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Abstract

This work deals with the implementation of a logical
model of Information Retrieval. Specifically, we present al-
gorithms for document ranking within the Belief Revision
framework. Therefore, the logical model that stands on the
basis of our proposal can be efficiently implemented within
realistic systems. Besides the inherent advantages intro-
duced by logic, the expressiveness is extended with respect
to classical systems because documents are represented as
unrestricted propositional formulas. As well as represent-
ing classical vectors, the model can deal with partial de-
scriptions of documents. Scenarios that can benefit from
these more expressive representations are discussed.

1 Introduction

The actual applicability of logical models of Informa-
tion Retrieval (IR) to the construction of practical systems is
controversial. In this work we implement document ranking
within a logical framework, contributing this way to show
that IR systems can be based on logical models. More-
over, such systems can benefit from the management of in-
complete descriptions, which is an inherent characteristic
of logic. Generality and formalization of well-known IR
notions are additional advantages of the use of logic for IR.

Documents rarely fulfil queries in a complete way.
Therefore, a realistic logical model for IR should not de-
cide relevance using the classical entailmentd j= q. Basi-
cally, classical entailment is too strong and cannot represent
partial relevance [12]. Classical entailment represents the
notion of logical consequence, i.e� j= � holds iff � is sat-
isfied in all the interpretations satisfying�. Van Rijsbergen
[19] showed that any logical approach should quantify rele-
vance taking into account the minimal change that must be
done in order to establish the truth of the entailment. Sev-
eral approaches have followed this line of research and re-
cent compendia can be found in [3, 13]. Among several
alternatives, we focus here on the framework proposed in

[16], where Belief Revision (BR) techniques were used for
quantifying relevance between documents and queries. Un-
fortunately, a direct implementation of the model proposed
in [16] would require exponential time to decide relevance.
Then, in this work we present an implementation of doc-
ument ranking within the BR model whose computational
complexity is reduced with respect to the direct application
of [16]. This way, the actual applicability of the theoretical
framework described in [16] is ensured.

Besides classical representation of documents, i.e. sets
of terms, more expressive representations are introduced.
Consequently, one can build more expressive IR systems
having efficient procedures for computing similarity. Those
partial representations are very helpful to include retrieval
situations in the model [15]. Furthermore, representing doc-
uments with general propositional formulas can improve
precision, specially in specific domains. From the algo-
rithms presented in this paper, one can also extract an analy-
sis of the tradeoff between the expressiveness of documents
and queries and the efficiency of the system.

The rest of the paper is organized as follows. Section
2 presents how the BR framework was used in [16] to ob-
tain a similarity measure. Section 3 shows the algorithm
developed for the case when documents and queries rep-
resent sets of terms and the algorithm that can deal with
more expressive documents and queries. Section 4 depicts
the performance results of some experiments we have done
with the algorithms. Some points of discussion and future
lines of work are presented in section 5. The paper ends
with some conclusions.

2 A similarity measure using Belief Revision

Belief Revision addresses the problem of accommodat-
ing a new piece of information into a knowledge base. A
key issue within the BR theory is to keep consistency in
the knowledge base when contradicting new information ar-
rives. A BR operator has to establish a method for selecting
the information that must remain after the arrival of con-
tradicting information. ThePrinciple of Minimal Change



states that as much old information as possible should be
preserved. This principle stands on the basis of any rea-
sonable revision operator. Model-based approaches to BR
establish an order among logical interpretations. Next we
briefly sketch the similarity measure based on BR described
in [16].

First, we present some preliminaries. In this paper we
focus on propositional languages. The propositional alpha-
bet is denoted byP . Interpretations are functions from
the propositional alphabet,P , to the setftrue; falseg. A
model of a formula is an interpretation that makes the for-
mula true andMod( ) denotes the set containing all the
models of the formula . The symmetric difference be-
tween two setsA andB, A 4 B, is defined asA 4 B =(A [B) n (A \ B), wheren is the regular set difference.

Dalal’s revision operator [4] defines the difference be-
tween two interpretations as the set of propositional letters
on which they differ.Diff(I; J) = fp 2 PjI j= p iff J j= :pg

Then, a measure of distance between interpretations, can
be obtained from the number of differing propositional let-
ters.Dist(I; J) = jDiff(I; J)j.

In the following we represent an interpretation by the set
of propositional letters that it maps into true. Therefore,the
difference between two interpretations can be computed us-
ing the symmetric difference between their respective sets.

The distance between the set of models of a formula 
and a given interpretationI is defined as the distance fromI to its closest interpretation inMod( ):Dist(Mod( ); I) = minM2Mod( )Dist(M; I)

Given a formula , an order between interpretations can
be derived from the closeness of each interpretation to the
set of models of the formula . That is, for any formula ,
Dalal’s total pre-order� is defined as:I � J iff Dist(Mod( ); I) � Dist(Mod( ); J)

Given a theory to be revised with a new information�,  ÆD � denotes the theory revised by Dalal’s operator.
The models of the revised theory are the models of the new
information that are the closest to the theory:Mod( ÆD �) =Min(Mod(�);� )

This framework was applied to IR as follows. Each
propositional letter of the alphabetP represents one index
term. Queries are modeled as propositional formulas that
in the BR framework play the role of theories. Documents
are propositional formulas and play the role of new infor-
mations. Thus, following Dalal’s development, a notion of
closeness to the query can be obtained within the revisionq ÆD d. If a document is represented by a formula that has
only one model, each document can be identified by its only
model, and the measure of distance from the model of the
document to the set of models of a query can be regarded as
a measure of distance from the document to the query itself.

With partial document representations, documents have
several models. The measure of distance from the document
to the query is the average of the distances from each model
of the document to the set of models of the query.distane(d; q) = Pm2Mod(d) dist(Mod(q);m)jMod(d)j

Note that the situation described before, when a docu-
ment is identified by its only model is a particular case of
the previous formula. A similarity measure,BRsim, can
be directly defined fromdistane by normalization. Some
examples of the computation of this measure can be found
in section 3.

In [16] a restricted document representation was pro-
posed in order to get some equivalences with classical mea-
sures. Specifically, a classical vector with binary weights
was modeled as a conjunction of propositional letters where
each letter of the alphabet appears, either positive or nega-
tive. In this case document representations have only one
model andBRsim is equivalent to the inner product query-
document similarity measure. Partial representations of
documents have more than one model. It is in this general
case, when the logical model implies a significant improve-
ment respect to classical models because a greater expres-
siveness of the representations is achieved.

3 Implementing Document Ranking

The translation of model-based BR approaches into ef-
ficient algorithms has been a problem of great concern in
the BR community. In general, it has become hard to de-
velop efficient algorithms for solving large problems. In [8]
a lower bound for knowledge base revision was identified:
base revision is at least as hard as deciding propositional sat-
isfiability, which is a well known NP-Complete problem. In
fact, Dalal showed [4] that his revision is an NP-Complete
problem and provided a method for computing it. How-
ever, some studies have demonstrated that restricted prob-
lems can be solved within limited bounds [2]. Liberatore
and Schaerf [14] identified reductions from circumscription
into BR and vice versa. However, to rank documents we
need the distances used within the BR process and the re-
duction to a circumscription problem produces directly the
final formula of the revised theory.

A direct translation of Dalal’s revision into an algorithm
requires a table of symmetric differences between all the
models of the theory and all the models of the new infor-
mation. This computation takes exponential time. Then,
even when the document has only one model, all the mod-
els of the query have to be computed. On the contrary, the
algorithms presented in this work do not compute all the
models of the theory and the new information. The basic
assumption is that both query and document have to be ex-
pressed in disjunctive normal form (DNF). A DNF formula



has the form1 _ 2 _ : : : where eachj is a conjunctionl1 ^ l2 ^ : : :, where eachlj is a literal, i.e. a propositional
letter or its negation. A DNF formula can be represented
as a set of clauses = f 1;  2; : : :g. Each clause is a set
of literals representing their conjunction, i.e. a clause rep-
resents aj . The whole set represents the disjunction of all
the clauses. The important point is that a conjunction of lit-
erals can be thought as a partial model, representing the set
of models resulting from fixing the truth value of the atoms
appearing in the conjunction and combining the truth value
of the atoms non appearing in the conjunction.

Instead of a measure of distance between interpretations,
a measure of distance between clauses,CDist, is defined.
The difference between two clauses, i and�j , is the set of
literals in i whose negation is in�j :CDiff( i; �j) = fl 2  ij:l 2 �jg

The distance between two clauses is given by the cardi-
nality of their difference:CDist( i; �j) = jCDiff( i; �j)j
3.1 Algorithm for the simple case

The simple case arises when both document and query
represent sets of terms. In classical IR this case corresponds
to a representation as a vector for both elements. On the
logical side, this corresponds to the fact that representations
are conjunctions of propositional letters. In this case, query
and document are directly in DNF form and can be both
represented as a set with one clause, i.e. = f 1g and� = f�1g.

Algorithm 1:
Procedure Similarity( ,�)
Input:query  = f 1g

document � = f�1g
Output:BRsim( ,�)

1.Compute CDist( 1; �1)
2.distane = CDist( 1; �1) + j 1n 1\�1j�CDist( 1;�1)2
3.Return (1� distanej 1j )

The value ofCDist( 1; �1) represents the number of
literals in  1 -query terms- that appear in�1 -document
terms- with opposite value. This means that any pair of
models of and � will differ on the interpretation for
these terms. Then, all the models of� have to fare at
leastCDist( 1; �1) to any model of . That is the rea-
son whyCDist( 1; �1) is directly added todistane. The
set 1n 1\�1 contains the literals in 1 that do not belong
to�1. Therefore, the valuej 1 n 1\�1j�CDist( 1; �1)
is the number of literals in 1 whose letter does not ap-
pear in�1, either positive or negative. As these letters do

not appear in the representation of�, half of the models of� will map the letter into true and the other half will map
it into false. On the other hand, and as a consequence of
the presence of the literal in 1, all the models of have
to map that letters into the same truth value. Therefore,
whatever this fixed truth value is, half of the models of�
will have the opposite one. This produces an increment ofj 1n 1\�1j�CDist( 1;�1)2 in the distance. Finally, the dis-
tance is transformed into a similarity value in the interval
[0,1]. This normalization uses the fact that the greatest
value ofdistane is j 1j.

The computation ofCDist( 1; �1) in step 1 can be done
traversing the literals in 1 and checking whether the oppo-
site literal belongs to�1. It can also be done with the re-
ciprocal process, that is, traversing�1 and checking in 1.
Each check can be done in unit time because an array can be
used to store what literals belong to a clause. Then, step 1
can be done in linear time w.r.t the size of 1 or �1. Due to
similar reasons, the computation ofj 1 n 1 \ �1j in step 2
can also be accomplished in linear time respect to the size of
any clause. Consequently, this algorithm can be run in lin-
ear time w.r.t the size of either 1 or �1. As  1 represents
the query and�1 the document, 1 is expected to have less
literals than�1 and the most efficient implementation of the
algorithm can be done with complexityO(j 1j).

Let us analyze the use of the previous algorithm for IR.
Classical systems consider representations of documents
that have information about the presence or absence for
all the index terms. On the logical side, this case corre-
sponds with the fact that documents are total theories, i.e.�1 contains all the index terms either positive or negative.
As a consequence, all the query terms appear in�1 anddistane = CDist( 1; �1). AsCDist( 1; �1) counts the
number ofdiffering terms between the query and the doc-
ument, the result of the algorithm (after the normalization)
is equivalent to the inner product query-document match-
ing function. On the other hand, when a document is a
partial theory its representation does not store information
about all the index terms. This is not a regular assump-
tion in classical systems. Let us think about a query that
mentions one of those index terms that do not appear in the
document representation. In this case, the model does not
assume that the document is (or is not) really about that in-
dex term. On the contrary, it considers a value of distance
of 0:5 for the query terms not present in the document rep-
resentation. This behavior is captured in the formula byj 1n 1\�1j�CDist( 1;�1)2 .

It is important to note that algorithm 1 ensures an effi-
cient implementation of the model proposed in [16]. Algo-
rithm 1 deals with the constrained representations proposed
in that work and it computes similarity in linear time w.r.t
the size of the query.



Example 1: In this example we show the computation of
BRsim using tables of symmetric differences between inter-
pretations and the computation of BRsim using Algorithm
1. Let the propositional alphabetP , the documentsd1 andd2 and the queryq be defined as:P = fa; b; ; d; egq = a ^ d1 = :a ^ bd2 = a ^ :b ^ 

The computation of similarity from symmetric differ-
ences between interpretations is shown in fig. 1. The fol-
lowing lines depict the computation of the similarity using
Algorithm 1.

Document d1
Input:
Query (DNF):  = f 1g,  1 = fa; g
Document (DNF): � = f�1g, �1 = f:a; bg

1. CDist( 1; �1) = jfl 2  1j:l 2 �1gj = jfagj = 1
2. distane = 1 + jfa;gn;j�12 = 1:5
3. 1� distanej 1j = 1� 1:52 = 0:25. Return(0.25).

Document d2
Input:
Query (DNF):  = f 1g,  1 = fa; g
Document (DNF): � = f�1g, �1 = fa;:b; g

1. CDist( 1; �1) = jfl 2  1j:l 2 �1gj = j;j = 0
2. distane = 0 + jfa;gnfa;gj�02 = 0
3. 1� distanej 1j = 1� 02 = 1. Return(1).

Note that using tables of symmetric differences we need
to compute a lot of models and distances between them. On
the other hand, algorithm 1 only takes a few steps and it
does not need any model.

3.2 Extending the expressiveness of documents
and queries

Previous section has shown an efficient implementation
of the ranking process within a logical framework. The
model subsumes the vector model with binary weights for
both query and document. However that equivalence was
achieved at the expense of restricting the expressiveness of
documents and queries. In this section we consider repre-
sentations of documents and queries containing both con-
junctions and disjunctions. Documents and queries are now
represented as general DNF formulas. An important point is
that document representations are now enriched to include
both connectors what means a substantial improvement in
the expressiveness of the model. Queries can have also con-
junctions and disjunctions but this is not a distinctive fea-
ture of the model. In fact, Boolean Model allows queries

with any combination of AND’s and OR’s. The fact that
query representations are DNF formulas does not imply that
users have to articulate their information needs in this form,
but the system translates user information needs into DNF
form. Any propositional formula can be translated into its
DNF equivalent.

In this section we develop an algorithm which computes
the similarity measure between a document and a query,
both in DNF. It is important to note that now the measure
is not equivalent to a classical one because document repre-
sentations are different from those used by classical models.

The algorithm traverses the set of models of the docu-
ment�, and for each model computes its distance to the
query . These distances are accumulated and, finally, the
total number of models of� is used to get the average of the
distances to the query. The advantage stands on the fact that
no models of the query are needed. The distance from each
model of the document to the query is computed transform-
ing the model to a set of literals and comparing with each
conjunction of the query. Reflecting Dalal’s semantics, the
least distance is selected to be the distance from the model
to the query.

Before developing the algorithm some preliminaries are
shown. The size of the propositional alphabet will be de-
noted byS, S = jPj. As it has been said before, an inter-
pretation is denoted by the set of letters mapped into true.
Then, given an interpretationm, LIT (m) represents the
transformation ofm into a set of literals, i.e.LIT (m) =m [ f:ljl 2 P nmg. The symbols min and max are the
size of the smallest and the biggest clause in , respectively.
The symbol�max represents the maximum size of a clause
in �.

Algorithm 2:
Procedure Similarity( ,�)
Input:query  = f 1;  2; : : :g

document � = f�1; �2; : : :g
Output:BRsim( ,�)

1.Distane = 0;Total Models = 0;
2.Compute the set of models of �
3.Extract a new m, model of �
4.Distane to  = S
5.Extract a new  i 2  
6.Compute CDist( i; LIT (m))
7.If CDist( i; LIT (m)) < Distane to  thenDistane to  = CDist( i; LIT (m))
8.Go to step 5 until no more  is remain
9.Total Models++;Distane+ = Distane to  
10.Go to step 3 until no more � models
remain
11.distane(d; q) = DistaneTotal Models
12.Return(1� distane(d;q) min )



Document d1
Symmetric differences between query and document models:

Document models! d1
Query models# fbg fb; g fb; dg fb; eg fb; ; dg fb; ; eg fb; d; eg fb; ; d; egfa; g fa; b; g fa; bg fa; b; ; dg fa; b; ; eg fa; b; dg fa; b; eg fa; b; ; d; eg fa; b; d; egfa; b; g fa; g fag fa; ; dg fa; ; eg fa; dg fa; eg fa; ; d; eg fa; d; egfa; ; dg fa; b; ; dg fa; b; dg fa; b; g fa; b; ; d; eg fa; bg fa; b; d; eg fa; b; ; eg fa; b; egfa; ; eg fa; b; ; eg fa; b; eg fa; b; ; d; eg fa; b; g fa; b; d; eg fa; bg fa; b; ; dg fa; b; dgfa; b; ; dg fa; ; dg fa; dg fa; g fa; ; d; eg fag fa; d; eg fa; ; eg fa; egfa; b; ; eg fa; ; eg fa; eg fa; ; d; eg fa; g fa; d; eg fag fa; ; dg fa; dgfa; ; d; eg fa; b; ; d; eg fa; b; d; eg fa; b; ; eg fa; b; ; dg fa; b; eg fa; b; dg fa; b; g fa; bgfa; b; ; d; eg fa; ; d; eg fa; d; eg fa; ; eg fa; ; dg fa; eg fa; dg fa; g fag

Cardinalities and computation of the distance:

Document models! d1
Query models# fbg fb; g fb; dg fb; eg fb; ; dg fb; ; eg fb; d; eg fb; ; d; egfa; g 3 2 4 4 3 3 5 4fa; b; g 2 1 3 3 2 2 4 3fa; ; dg 4 3 3 5 2 4 4 3fa; ; eg 4 3 5 3 4 2 4 3fa; b; ; dg 3 2 2 4 1 3 3 2fa; b; ; eg 3 2 4 2 3 1 3 2fa; ; d; eg 5 4 4 4 3 3 3 2fa; b; ; d; eg 4 3 3 3 2 2 2 1dist(Mod(q); mi) = minm2Mod(q)dist(m;mi) 2 1 2 2 1 1 2 1distane(d; q) = Pm2Mod(d) dist(Mod(q);m)jMod(d)j 128 = 1:5

Finally,BRsim(d; q) is computed fromdistane(d; q) usingk, the number of literals appearing in the query:BRsim(d; q) = 1� distane(d;q)k
Therefore, in the exampleBRsim(d1; q) = 1� 1:52 = 0:25
Document d2
Symmetric differences between query and document models:

Document models! d2
Query models# fa; g fa; ; dg fa; ; eg fa; ; d; egfa; g ; fdg feg fd; egfa; b; g fbg fb; dg fb; eg fb; d; egfa; ; dg fdg ; fd; eg fegfa; ; eg feg fd; eg ; fdgfa; b; ; dg fb; dg fbg fb; d; eg fb; egfa; b; ; eg fb; eg fb; d; eg fbg fb; dgfa; ; d; eg fd; eg feg fdg ;fa; b; ; d; eg fb; d; eg fb; eg fb; dg fbg

Cardinalities and computation of the distance:

Document models! d2
Query models# fa; g fa; ; dg fa; ; eg fa; ; d; egfa; g 0 1 1 2fa; b; g 1 2 2 3fa; ; dg 1 0 2 1fa; ; eg 1 2 0 1fa; b; ; dg 2 1 3 2fa; b; ; eg 2 3 1 2fa; ; d; eg 2 1 1 0fa; b; ; d; eg 3 2 2 1dist(Mod(q); mi) = minm2Mod(q)dist(m;mi) 0 0 0 0distane(d; q) = Pm2Mod(d) dist(Mod(q);m)jMod(d)j 0

Finally,BRsim(d; q) is computed fromdistane(d; q) usingk, the number of literals appearing in the query:BRsim(d; q) = 1� distane(d;q)k
For the current example,BRsim(d2; q) = 1� 02 = 1

Figure 1. Computation of similarity from symmetric differences between interpretations



Step 3 extracts each modelm of �. The variableDistane to  stores the distance from the modelm to the
set of models of the query. However, it is not necessary to
compute any model of the query. Instead, the representation
of each model of� as a conjunction (LIT (m)) is compared
with every conjunction i of the query and the smallest dis-
tance is stored inDistane to  . Distane to  is ini-
tialized to its greatest value, the size of the propositional
alphabet. The variableDistane stores the sum of the dis-
tances from each model of� to  . Finally, dividing by the
total number of models, the distance from the document to
the query is obtained. The similarity measure normalized in
the interval[0; 1℄ is obtained using the fact that the distance
from a model to the set of models of the query is at most
the size of the smallest i. The reason is that the distance
from a modelm to the set of models of a query takes the
value of the distance fromm



Document d1
Symmetric differences between query and document models:

Document models! d1
Query models# fa; b; g fa; b; ; dg fa; b; dgfa; g fbg fb; dg fb; ; dgfa; b; g ; fdg f; dgfa; ; dg fb; dg fbg fb; gfa; b; ; dg fdg ; fgfa; dg fb; ; dg fb; g fbgfa; b; dg f; dg fg ;

Cardinalities and computation of the distance:

Document models! d1
Query models# fa; b; g fa; b; ; dg fa; b; dgfa; g 1 2 3fa; b; g 0 1 2fa; ; dg 2 1 2fa; b; ; dg 1 0 1fa; dg 3 2 1fa; b; dg 2 1 0dist(Mod(q); mi) = minm2Mod(q)dist(m;mi) 0 0 0distane(d; q) = Pm2Mod(d) dist(Mod(q);m)jMod(d)j 0

Finally,BRsim(d1; q) is computed fromdistane(d1; q) using min the size of the smallest conjunction in :BRsim(d; q) = 1� distane(d;q) min
The similarity measure betweend1 andq isBRsim(d1; q) = 1� 02 = 1.

Document d2
Symmetric differences between query and document models:

Document models! d2
Query models# fb; g fa; b; g fb; ; dg fa; b; ; dg fa; bg fa; b; dgfa; g fa; bg fbg fa; b; dg fb; dg fb; g fb; ; dgfa; b; g fag ; fa; dg fdg fg f; dgfa; ; dg fa; b; dg fb; dg fa; bg fbg fb; ; dg fb; gfa; b; ; dg fa; dg fdg fag ; f; dg fgfa; dg fa; b; ; dg fb; ; dg fa; b; g fb; g fb; dg fbgfa; b; dg fa; ; dg f; dg fa; g fg fdg ;

Cardinalities and computation of the distance:

Document models! d2
Query models# fb; g fa; b; g fb; ; dg fa; b; ; dg fa; bg fa; b; dgfa; g 2 1 3 2 2 3fa; b; g 1 0 2 1 1 2fa; ; dg 3 2 2 1 3 2fa; b; ; dg 2 1 1 0 2 1fa; dg 4 3 3 2 2 1fa; b; dg 3 2 2 1 1 0dist(Mod(q); mi) = minm2Mod(q)dist(m;mi) 1 0 1 0 1 0distane(d; q) = Pm2Mod(d) dist(Mod(q);m)jMod(d)j 0.5

Finally,BRsim(d2; q) = 1� distane(d2;q) min = 1 � 0:52 = 0:75
Figure 2. Computation of similarity from symmetric differences between interpretations



Size of the propositional alphabet: S=4

1. Documentd1
Input:

Query in DNF form:  = f 1;  2g,  1 = fa; g;  2 = fa; dg
Document d1 in DNF form: � = f�1; �2g, �1 = fa; b; g; �2 = fa; b; dg
1. Distane = 0;Total Models = 0;
2. Mod(�) = ffa; b; g; fa; b; ; dg; fa; b; dgg
3. m = fa; b; g, LIT (m) = fa; b; ;:dg, 4. Distane to  = 4

5.  1 = fa; g, 6. Dist( 1; LIT (m)) = 0, 7. Distane to  = 0
5.  2 = fa; dg, 6. Dist( 2; LIT (m)) = 1

9. Total Models = 1;Distane = 0
3. m = fa; b; ; dg, LIT (m) = fa; b; ; dg, 4. Distane to  = 4

5.  1 = fa; g, 6. Dist( 1; LIT (m)) = 0, 7. Distane to  = 0
5.  2 = fa; dg, 6. Dist( 2; LIT (m)) = 0

9. Total Models = 2;Distane = 0
3. m = fa; b; dg, LIT (m) = fa; b;:; dg, 4. Distane to  = 4

5.  1 = fa; g, 6. Dist( 1; LIT (m)) = 1, 7. Distane to  = 1
5.  2 = fa; dg, 6. Dist( 2; LIT (m)) = 0, 7. Distane to  = 0

9. Total Models = 3;Distane = 0
11. distane(d; q) = 03 = 0
12. Return(1)

2. Documentd2
Input:

Query in DNF form:  = f 1;  2g,  1 = fa; g;  2 = fa; dg
Document d2 in DNF form: � = f�1; �2g, �1 = fb; g; �2 = fa; bg
1. Distane = 0;Total Models = 0;
2. Mod(�) = ffb; g; fa; b; g; fb; ; dg; fa; b; ; dg;fa; bg; fa; b; dgg
3. m = fb; g, LIT (m) = f:a; b; ;:dg, 4. Distane to  = 4

5.  1 = fa; g, 6. Dist( 1; LIT (m)) = 1, 7. Distane to  = 1
5.  2 = fa; dg, 6. Dist( 2; LIT (m)) = 2

9. Total Models = 1;Distane = 1
3. m = fa; b; g, LIT (m) = fa; b; ;:dg, 4. Distane to  = 4

5.  1 = fa; g, 6. Dist( 1; LIT (m)) = 0, 7. Distane to  = 0
5.  2 = fa; dg, 6. Dist( 2; LIT (m)) = 1

9. Total Models = 2;Distane = 1
3. m = fb; ; dg, LIT (m) = f:a; b; ; dg, 4. Distane to  = 4

5.  1 = fa; g, 6. Dist( 1; LIT (m)) = 1, 7. Distane to  = 1
5.  2 = fa; dg, 6. Dist( 2; LIT (m)) = 1

9. Total Models = 3;Distane = 2
3. m = fa; b; ; dg, LIT (m) = fa; b; ; dg, 4. Distane to  = 4

5.  1 = fa; g, 6. Dist( 1; LIT (m)) = 0, 7. Distane to  = 0
5.  2 = fa; dg, 6. Dist( 2; LIT (m)) = 0

9. Total Models = 4;Distane = 2
3. m = fa; bg, LIT (m) = fa; b;:;:dg, 4. Distane to  = 4

5.  1 = fa; g, 6. Dist( 1; LIT (m)) = 1, 7. Distane to  = 1
5.  2 = fa; dg, 6. Dist( 2; LIT (m)) = 1

9. Total Models = 5;Distane = 3
3. m = fa; b; dg, LIT (m) = fa; b;:; dg, 4. Distane to  = 4

5.  1 = fa; g, 6. Dist( 1; LIT (m)) = 1, 7. Distane to  = 1
5.  2 = fa; dg, 6. Dist( 2; LIT (m)) = 0, 7. Distane to  = 0

9. Total Models = 6;Distane = 3
11. distane(d; q) = 36 = 0:5
12. Return(1� 0:52 )

Figure 3. Computation of similarity with Algorithm 2



Size of the Number of Number of Run time Number of
alphabet doc. terms query terms (microsec.) doc. models
25 25 1 18 1
25 25 5 31 1
25 25 10 45 1
25 10 1 15 215
25 10 5 20 215
25 10 10 31 215
50 50 1 19 1
50 50 5 47 1
50 50 10 89 1
50 25 1 17 225
50 25 5 33 225
50 25 10 59 225
50 10 1 16 240
50 10 5 22 240
50 10 10 34 240
500 50 1 23 2450
500 50 5 55 2450
500 50 10 92 2450
500 250 1 160 2250
500 250 5 319 2250
500 250 10 470 2250
500 500 1 263 1
500 500 5 474 1
500 500 10 799 1

Figure 4. Run Time Performance of Alg.1

with polynomial complexity analysis. Therefore, the defi-
nition of a similarity measure of this kind and the analysis of
its appropriateness for IR modeling, appear as future lines
of work.

5 Discussion and Future Work

Some IR models consider representations of documents
with information about presence/absence for all the key-
words of the indexing vocabulary. In systems with such
a total information assumptiona logical approach hardly
improves performance. In these cases, logical approaches
provide a formal and homogeneous framework where clas-
sical models can be analyzed but their impact is somewhat
reduced. This is the case of the model of [16] with docu-
ments as total theories. In that case, the measureBRsim
is equivalent to the inner product query-document similar-
ity measure with binary weights. However, a more natural
assumption is to consider documents as partial descriptions
[20]. It is in this case when logical models can produce a
significant improvement with respect to classical ones.

The efficiency of the first algorithm presented in this
work permits its application for large-scale IR systems. As
well as representing classical vectors, Algorithm 1 allowsus
to expresspartial vectors. This kind of representations can
be very helpful when consideringretrieval situations. We
use the name of retrieval situations to refer to several as-
pects affecting the relevance judgment and not captured by
a simple matching between topics. User’s knowledge and
intentions, pragmatics of the language, etc. are factors that
should be taken into account by a system when deciding rel-

evance. This necessity was already pointed out by Nie and
other researchers [17], who outlined the use of counterfac-
tual conditional logic for modeling situational aspects. We
can imagine a realistic scenario where a partial descriptiond of each document is maintained. When a user articulates
a queryq, the system takes the representation of the cur-
rent retrieval situationS, andrevisesit with the document
representation, i.e. it makesS Æ d. The result ofS Æ d repre-
sents the adaptation of the document to the current retrieval
situation and it is likelyless partialthand. Then,S Æ d
is matched with the query representationq in order to de-
cide relevance. Let us consider an example. A document
about the ml programming language could be indexed by
the index term ml without mentioning the relationship be-
tween ml and computer science (cs). A common user may
not know that the language ml has something to do with
computer science but an experienced user would probably
now that they are related concepts. That knowledge would
be part of their respective user profiles. Then, if both users
articulate a query asking about cs documents and the docu-
ment representation is contrasted with the user profiles, the
first user would not access the document while the second
one would. This goes in the line that unexperienced users
receive generic documents while experienced users receive
specific ones. In fact, it has not much sense to present a ml
document to a user that does not know what it is. He/she is
probably looking for more general documents about com-
puter science. Then, in some extent, the precision of the set
of retrieved documents would be improved.

An important point is that the operation of revision be-
tween a retrieval situation and a document can be accom-
plished using a BR operator. Note that the use of BR would
be different here than in [16]. In that work, the measures
between logical interpretations within the BR processq Æ d
were used to build an estimation ofP (d j= q) but the final
result of the revision was left aside. For the new application,
the result of the revision,S Æ d, would be used to compute
its similarity with respect to the queryq. For that task, the
techniques presented in [16] can be generalized, so that the
BR processqÆ(SÆd) gives us a measure ofP ((SÆd) j= q).
There are some important results in the field of BR that can
contribute to establish BR as a paradigm for IR. In particu-
lar, del Val [6, 5] identified some particular cases that do not
need to measure distances between logical interpretationsin
order to obtain the revised theory. Therefore, the computa-
tion of S Æ d can be executed in polynomial time. Del Val
uses a syntactic characterization whose basic idea is to man-
age clauses of literals instead of managing interpretations.
We have used this technique to construct the algorithms pre-
sented in section 3. The management of retrieval situations
and partial descriptions of documents and the adequacy of
several revision methods for combining them has been thor-
oughly studied in a recent work [15].



Now we discuss the usefulness of representing docu-
ments with unrestricted propositional formulas. Conven-
tional IR systems giving very good performance even with
huge amounts of data, stand on representations of docu-
ments as sets of terms. However, several applications us-
ing IR techniques as their underlying technology require
more expressive document representations. For instance,
OntoSeek [10] is a system specially designed for yellow
pages and product catalogs that considers structured rep-
resentations and uses linguistic resources such as WordNet.
Fuhr [7] also pointed out that new IR applications, dealing
with structured documents, hypertext, multimedia objects,
etc. need more expressive formalisms. For instance, spa-
tial and temporal relationships within multimedia objectsor
complex terminologies cannot be represented with a simple
set of terms. Another recent example can be found in [18],
where hierarchies of concepts were used to organize a set
of documents. Furthermore, in environments like image re-
trieval, where a total content analysis cannot be attainable,
it is interesting to have a method to express several alter-
natives. For instance, a process of image recognition can
produce that a shape is something like a deer or a horse and
a vector representation would impose a simplification. In
fact, the application of text retrieval techniques for digital
pictures is limited [9] and using a set of captions to express
image content is inappropriate. A document description us-
ing more expressive languages allows the articulation of so-
phisticated queries, which are more closer to user’s view,
and provides an increment in precision and reasoning sup-
port.

A major challenge is that classical IR systems, working
with unstructured text, get benefit from the more expressive
representations proposed in this work. Then, a very impor-
tant line of future work is the design of experiments that,
starting from plain text build automatically a representation
of the document as an unrestricted propositional formula. In
this sense, some works in Passage Retrieval [11, 1] have fol-
lowed different approaches to split plain texts into different
chunks. Instead of matching a query against a vector repre-
senting the whole document, the query is matched against
each individual vector representing a part of the document.
The evaluation of these methods showed improvements in
precision. These results are encouraging for our model of
documents as DNF formulas.

6 Conclusion

In this work we have implemented document ranking
within the logical framework of BR. This way it has been
shown that this logical approach can constitute the theoret-
ical basis of a realistic IR system. The model subsumes a
classical vector-space model with binary weights and the
inner product query-document similarity measure is a par-

ticular case of the similarity measureBRsim computed
within the logical framework. Specifically, we have devel-
oped two algorithms. The first one computes similarity be-
tween logical representations of a document and a query
that are equivalent to binary vectors. The second algorithm
computes similarity between a document and a query, both
represented as general DNF propositional formulas. The
efficiency of the first algorithm and its capability to work
with partial vectors are very helpful to introduce retrieval
situations. That way, a system can maintain partial rep-
resentations of documents and revise them in the light of
the current retrieval situation, just before matching with
queries. Furthermore, unrestricted propositional formulas
are promising representations for future applications. In-
deed, representations more expressive than simple sets of
terms have been recently claimed for specific domains. In
this sense, the automatic attainment of unrestricted propo-
sitional formulas for representing documents appears as a
challenge in order to make a proper evaluation of our model.
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