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Abstract

In this paper we consider the processing of queries posed
over multiple information resources that advertise their
contents in terms of globally available, domain-specific on-
tologies. We describe a technique to identify the exact por-
tion of a user’s query that may not be answered by the set
of available information agents. This is achieved by rea-
soning over the advertisements of the agents relative to the
user’s query. Our technique is based on the realization that
the set difference of the queriesq1 andq2 may be computed
as a syntactic manipulation of the expressionsq1 andq2 for
a well defined subset of the relational algebra over a re-
stricted class of relational schemas. That is to say, one may,
without materializing data, take the expressions forq1 and
q2, apply the query difference formula to yieldq3, and be
guaranteed thatq3 is logically equivalent toq1 � q2. With
this Query Differenceoperator defined, the ability to com-
pute query intersection, subsumption and equivalence fol-
low. These claims are formally defined and proven and an
example from an online movie guide domain is provided.

In addition to the identification of missing resource
agents, we anticipate a number of other applications of the
Query Difference operator. This includes, but is not limited
to, limiting the generality of dynamically constructed user
queries, efficient query planning, and monitoring and con-
trolling access to sensitive information.

1 Introduction

The Internet and corporate intranets are currently
plagued by a potpourri of keyword-based, low-quality
search technologies. End-users are left with the daunt-
ing task of formulating complex search expressions to ob-
tain manageable results and are left uninformed about the
quality or coverage of any result. Efforts in electronic
commerce, structured document standards, such as XML,
and structured source description standards, such as RDF,

demonstrate how to provide conceptual structure to net-
worked information sources with little or no maintenance
overhead at the source. As a result, Internet-based access to
conceptual data is rapidly becoming a reality. This concep-
tual structure will enable users to construct focused infor-
mation requests and will let data providers construct accu-
rate content advertisements. Yet little has been said about
how the quality or coverage of a “result” may be computed
and conveyed to a user of Internet-style applications. This
paper presents the notion of aquery differenceoperator that
provides a mechanism for computing quality and coverage
claims on queries posed over collections of networked in-
formation sources.

Conceptual access to networked information sources is
accomplished by using dynamic ontologies to describe the
expectations of a domain. Adomain ontologyprovides a set
of concepts over which users may query and data providers
may advertise. Autonomous distributed software agents
carry out processing tasks and interact using concepts from
the domain ontology. For example one agent represents the
user, another agent brokers the user request to a set of ap-
plicable resources. Resource agents are responsible for a
particular data resource or set of resources. Specialized
agents carry out more complex tasks, such as active mon-
itoring across sets of resources for complex patterns. To the
user, queries and advertisements have simple natural lan-
guage equivalents. The InfoSleuth1 project (Figure 1)[2] at
MCC represents one of the first wide scale efforts to deliver
this type of capability.

When a user asks a query over a large number of dy-
namic, distributed information resources, the user will need
to be notified when their query, or part of their query is not
answerable. For example if a user requests, ‘Give me the
list of cardiac Pediatricians in Austin, Dallas, or Houston’,
then the answer, ‘Smith in Houston, Johnson in Dallas, but
there are no resources providing data on doctors in Austin’
is accurate, but, in the same situation, ‘Smith in Houston

1The InfoSleuthTM Project (http://www.mcc.com/projects/infosleuth) is
an R&D project at MCC that is supported by various industrial and gov-
ernment sponsors.
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Figure 1. InfoSleuth’s Architecture

and Johnson in Dallas’ is misleading. The user may leave
with mistaken interpretation that their are no cardiac Pe-
diatricians in Austin, while what is actually missing is the
information resource agent that provides such information.

1.1 Organization of this paper

Section 2 of this paper gives pertinent background work.
Section 3 presents and proves the correctness of the query
difference formula and discusses techniques to simplify
query expressions. Sections 4 compares this work to prior
work and proposes some future directions and additional
applications of the query difference operator.

2 Background

Internet-style information applications are characterized
by:

� Very large numbers of information sources (potentially
thousands or more).

� No formal model of control, administration, or regis-
tration of information sources.

� Dynamic availability of sources and evolving content
available from any one source.

Such systems require techniques beyond the scope of
federated database systems, where a global schema is de-
cided a priori, but no additional databases are allowed to
join unless their schemas exactly match the global schema
and the centralized system is reconfigured. Heterogeneous
databases, where a merge of the schemas of the participat-
ing databases becomes the global schema, lead to confus-
ing, hard to maintain global schemas. Data warehousing
technologies which, at fixed times and over fixed resources,
simply aggregate data in a central repository, may not ulti-
mately scale up to the Internet. In agent based distributed
informations systems it is an ontology model that is pri-
mary. All queries and all information sources are mapped

as views on this globally available domain model. Dis-
tributed software agents, sharing the ontology as common
knowledge, give the overall system greater degrees of fault-
tolerance and dynamism than previous approaches.

However before such systems may be widely used, a set
of cooperative techniques must be employed to avoid mis-
leading interpretation of system answers. For example, sim-
ilar to asking a question of multiple people with unknown
quality of belief, when users asks a query over multiple data
resource agents they would like to know where the agents
agree, disagree, or do not know. If many agents agree on
a particular data value, and the user is made aware of this
agreement, the user will have more confidence in the re-
sult. If there are differences in belief, then the user may
decide which value to believe based on their judgment of
the reliability of the various agents. The straight forward
approach to the problem seems to suffice. That is, simply
mark each answer tuple with the source from which it came
and let the user quickly browse answers by source to enable
quick cross-referencing.The problem we focus on here is
what happens if no available agent can answer the query
(or, more importantly, part of the query).The user would
like to know which additional agents, or what additional in-
formation, would be required to fully answer their query.

The technique to solve this problem is based on the real-
ization that the set difference of the queriesq1 andq2 may
be computed as a syntactic manipulation of the expressions
q1 andq2 for a well defined subset of the relational algebra
over a restricted class of relational schemas. That is to say,
one may, without materializing data, take the expressions
for q1 andq2, apply the query difference formula to yield
q3, and be guaranteed thatq3 is logically q1 � q2. With
query set difference handled, the ability to compute query
intersection, subsumption and equivalence follow.

As a simple example considerq1 being the query“Give
the show times in Austin for G or PG-13 movies with 4 or
5 star evaluations”andq2 being the query“Give the show
times in Austin or San Antonio for PG-13 or R movies with
3 or 4 star evaluations.”The logical result ofq1 � q2 is
the query“Give show times in Austin for G movies with
4 or 5 star evaluations plus show times in Austin for PG-
13 movies with 5 star evaluations.”Similarly, q1 \ q2 is
“Give show times in Austin for PG-13 movies with 4 star
evaluations.”Clearly neither query subsumes the other, nor
are they equivalent. Note that ifq1 was the user’s query, and
q2 was what the system knew, thenq1� q2 is the part of the
user’s query that is not covered by the system.

2.1 Application Example

The examples used in this paper assume a simple ver-
sion of InfoSleuth system, but the basic approach should
be applicable to a wide class of distributed information sys-
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tems. In InfoSleuth2 a user, through their user agent, is-
sues a query relative to a common domain ontology. This
query is passed to a query agent, that, after consulting with a
broker agent that possesses resource agent advertisements,
decides the set relevant resource agents. The query agent
sends these resource agents parts of the query, waits on re-
sults from these resources, fuses these results into an answer
to the original query. These results are then passed back to
the user, via the user agent.

Consider the domain ontology (or schema) for a simple
online movie, review, and show-time system3.

Movie(title, year, type)
Show(title, theater, time, city)
Review(title, source, eval)

Now consider that we have resource agents advertising
information that they are able to provide over this ontol-
ogy. For example one agent declares that it knows all about
action movies made between 1970 and 1998. Another re-
source agent states that it has all the reviews ever made
by Gene Siskel. Still another resource advertises that it is
aware of the movie showings in Austin. A resource may in-
clude conditions in its advertisements external to the actual
data it holds. For instance an agent may claim to have all
the show times in Austin for the Movies that Ebert reviewed
in the last ten years.

It is easy to envision many thousands of resource agents
distributed over the Internet, dynamically coming and go-
ing, each claiming coverage over part of this ontology.

An assumption that underlies all the algorithms in this
paper is that domain ontology may be viewed as a unique
Universal Relation[16][17][7][12]. This is true for the ex-
ample movie schema and this Universal Relation appears in
table 4.

Note that this assumption does not imply that a Universal
Relation is actually used to model ontologies4 or for query
processing. The Universal Relation assumption is merely
a convenient way of stating the constraints on the validity
of our results and it simplifies our proofs. The query dif-
ference operator, defined in the next section, is applicable
if the ontology can be viewed as a collection of relations
(classes), for which a unique spanning tree of natural joins
exist. The classes may include specialization subclasses, as
long as the resulting graph is acyclic.

2The definition of InfoSleuth here is a gross simplification of the actual
InfoSleuth system. However, although it leaves out discussion of ontology
creation and management, image, free text, web-page, and object data,
complex event detection, the intricacies of agent engineering and value
mapping, it does capture enough of the spirit of the system for discussion
here. We refer the reader to [2][8] for an in depth discussion of InfoSleuth.

3This example is based on the example used in [9].
4In fact, in InfoSleuth ontologies are represented and exchanged using

the OKBC [4] formalism.

3 Query Analysis

3.1 Definitions and Assumptions

Assume a set of relationsR whereR = R1; :::; Rm and
Rmay be expressed as a Universal Relation. In our example
the sub-relations arefMovie; Show;Reviewg. Tables 1-
3 shows the state of these tables for our simple example.
In Table 4 appears the resulting Universal RelationR =

ftitle; year; type; theater; time; city; source; evalg.
A query is represented as a relational algebra expression

of the form�X�c1^:::^cn whereX identifies a set of at-
tributes that make upR5. The conditionsc1; :::; cn are sim-
ple, non-join conditions. Note that the universal relationR
is the “relation” that these queries are applied over. Because
this is always the case, “R” is omitted from the notation. So
the query retrieving all the show times for horror films play-
ing in Austin is:

�Show�Movie:type=horror^Show:city=Austin

The tuple� is a row in the Universal Relation, padded, if
necessary, with possible null values. The example Universal
Relation in Table 4 shows 7 tuples.

The tuple� (or more likely a part of� ) may be in an
answer to a query, in which case we shall write�X� 2
�X�C1^:::^Cn

. For example assume that�1 is theStar Wars
tuple in table 4, then�Movie�1 2 �Movie�city=Austin. For
the time being we shall adopt a closed world assumption.
That is if a tuple has a NULL value for an attribute, then a
simple positive condition on that attribute will evaluate to
false. For example�Movie�1 =2 �Movie�eval=fivestar . A
simple negative condition will evaluate to true on a NULL
value. For example�Movie�1 =2 �Movie�eval 6=fivestar
evaluates to true.

As a basic definition6 of projections over tuples of our
Universal Relation, we have:
�X� 2 �X�c1^:::^cn ) �Y � 2 �Y �c1^:::^cn, if Y � X
and:
�X� 2 �X�c1^:::^cn ) �Y � 2 �X�c1^:::^cn , if Y � X
and:
�X� 2 �X�c1^:::^cn ) �X� 2 �X�C , if
C � fc1; :::; cng.

So for example, if�Movie;Show�1 2
�Movie;Show�year=77^type=SciF i^city=Austin, then,
�Movie�1 2 �Movie;Show�type=SciF i^city=Austin.

The set difference and set union operators of the standard
relational algebra are applied to “union-compatible” rela-
tions - i.e.R�S orR[S only make sense ifR andS have

5For notational convenience we will often use�Ri to denote
�a1;a2;:::;ak wherea1; a2; :::; ak are the attributes of the sub-relation
Ri. That is we may project over sub-relations in addition to over individ-
ual attributes

6Note that under this definition of ’�X� 2 �Y �C ’ the projectionX
andY are not necessarily “union-compatible”.
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title year type

Star Wars 77 SciFi
Empire SB 80 SciFi
Rtrn Jedi 83 SciFi
Annie Hall 77 Comedy

Table 1. Contents of the Movie relation.

title theater time city

Star Wars Gateway 10pm Austin
Empire SB Gateway 11pm Austin
Empire SB Bruin 9pm LA
God Father Gateway 9pm Austin

Table 2. Contents of the Show relation.

title source eval

Rtrn Jedi Siskel up
Clock Orange Ebert up

Table 3. Contents of the Review relation.

Movie Show Review
title year type theater time city source eval

Star Wars 77 SciFi Gateway 10 pm Austin NULL NULL
Empire SB 80 SciFi Gateway 11 pm Austin NULL NULL
Empire SB 80 SciFi Bruin 9 pm LA NULL NULL
Rtrn Jedi 83 SciFi NULL NULL NULL Siskel up
Annie Hall 77 Comedy NULL NULL NULL NULL NULL
God Father NULL NULL Gateway 9pm Austin NULL NULL
Clock Orange NULL NULL NULL NULL NULL Ebert up

Table 4. An instance of the universal relation.
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equivalent sets of attributes. Here these notions are general-
ized to enable the union and difference over non “union-
compatible” relations. The corresponding operations are
super-imposition� and difference	.

Definition 1 (Super-imposition)�a� 2 �X�c1^:::^cn �
�Y �c0

1
^:::^c0

n0

iff
�a� 2 �X\Y �c1^:::^cn _ �a� 2 �X\Y �c0

1
^:::^c0

n0

for
a 2 X \ Y

�a� 2 �X�Y �c1^:::^cn for a 2 X � Y
�a� 2 �Y�X�c0

1
^:::^c0

n0

for a 2 Y �X

Definition 2 (Difference) �a� 2 �X�c1^:::^cn 	
�Y �c0

1
^:::^c0

n0

iff
�a� 2 �X�c1^:::^cn ^ �a� =2 �Y �c0

1
^:::^c0

n0

for
a 2 X ^ a 2 Y

�a� 2 �X�c1^:::^cn for a 2 X ^ a =2 Y

For an intuition of these definitions consult tables 5-8.
Tables 5 and 6 show the results of 2 simple queries over
the Universal Relation in Table 4. Table 7 shows the super-
imposition of these queries. Table 8 shows the difference
of these queries. Please note that query super-imposition,
when materialized, results in an outer-join of the material-
izations of the input queries. The query difference operator,
however, does not correspond to a single operation of rela-
tional algebra on the input materializations. The definition
of this operator follows.

3.2 The Query Difference Operator

Here follows the main result of this paper. This theorem
says that for the simple relational algebra queries of the type
proposed, one may solve for query difference by manipulat-
ing query expressions directly.

Theorem 1 (Query Difference Formula)
�X�c1^:::^cn 	�Y �c0

1
^:::^c0

n0

=

�X\Y �c1^:::^cn^:c01 � :::��X\Y �c1^:::^cn^:c0
n0

�

�X�Y �c1^:::^cn

Proof:
First we shall prove soundness: That is if�a� 2

�X\Y �c1^:::^cn^:c01 � ::: � �X\Y �c1^:::^cn^:c0
n0

�

�X�Y �c1^:::^cn then�a� 2 �X�c1^:::^cn and�a� =2
�Y �c0

1
^:::^c0

n0

for a 2 X^a 2 Y and�a� 2 �X�c1^:::^cn
for a 2 X ^ a =2 Y .

We shall conduct the proof term by term.
Assume that�a� 2 �X\Y �c1^:::^cn^:c0i for an arbi-

trary i - in such a case we knowa 2 X ^ a 2 Y . Let
us now assume that�a� 2 �Y �c0

1
^:::^c0

n0

. This would
mean that�a� 2 �Y \X�c0

1
^:::^c0

n0

. But this violates our

assumption,�a� 2 �X\Y �c1^:::^cn^:c0i . Hence,�a� =2
�Y �c0

1
^:::^c0

n0

. It is also clear that�a� 2 �X\Y �c1^:::^cn
this finally establishes that�a� 2 �X�c1^:::^cn for a 2 X
anda 2 Y .

Assume that�a� 2 �X�Y �c1^:::^cn. Clearlya =2 Y
anda 2 X . Hence we may write�a� 2 �X�c1^:::^cn for
a 2 X ^ a =2 Y .

Taking both together we have shown soundness of the
difference formula.

Now we shall prove completeness: That is if�a� 2
�X�c1^:::^cn and�a� =2 �Y �c0

1
^:::^c0

n0

for a 2 X^a 2 Y

or if �a� 2 �X�c1^:::^cn for a 2 X ^ a =2 Y then
�a� 2 �X\Y �c1^:::^cn^:c01�:::��X\Y �c1^:::^cn^:c0

n0

�

�X�Y �c1^:::^cn
The proof shall be by the two cases: If�a� 2

�X�c1^:::^cn and�a� =2 �Y �c0
1
^:::^c0

n0

for a 2 X ^ a 2

Y then for somec0i, �a� 2 �X\Y �c1^:::^cn^:c0i , be-
cause:9c0i�a� 2 �X\Y �c1^:::^cn^:c0i ) �a� 2 �X\Y

�c1^:::^cn^c01^:::^c0n0

) � 2 �X\Y �c0
1
^:::^c0

n0

which vio-
lates the assumption�a� =2 �Y �c0

1
^:::^c0

n0

for a 2 X ^a 2

Y . Hence all cases wherea 2 Y will be covered by a term
on the right-hand side of the difference formula.

If �a� 2 �X�c1^:::^cn anda =2 Y , then it is trivially
true that�a� 2 �X�Y �c1^:::^cn. Hence all cases where
a =2 Y will be covered by a term on the right-hand side of
the difference formula.

Thus it has been shown that the query difference is both
sound and complete.�

Take our simple example from before. Fol-
lowing the query difference theorem we compute
�Movie�type=SciF i 	 �Show�city=Austin equal to
�title�type=SciF i^:city=Austin � �year;type�type=SciF i.
If you apply this query to the Universal Relation in Table 4
you obtain the results in Table 8.

The following theorem generalizes the results of the pre-
vious theorem to include compound queries. That is queries
consisting of a set of the simple relational algebra queries
super-imposed.

Theorem 2 (Query Difference is distributive over com-
pound queries)
(q1� q2)	 (q3� q4) = ((q1	 q3)	 q4)� ((q2	 q3)	 q4)

Proof:
omitted for the sake of brevity.�

Because	 is sound and complete one may reliably com-
pute query differences. In addition one may use this op-
eration to compute subsumption and intersection between
query expressions. Subsumption is easy. If queryq1	 q2 =
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Movie Show Review
title year type theater time city source eval

Star Wars 77 SciFi
Empire SB 80 SciFi
Rtrn Jedi 83 SciFi

Table 5. Query 1: �Movie�type=SciF i

Movie Show Review
title year type theater time city source eval

Star Wars Gateway 10 pm Austin
Empire SB Gateway 11 pm Austin
God Father Gateway 9pm Austin

Table 6. Query 2: �Show�city=Austin

Movie Show Review
title year type theater time city source eval

Star Wars 77 SciFi Gateway 10 pm Austin
Empire SB 80 SciFi Gateway 11 pm Austin
Rtrn Jedi 83 SciFi
God Father Gateway 9pm Austin

Table 7. Query 1 and Query 2 super-imposed: �Movie�type=SciF i ��Show�city=Austin

Movie Show Review
title year type theater time city source eval

77 SciFi
80 SciFi

Rtrn Jedi 83 SciFi

Table 8. Query 1 ’minus’ Query 2: �Movie�type=SciF i 	�Show�city=Austin
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; thenq2 subsumesq1. Subsumption is important for deter-
mining if the query is fully covered by resource agent adver-
tisements. Intersection is also easyq1\q2 = q1	(q1	q2).
Intersection may be used to decide minimal queries with re-
spect to resource agents. Finallyq1 andq2 are equivalent iff
q1 	 q2 = ; andq2 	 q1 = ;.

The above formulas lead to the following process for
computing query coverage and the identification of missing
resources in a network of information sources:

� Advertisements : Let A = fq1; q2; : : : qng be the
set of advertisements from resource agents. That is,
each resource agent’s advertisement is one or more
queries expressing its content coverage.

� User Query : Let qu represent a user’s query to the
system.

� Query Analysis : Let qx = qu 	 A = (: : : (qu 	
q1) : : :	 qn).

� Query Coverage : The expressionqx is the part of
the user’s query that is unanswerable, or incomplete,
over the current set of resources.

3.3 Query Simplification

In the worst case, the subtraction ofk simple queries,
each with exactlyn conditions, from an initial simple query
may yield a compound query expression withnk terms. Al-
though it should be noted that this worst case is only re-
alized when thenk simple conditions are all on different
attributes. In practice many terms are unsatisfiable and sim-
ply cancel out.

However because of dire worst case query lengths7, it
is necessary to apply as many simplifications to the query
expression as possible. We shall now assert the set of sim-
plification rules that will allow us to reduce the number of
terms in a query expression.

Theorem 3 (Absorption)�X�C ��Y �C0 = �Y �C0

if �Y � 2 �Y �C ) �Y � 2 �Y �C0 andX � Y .

�Show�city=Austin^time<9pm �
�Movie;Show�city=Austin �
�Movie;Show�city=Austin.

Theorem 4 (Horizontal Merge) �X�C � �Y �C =

�X[Y �C

�Show�city=Austin � �Review�city=Austin �
�Show;Review�city=Austin.

7Natural language descriptions of the queries might also be presented
to users. In presenting such descriptions it would be advantageous to min-
imize the number of query terms[15].

Theorem 5 (Vertical Merge)�X�C^ci � �X�C^ca =

�X�C^ck whereci _ ca may be written as the simple con-
dition ck.

�Show�city=Austin^time<9pm^theater=Dobie �
�Show�city=Austin^time<9pm^theater=Gateway �
�Show�city=Austin^time<9pm^theater=Gateway_Dobie .

Proofs:
omitted for the sake of brevity.�

We conjecture that these three axioms are complete with
respect to simplifying compound query expressions.

3.4 Limitations

There are caveats8 to the blind use of the Query Dif-
ference Operator. One must be careful when simplifying
the terms in resulting query expressions. Consider com-
puting �people�work=MCC 	 �people�work 6=MCC .
The query difference operator yields the result
�people�work=MCC^:(work 6=MCC). Note that because a
person may work for more than one company, this result
is not equal to simply�people�work=MCC . In fact the
expressionwork = MCC ^ :(work 6= MCC) is long
hand way of specifying universal quantification, meaning
that matching tuples work forMCC only.

A strategy to adopt in these simplifications is to only al-
low the negation to distribute over the condition when the
attribute that is the subject of the condition is functionally
determined by the projection set of the query. In the fi-
nal analysis, when relational algebra queries are translated
to SQL, embedded queries may need to enforce universal
quantification.

3.5 Example

In this section we shall demonstrate the results of this
system as implemented in a simple prototype. We have
tested some very large, complex examples in this system
with reasonable results and performance. The example
here, however, is for illustration purposes.

Table 9 shows the advertisements for the example. There
are 2 real resources here and 1 virtual resource which is
used to enforce an integrity constraint9. Tables 10,11, and
12 show the results obtained for three different queries. Ta-
ble 10 shows a complete query plan for the user’s query,
whereas Tables 11 and 12 only show the explanation of
what additional information is needed.

8This section is expected to grow as we experiment more with the sys-
tem and get feedback from the community.

9Our apologies to silent film fans.
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TextBook
�Movie;Review

�Movie:type2fdrama;comedyg^Movie:year<1983^Movie:year>1927

“Movie information and reviews for all the drama and comedy films
made between 1927 and 1983.”

Catalog
�Movie

�Movie:type2faction;documentary;drama;comedyg^Movie:year<1999^Movie:year>1955

“Movie information for all the action, documentary, drama,
and comedy movies made between 1955 and 1999.”

VOID
�Movie;Review;Show�Movie:year<=1927 �
�Movie;Review;Show�Movie:year>=1999

“All films made after 1927 and before 1999”

Table 9. Resource agent advertisements in simple example.

USER QUERY
�Movie�Movie:year<1960^Movie:year>=1930

“Give me all movie information for films
made in the thirties, forties, or fifties.”

Query toTextBook
�Movie�Movie:type2fdrama;comedyg^Movie:year<1960^Movie:year>=1930

Query toCatalog
�Movie�Movie:type2faction;documentary;drama;comedyg^Movie:year<1960^Movie:year>1955

Explanation of Incompleteness
�Movie�Movie:year<1960^Movie:year>=1930^=2faction;documentary;drama;comedyg �

�Movie�Movie:year<1955^Movie:year>=1930^=2fdrama;comedyg

“No movie information for non-drama and non-comedy films
made between 1930 and 1955.

Also no movie information for non-action, non-drama, non-comedy, and
non-documentary films made between 1930 and 1960.”

Table 10. Full plan and explanation of missing data for first query
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USER QUERY
�Movie;Review�Movie:type2fdramag

“Give me movie information and reviews for all dramas.”

Explanation of Incompleteness
�Review:source;Review:eval�Movie:type2fdramag^Movie:year<1999^Movie:year>=1983

“There is no review information for dramas made after 1982.”

Table 11. Explanation of missing data for second query

USER QUERY

�Movie;Review�Movie:type2fdrama;documentaryg^Movie:year>=1950^Movie:year<1960

“Give me all the movie information and reviews for all
the dramas and documentaries made in the 1950’s.”

Explanation of Incompleteness
�Movie:year;Moview:type;Review:source;Review:eval�Movie:type2fdocumentaryg^Movie:year>=1950^Movie:year<1955 �

�Review:source;Review:eval�Movie:type2fdocumentaryg^Movie:year>=1955^Movie:year<1960

“There in no movie or review information for documentaries
made between 1950 and 1955.

There is no review information for documentaries made between 1955
and 1960.”

Table 12. Explanation of missing data for third query
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4 Comparison to Previous Work and Future
Directions

There has been a great deal of work dealing with the op-
timization of relational algebra expressions. To our knowl-
edge none of this work has used a DeMorgan type trans-
forms to directly solve query difference at a syntactic level.
This is in large part because we have made a Universal Re-
lation assumption whereas work in traditional query opti-
mization has assumed that the schema is in a less restrictive
form.

Work in description logics[6] has relied heavily on deter-
mining query containment. The heart of these systems con-
sist of structural comparison algorithms which, after con-
verting concept expressions to a normal form, determine,
on a piece by piece basis, whether one concept subsumes
another. However, because of interactions between sub-
patterns, these algorithms are generally incomplete.

The notion of determining validity and completeness in
relational databases has been explored in [14] and [5]. The
question of whether a query is valid (contains only correct
information) or complete (contains all information) is com-
puted through a process of rewriting the user’s query over
predefined valid or complete views.

Recently[9] considered the problem of obtaining com-
plete answers from incomplete databases. This problem is
addressed by viewing it as a case of the problem of indepen-
dence of queries from updates. By doing so, the problem of
determining if a query answer is complete may be computed
by relying on a prior technique (see [10]). Although the is-
sue of whether a given query may be completely covered
by a set of complete databases is addressed, the issue of
explaining that portion of the query that is responsible for
the incompleteness is not addressed. In the context of this
paper this translates into determining whether a query is an-
swerable, in its totality, over a set of advertised, complete
databases.

The SIMS project[1] has addressed the issue of incom-
plete queries by leveraging LOOM’s [11] classifier. Again,
this is based on the notion of query containment, and aside
from identifying the class that is missing information, there
is no capability to explainexactlywhat portion of the query
is responsible for the incompleteness.

There has been work on the notion of residues in the con-
text of Semantic Query Optimization in deductive databases
[3]. A residue is the “interaction” of an integrity constraint
and an intensional axiom. Such residues are used to speed
up query processing.

4.1 Future Applications and Research

Presuming that a common knowledge ontology may be
converted to a universal relation, and assuming that resource

agent advertisements and user queries are either simple or
compound queries of the relational algebra form defined
above, several immediate practical possibilities follow.

The queries sent to resources are logically the intersec-
tion of the user query with what the resource agent claims
to know. This means that queries sent to resources are log-
ically minimal. Hence query difference may be useful to
plan queries where the result is anouter joinof the queries
sent to all of the resources.

In all information systems there is the perennial danger
that the user will ask a very broad query, which will return
a very large number of answers. For example, “Give me
all show information (for all theaters in the U.S.)”. Giving
novice users the ability to compose arbitrary queries, such
as in the TQML[13] formulator, accentuates this problem.
We propose here that a system administrator define a set of
Maximally General Queries (MGQ). The user would only
be allowed to ask queries that are subsumed by a query in
the MGQ set. If the user’s query is not subsumed by any
queries in the MGQ, the user would be asked to be more
precise, and might even be assisted by being given the set
of MGQ query intersections with their query.

The ability to compute query intersections may be
used to determine if users are accessing sensitive informa-
tion. For example a parent may wish to insert the pattern
�Movie;Show;Review�Movie:type=adult into the system and
be informed when their child retrievesany information in-
tersecting with this pattern. Likewise the parent may spec-
ify that such a query will always be subtracted from a query
that their child composes.

If the keys from one relation are contained in the other,
then we are able to propagate the constraints of the former
onto the initial. Through this technique we may make ad-
vertisements more precise.

The query difference operator may also be used to iden-
tify resource agent overlaps in data, and hence be the han-
dle on cross checking data belief among a set of resource
agents.

This paper has assumed agents are making closed world
claims over the domain ontology. In the future we shall ex-
plore different assumptions. An advertisement might be an
open worldclaim. It could be accompanied by a certainty
measure. In the final analysis there may be a set of different
types of claims an agent may make. Building an architec-
ture that could accommodate these types of claims, supple-
mented with the Query Difference Operator may move us
closer to the reality of distributed cooperative information
systems.

5 Conclusions

This paper has provided a solution to the problem iden-
tifying the exact portion of a user’s query that is not an-
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swerable over a set of resources agent advertisements. The
Query Difference Operatoris used at the heart of the algo-
rithm that makes this calculation. Though the query differ-
ence operator may only be used for a subset of the relational
algebra over the set of schemas that may be expressed as a
Universal Relation, we believe that this covers a set of real
world problems. Through using the query difference op-
erator, the relational algebra becomes a “natural” algebra -
one may solve query equations for unknowns. We antici-
pate that work over the coming period will further clarify
exactly which systems may be treated with the query dif-
ference operator, and what techniques may be employed to
approximate more complex systems so that the query dif-
ference operator may be applied to these systems as well.
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