is perfor­

mance. Database research has developed tools to deal pre­

cisely with this issue, and it seems natural that we should turn 

to them for inspiration. I should add here that "turning to 

them" doesn 't necessarily mean adapting, say, relational or 
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DBTG technology. It may well happen that these technologies 

are obsolete, due to advances in hardware and communications 

research . But the research area that created these technologies 

seems to have an important role to play in dealing with 

perform ance issues for any new technology that tries to replace 

them. 

Apart from performance considerations , there are other 

features of database systems such as error recovery and con­

currency which are essential for the construction of robust 

knowledge base systems. 

Knowledge Repre~entation and Databau~ 

It follow s from this discussion that Knowledge Represen­

tation has a du al role to play in Database applications: 

(a) a direct role in providing ideas for the design of conceptual 

models, and 

(b) an indirect role in providing tools and met hodologies for 

the construction of ex pert systems that aid the designer 

and/ or user of a database . 

Much of our work at the University of Toronto has con­

centrated on the first role and overviews of our results appear 

in [Brachman and Smith 80], [Mylopoulos 81], [King 83]. 

S ome Reuarch luue~ 

AI, or more specifically Knowledge Representation, appli­

cations to Databases has raised fundamental research problems 

which must be tackled before there can be progress. Let me 

mention three such problems: 

1. Representation of Social Knowledge 

Much of the knowledge that is relevant to a large class of 

databases is social in the sense that it involves rules , regula­

tions and procedures for the operation of a social structure, 

e.g. a hospital , an office, a corporation. Such knowledge is 

fundam entally different from either (mathematically) logical 

knowledge or common sense knowledge. 

Consider, for example , a fact such as "Incoming patients 

must present their Hospital Insurance Number" which may be 

associated with a hospital admission system. Clearly, we do 

not want to treat its enforcement in the same way we would 

treat, say, "Every natural number has a successor" or the way 

we would treat the enforcement of, say, "Unless you know oth­

erwise, an elephant is grey" . 

Designing Knowledge Representation schemes which 

enforce social regulations such as the one above but in a flexi­

ble way appears to be a difficult and important research ques­
tion . 

2. Relativism of Representation 

The view that for any problem domain we can construct 

a knowledge base that presents a global (and consistent) 

viewpoint is wrong. Consider a large organization for which 

we are trying to build a knowledge base that describes its 

operations. It is possible, indeed likely, that each department 
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has its own view of what it and other departments are doing. 
Moreover, this view may be contradictory to the views of other 
departments. Our knowledge representation tools must allow 
us to construct a knowledge base consisting or a collection or 
interrelated and possibly contradictory views. 

3. Compilation of Knowledge Bases 
Even small database applications require hundreds of 

thousands of facts to be stored, accessed and manipulated. To 
build knowledge bases of comparable size, we must deal with 
perfo~mance issues, such as the compilation of a knowledge 
b~e mto a ?atabase along with applications programs (e.g. 
[N1xon 83]), mcremental compilation and efficient consistency 
checking, [Smith 81] . 

PRAGMATICS AND DATABASE QUESTION 
ANSWERING 

Bonnie Lynn Webber 
Department of Computer & Information Science 

University of Pennsylvania 
Philadelphia, PA 19104 

U.S .A. 

Artificial Intelligence research is fortunate to have data­
base systems around: otherwise, it would have had to invent 
them (and probably not do as good a job). This is not such an 
outrageous claim: database systems provide an ideal environ­
ment for investigating purely Al-type questions (formal reason­
ing, common sense reasoning, Natural Language (NL) use, 
including question answering and answer justification and 
explanation, NL understanding, etc.), independent of worldly 
domain. On the other hand, AI research in the context of 
database systems has already benefitted those systems in 
several ways, one of which is by making possible Natural 
Language input. This makes such systems more accessible to 
naive or infrequent users by allowing them to state their 
requests as they would everyday. 

AI can now benefit database systems in another way - by 
making possible system output that follows everyday conversa­
tional principles and practices. In this way, a user's normal 
expectation' about responses to his/her utterances and normal 
1trategiu for interpreting those responses will not fail him/her, 
when those responses come from a machine. 

Since this is only a brief position paper, I will try to make 
my point by means of a few short examples. Note that 
Natural Language is not the primary issue: . misleading or 
unexpected responses, even in the King's English, would be 
just as bad. What is at issue is standard conversational prin­
ciples and practices. My point is that AI can provide the 
means to enable database systems (and knowledge-based sys­
tems, in general) to follow such principles and practices and 
hence participate in more effective and satisfying interactions 
with their users. 

(In each of these examples, the first system response is of 
the kind one might see today: the second {equally correct) 
response is as it could be, were normal conversational practices 
and principles being followed.) 

Example 1 

U: Which department managers earn over S40K p~r year! 
S1: Abel, Baker, Charley, Dogg 
S2: All of them. 

By enumerating managers who do earn over $40K per year, 
the first response implicates that there are managers who don't 
earn that much. In linguistic pragmatics, this is called a 
"scalar implicature": it follows from the assumption that a 
cooperative respondent will say as much as s/he can. In this 
case, s/he would only enumerate positive instances if s/he 
couldn't say the more inclusive "All of them". Thus S1 falsely 
misleads a user, who assumes the system would say S2 if it 
were true. What AI can do here is to provide tools for (1) 
computing when such implicatures are in force (a peculiar 
thing about implicatures being their potential cancellability 
[Gazdar 79]) and (2) reshaping responses to accord with them. 

Example 2 

U: Where does the Ubu Roi stop on her current tour! 
S1: Bombay, Cape Town, Honolulu, Lisbon, Los Angeles, 

Nantes, New York, Sidney. 
S2: New York, Nantes, Lisbon, Cape Town, Bombay, Sidney, 

Honolulu, Los Angeles . 

Both responses S1 and S2 convey that the cities noted consti­
tute the stops on the Ubu Roi's current tour. However, an 
enumerated response to a question such as U's implicates that 
the enumeration corresponds to an expected ordering - in this 
case, temporal order- first stop, second stop, etc. Both SI and 
S2 will be interpreted in this way (SI, incorrectly so). What 
AI can do is specify such expectations, so that responses like 
S2 are produced if possible (i .e., if the system can determine 
the order of stops) and if not, an explicit denial is made that 
the user's expectations are not being met- e.g., 

S1 ': The stops are (not necessarily in this order): Bombay, 
Cape Town, Honolulu, Lisbon, Los Angeles, Nantes, New 
York, Sidney. 

The two examples above show systems g1vmg uninten­
tionally misleading responses by ignoring their standard impli­
catures. There are also cases where a system's responses are 
misleading because they do not disabuse the user or miscon­
ceptions s/he seems to have about the domain or its encoding 
in the databases. This may lead to the user's drawing false 
conclusions from the system's repsonse. This is what I meant 
earlier by the user getting an unexp~cted response: in coopera­
tive human-human interactions, the other party normally 
takes responsibility for helping wherever possible, ideally in a 
way that does not cause loss or face. 

-::he most common illustration or this type or misleading 
behaviOur comes from Kaplan's work in this area [Kaplan 81]. 

Example 9 

U: Which Economics students got an F in CIS531 in Fall '82! S: None. 

Someone asking such a question must believe, inter alia, that 
there were Economics students and that CIS531 was given in 



Fall '82. The system's simple response "None" may lead such 

a person to conclude that all Economics students got grades 
other than F - i.e., that they all passed. If "None" in truth 

follows from the fact that there were no such students or the 

course wasn't given, then the system has misled the user. 

There are many types of misconceptions a user may have 

- that a relation can hold between certain entities when it 

can't (e.g., "Which chickens teach CJS531!" presumes that 

chickens can teach graduate courses), that an object has a par­

ticular attribute when it doesn't (e.g., "What's the maximum 

age for opening a Money Market Account!"), etc . [Mays 80, 
Webber 83]. Not all such misconceptions can be detected, not 

all can be easily corrected, and not all make a difference to the 
system's ability to convey its information responsibly [Joshi 
82]. What· I believe AI can contribute here (and what several 

of us at Penn are working to do) is to improve a system's abil­

ity to detect and correct misconceptions detrimental to the 
successful tranfer of information from the database to the 

user , thereby increasing the system's potential for doing well 

by its users . 

One final note: the examples above presume no more of 

a database system than standard retrieval capabilities. How­

ever as database systems begin to take advantage of AI's 

deductive capabilities in order to provide answers to a wider 

range of questions, the issue of adhering to standard conversa­

tional principles and practices becomes even more important. 

Though I haven't the space here to elaborate upon this, the 
panel I hope will provide an opportunity to do so. 
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