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Abstract

Information retrieval systems tend to
adopt very simple representations for
the elements involved in the retrieval
process. We believe that highly expres-
sive formalisms can play a role in future
retrieval systems, provided that they are
complemented by successful and effi-
cient indexing and retrieval techniques.
In this work, we follow a bottom-
up approach in which starting from a
very simplistic logic-based representa-
tion for documents, we get inspiration
from popular retrieval techniques in or-
der to articulate more expressive docu-
ment representations. We show empiri-
cally that the performance of the logic-
based system improves when more ex-
pressive representations are provided.

1 Introduction

Information Retrieval (IR) systems tend to index
documents with simplistic representations which
do not capture the documents’ contents in a com-
plete and accurate fashion. These simple indexing
methods, although very efficient from a computa-
tional point of view, lead to awkward situations,
such as the term mismatch problem between the
vocabulary used in the documents and the terms
expressed in the query. There has been broad
range of techniques that have attempted to solve
this problem, including dimensionality reduction,
query expansion and imaging [4, 5, 3], to name a
few. Inspired by the success of these approaches,

we wonder whether these techniques could be ap-
plied in the context of a logic-based IR model for
obtaining better logical document representations
and, further, if this connection is of any help in
terms of retrieval performance.

In this paper we are particularly concerned with
expressive document representations and term
similarity. Our main interest is to determine
whether or not the performance of a logic-based
approach improves as the system is provided
with more expressive logical document represen-
tations. We implement and evaluate different
methods based on term similarity for describing
the texts as logical formulae. In this respect, the
ease of logic to handle partial representations is
fundamental for dealing with the term mismatch
problem. Basically, a logic-based retrieval system
can represent the connection between vocabulary
terms and documents in a flexible way.

We use a logical model of IR based on Proposi-
tional Logic and Belief Revision (PLBR) [6] as
the basis for our experiments. Different meth-
ods for creating logical document representations
have been implemented and evaluated. The con-
struction of the logical formulae is driven by term
similarity, global term distribution and document
length. These notions, which have been success-
fully applied in popular IR models, allow the de-
sign of a more evolved logical representational
process that is grounded on mainstream IR meth-
ods.

The rest of this paper is organized as follows. The
basic foundations of the logic-based model are
briefly sketched in section 2. Section 3 presents
the use of term similarity for constructing partial
document representations. Experiments are re-



ported in section 4 and the paper ends with some
conclusions in section 5.

2 A logic-based information retrieval
model

We have chosen the logic-based PLBR model
[6] for conducting this study because it was
efficiently implemented and evaluated against
TREC-like collections in the past [7]. Retrieval
performance results are therefore available and
we can evaluate here the benefits obtained with
the new techniques for deriving logical formulae
from text. We are not interested in comparing the
performance of this logic-based approach against
other state of the art models. On the contrary, we
will focus on the PLBR model trying to determine
whether or not the production of more expressive
logical formulae is beneficial in terms of retrieval
performance. Logical models are still far from the
state of the art IR approaches in terms of retrieval
performance. We believe that this is mainly due
to: 1) the limitations in dealing with some no-
tions handled recurrently by most IR models (e.g.
non-binary term frequency) and 2) the poor use
of the expressiveness at hand. Only once these
limitations are somehow overcome a comparison
against popular IR methods will make sense. On
the other hand, logical models of IR enable to
study the IR process in more detail and to carry
out powerful analysis of the behaviour of differ-
ent models.

The PLBR model works with propositional for-
mulae and estimates relevance by means of a non-
binary measure of distance between the logical
formula representing a document,d, and the log-
ical formula representing the query,q. This mea-
sure is based on Belief Revision (BR) techniques
that compute distance between logical formulae1.
Classical vectors with binary weights can be rep-
resented in logical form straightforwardly. Fur-
ther, propositional logic supplies the facility to
deal withpartial representations. This means that
we do not have to store information about all the
index terms when representing a document. This
feature is not standard in regular IR systems. For
instance, in the vector space model we have to as-

1We refer to [6] for a complete analysis on the BR tech-
niques applied, including the characteristics of the logical
matching process.

sign the corresponding weight to every dimension
(term) in the space.

3 Partial document representations

A simple way to handle terms that occur in the
text of a document is to include them as posi-
tive literals2 in the propositional formula repre-
senting the document. Regarding unseen terms,
the PLBR model has provision for establishing a
distinction between a term for which we do not
know whether or not it is significant with respect
to a given document’s semantics and a term for
which we have positive evidence that it is not re-
lated at all with the document’s content. Terms
falling into the latter case should be represented as
negative literals and terms falling into the former
case should be simply omitted in the document’s
representation. The more omissions we made,
themore partialthe representation becomes. The
classification of the unseen terms into these two
categories becomes therefore the fundamental is-
sue in this process. In order to drive this selec-
tion, we take inspiration from popular techniques
which have advanced the field of IR. First of all,
the set of seen terms is a valuable information
which should be taken into account. If we are
to introduce some unseen terms as negations we
should look at the similarity between the unseen
terms and the document terms. It is intuitive to
think that if an unseen term is highly similar to
the document then the most sensible decision is to
omit the term in the logical representation of the
document. Since we have some evidence (from
the similarity measure) about the connection be-
tween the unseen term and the document, we just
take the conservative choice of omitting the term
in the logical representation3. On the contrary, an
unseen term having no connection at all with the
document terms is a good candidate to be negated
because there is no evidence on the relatedness
between the term and the document.

This means that we introduce term similarityat
indexing timein order to produce more expres-
sive logical formulae. Term similarity has been

2A literal is a propositional letter or its negation, e.g.
music is a positive literal whereas¬tv is a negative one.

3One can even argue that these terms should be positive
literals into the document representation (document expan-
sion) but we go here for the most conservative choice.



applied successfully to support retrieval in the
context of popular IR models. For instance, in
the vector-space model, novel matching func-
tions were proposed based on term similarity
[2]. These functions not only account for query-
document matching terms but the non-matching
query terms contribute also to the final retrieval
score, depending on their similarity to the doc-
ument terms. In Language Modeling for IR,
the translation models proposed in [1] compute
translation probabilities between terms using also
some form of term similarity. It seems therefore
sensible to apply some term similarity techniques,
which were successful in well-known IR models,
to classify unseen terms as potential negations or
omissions in the context of the logic-based model.

3.1 Term similarity

The problem of defining a measure of similarity
between terms has been addressed by many re-
searchers. We have used theExpected Mutual In-
formation Measure (EMIM)because it has been
used with success in the past and can be estimated
using co-occurrence data [2]. Given two termsti
and tj , EMIM(ti, tj) is often interpreted as a
measure of the statistical information contained
in ti abouttj (or vice versa, it being a symmetric
measure). Formally, the EMIM measure is de-
fined as follows:

EMIM(ti, tj) =∑
ti,tj P (ti ∈ d, tj ∈ d)log P (ti∈d,tj∈d)

P (ti∈d)P (tj∈d)

(1)

where ti and tj are any two terms of the term
spaceT . Van Rijsbergen [10] proposed a method
to estimate EMIM between two terms using co-
occurrence data that can be derived by a statistical
analysis of the term occurrences in the collection.

Once we have a term-to-term similarity measure
we still need to define a term-to-document sim-
ilarity measure, which will be used to estimate
the similarity between an unseen term and the
set of seen terms and, subsequently, make a deci-
sion about how to express the term into the logical
representation of the document. To this aim, we
have experimented with the two following term-
to-document similarity functions:

f1(ti, dj) =
∑

tk∈dj

EMIM(ti, tk) (2)

f2(ti, dj) = idf(ti) ·
∑

tk∈dj

EMIM(ti, tk) (3)

whereidf(t) = logN/dft (N is the collection size
anddft is the document frequency of the term in
the collection). The first function computes the
similarity from a term to a document as the sum
of the similarities across document terms. The
second function is slightly more complex since
it introduces an idf component for the involved
term. Since the EMIM function is based on co-
occurrence data, it can be the case that common
terms are assigned a high value for most doc-
uments just because they tend to co-occur with
many terms. Hence,f2 tries to compensate this
fact by promoting terms that are infrequent across
the collection.

Given a document, the set of unseen terms can
therefore be ranked in decreasing order of simi-
larity to the document using eitherf1 or f2. This
rank needs to be split into two parts and the most
similar terms are omitted in the logical document
representation and the remaining unseen terms are
expressed as negated literals in the document rep-
resentation. As it will be explained in the next
section, we propose that the division of the rank
of unseen terms is done taking into account docu-
ment length.

3.2 Document length

The last decision to make concerns the num-
ber of unseen terms that should be negated. If
we introduce the same number of negations for
all documents in the collection we would be
implicitly assuming that all documents had the
same chance of mentioning explicitly all the rel-
evant material. This assumption is not appropri-
ate, as demonstrated by the success of different
document length normalization techniques in the
mainstream IR literature. A long document may
simply cover more material than a short one. We
can even think on a long document as a sequence
of unrelated short documents concatenated to-
gether. This view is called thescope hypothe-
sis and contrasts with theverbosity hypothesis,



in which a long document is supposed to cover
a similar scope than a short document but sim-
ply uses more words. It is accepted that the ver-
bosity hypothesis prevails over the scope hypoth-
esis and, indeed, the control of verbosity stands
behind the success of high performance document
length normalization techniques, which use to ap-
ply some form of penalization for long documents
[9].

From a different perspective, the length of a docu-
ment is a good indicator of how much we can trust
the document’s text to estimate its actual contents.
For instance, this has been exploited by some
Language Modeling approaches to obtain more
accurate statistical estimations. In [11], the dif-
ference of data uncertainty in short and long doc-
uments is taken into account and, as documents
are larger, the uncertainty in the estimations be-
comes narrower. A similar idea drives our logic-
based approach because long documents are sup-
posed to indicate more exhaustively their contents
and, hence, more assumptions on the non-related
terms will be taken. We follow a simple strategy
in which, given a document text, the number of
negated unseen terms grows linearly with the size
of the document, which is measured as the num-
ber of different terms mentioned by the document.
Formally, given the set of seen terms in a docu-
ment,Seend, and the size of the largest (smallest)
document in the collection,max_dl (min_dl) we
compute the number of negated literals for a given
document as:

Nd = |V | − |Seend| − b (max_dl−|Seend|)·MAX_OT
max_dl−min_dl c

whereV is the vocabulary composed of all terms
in the collection andMAX_OT is a parameter
that controls the maximum number of omissions
allowed. This will be the key parameter to con-
trol partiality. If MAX_OT is equal to 0 then we
allow no omissions and, hence, all unseen terms
have to be negated. This approach can be re-
ferred to asclosed-world assumptionbecause it
assumes that all what we have not seen explic-
itly is actually false. AsMAX_OT grows the
representations become more partial and docu-
ments receive different treatment depending on
their length. Large documents get less omitted
terms and, as a consequence, more negated liter-
als will be introduced in their logical representa-
tions.

3.3 Example

Let us consider the alphabetT =
{a, b, c, d, e, f, g, h, i, j} and two docu-
ments d1 and d2, such that the sets of
seen terms areSeend1 = {a, b} and
Seend2 = {c, d, e, f, g, h, i}, respectively.
Imagine also that the longest document’s size
is 9, the shortest document’s size is 2 and the
MAX_OT parameter is set to 5. The number of
negations for each document is:

Nd1 = 10− 2− b (9−2)·5
9−2 c = 3

Nd2 = 10− 7− b (9−7)·5
9−2 c = 2

Note that the final representation of the short doc-
ument,d1, will be much more partial (5 omis-
sions) than the one ford2, which will have a single
omitted term. Observe also that a closed-world
assumption would have assigned 8 negations tod1

and 3 negations ford2, leading to complete docu-
ment representations (no omissions). On the con-
trary, the new approach tends to compensate this
difference. In order to get the final logical repre-
sentations we need the EMIM similarity values.
The next table presents the EMIM scores for the
vocabulary terms (for simplicity, we only show
the values which are relevant for the present ex-
ample):

EMIM
(ti, tj) c d e f g h i j

a .001 .002 .003 .003 .003 .004 .005 .005
b .002 .002 .002 .003 .004 .004 .004 .005

Since we are allowing 3 negated terms in
d1, it will have 5 omitted terms. Then, we
have to take the set of unseen terms ford1,
{c, d, e, f, g, h, i, j}, and rank them in decreasing
order of similarity to the document. For the sake
of clarity, we will use in this example the similar-
ity functionf1 (eq. 3).

f1(c, d1) =
∑

ti∈d1
EMIM(c, ti) = 0.003

f1(d, d1) = 0.004, f1(e, d1) = 0.005

f1(f, d1) = 0.006, f1(g, d1) = 0.007,

f1(h, d1) = 0.008, f1(i, d1) = 0.009,

f1(j, d1) = 0.010

This means thatf , g, h, i andj will be omitted
and c, d ande will be negated ind1. The final
logical representation ford1 will be: d1 = a∧ b∧



¬c∧ ¬d∧¬e. A similar process can be applied for
d2, leading to a logical formula having 7 positive
literals and 2 negative literals. Note that we allow
5 omitted terms in the logical representation of
d1 whereasd2 is assigned a logical representation
having a single omitted term. This compensates
the fact thatd2 is larger.

3.4 Global term frequency

In [8], a simple method to produce logical for-
mulae from plain text was tested. The techniques
applied did not use any kind of term similarity
but they still allowed the construction of logical
formulae with varying degree of partiality. This
work is therefore a good reference to compare
with. Given a document, the unseen terms are
ranked in decreasing order of appearances in the
whole collection (global term frequency) and the
top ranked terms are omitted and the remaining
terms are included as negations into the logical
formula. This use of global term frequency infor-
mation is somehow similar to smoothing for lan-
guage modeling. Indeed, LM smoothing strate-
gies tend to quantify the relatedness between un-
seen terms and document’s contents using the
probability of the word in a reference model,
which is usually estimated from a large collection
reflecting the general use of the language. This
means that a null probability is not assigned for
a term which was not seen in the text of a docu-
ment. The fact that we have not seen it does not
make it impossible. It is often assumed that a non-
occurring term is possible, but no more likely than
what would be expected by chance in the refer-
ence collection. If a given term is infrequent in the
document base then it is very unlikely that docu-
ments that do not mention it are actually related to
this topic (and, thus, very unlikely that any user
that wants to retrieve those documents finds the
term useful when expressing her/his information
need). On the other hand, frequent terms are more
generic and have more chance to present connec-
tions with the topics of documents even in the
case when they are not explicitly mentioned. This
suggests that unseen infrequent terms are good
candidates to formulate negations in the logical
indexing process.

Once we have a rank of the unseen terms in de-
creasing order of appearances in the collection,

we only need to apply a document-length depen-
dent approach such as the one explained in 3.2 in
order to set a threshold. This approach will also
be included in the experiments for the purpose of
comparison.

4 Evaluation

We designed some experiments in order to test
the effectiveness of the novel approach based on
term similarity. The experiments involved three
different approaches to represent texts as logical
formulae. The baseline experiments were exe-
cuted under aclosed-world assumption, in which
all unseen terms are simply negated in the logical
representation of the document. The simple ap-
proach based on global term frequency, sketched
in section 3.4, was also included in the experi-
ments. The third method tested was the approach
based on term similarity. We ran experiments for
both EMIM-based functions designed in section
3.1.

The document base utilized was the WSJ collec-
tion in TREC disks 1&2. This dataset is com-
posed of 173,252 news articles. We took 100
TREC topics and divided them into two equal-
sized sets of topics (training and test). We used
the training set to tune the parameters for each
approach and, next, we did not allow any sort
of adjustment for the experiments with the test
set. Stop words were removed and the remain-
ing terms were stemmed using Porter’s algorithm.
Logical queries are constructed by simply con-
necting their stems through logical conjunctions.
Queries were long because all topic subparts were
processed (Title, Description and Narrative). As
usual in TREC-like experimentation, the top 1000
documents were used for evaluation.

We first ran the training experiments for the base-
line run (labeled as CWA). The PLBR model is
controlled by an internal parameterα. Roughly
speaking, α determines how much a query-
document matching term contributes to the mea-
sure of distance between a document and a
query4. Table 1 depicts the performance values
for the cwa training experiments (only the most

4In a pure propositional approach a query-document
matching term would add 0 to the distance but the PLBR
model was extended to include an addend for matching
terms. The value ofα belongs to the interval[0, 1] and the



Topics #151-#200
α 0.4 0.5 0.6

cwa 0.0719 0.1055 0.1520
1533 1760 1751

Table 1: CWA (baseline) - Training
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Figure 1: GTF vs TS+GTF

significative runs are shown). Each cell shows the
non-interpolated average precision and the total
number of relevant retrieved documents. The best
results were found for a value ofα equal to 0.6
(in bold).

In the method based on global term frequency (la-
beled here as GTF), we have an additional pa-
rameter to tune,MAX_OT , which controls the
maximum number of omissions that we allow in
the logical representation of a document. Exper-
imental results are shown in table 2. The best
training run was obtained withMAX_OT =
2000 andα = 0.5.

Concerning the approach based on term similar-
ity, the first training runs were rather disappoint-
ing. When we omitted a significant number of
terms (MAX_OT ≥ 1000) the performance was
equal or worse than the baseline performance.
Nevertheless, we inspected the ranks of unseen
similar terms and it seemed that the first hundreds
of terms were clearly connected to the document
topics but the quality of the terms decreased sig-
nificantly for positions down in the rank. This
happened for both term similarity functions,f1

andf2. We hypothesize that this could be due to
the fact that at the top of the list the similarity is
based mostly on term co-occurrence while down

contribution to the final distance from matching terms grows
asα grows. This value is usually significantly less than 1,
which is the value added to the distance by a contradiction
(e.g.tv in the query and¬tv in the document). Indeed, pre-
vious experimentation on the PLBR model showed that it is
optimum for values ofα around 0.5.

in the list it is based more on term co-absence.
This seems to be a feature of the EMIM mea-
sure. In order to overcome this limitation we de-
signed an hybrid approach as follows. Since the
ideal number of omissions for the PLBR model
with the GTF method seems to be around 20005,
we setMAX_OT to 2000. The top ranked un-
seen terms in the term similarity list were con-
sidered as omissions and, in order to have 2000
omissions, the remaining terms were taken from
the GTF list. In this way, we tried to take advan-
tage from the ability of the term similarity-based
approach to detect highly related terms and, on
the other hand, avoid noise taking terms from the
GTF list which seemed more consistent at low
ranks. We did experiments taking 50, 100 and
300 terms from the term similarity list and the re-
maining omissions were obtained from the GTF
list. The training results of this hybrid approach
are shown in table 3. The first conclusion we can
draw is that there is not significant difference be-
tween the two term similarity functions. Second,
it seems that retrieval performance is highly sen-
sible to the quality of the terms taken from the
ts list. The values of the performance ratios are
very inconsistent when the number of terms taken
from the ts list varies. This is especially notice-
able for low values ofα (e.g. 0.4). On the other
hand, whenα = 0.6, the performance results are
less sensitive to the quality of the ts list. As ex-
plained above, the PLBR model gives more rela-
tive importance to the matching terms asα grows.
This means that with low values ofα the role
of non-matching terms becomes more important
and, hence, the distinction between omissions and
negations is fundamental. On the other hand, a
high value ofα leads to a retrieval performance
which is roughly the same as the performance ob-
tained with the baseline (cwa). This is not sur-
prising because we are indeed giving relative low
importance to the non-matching terms.

Once we adjusted the parameters for the three
methods, we ran additional experiments with the
set of test topics. Results are shown in table 4.
The hybrid approach, which combines term simi-
larity and global term frequency techniques, is the
best performing method. The improvement with

5This optimum value was also very stable in previous ex-
perimentations with the method based on global term fre-
quency [8].



Topics #151-#200
MAX_OT

α 1000 2000 3000 4000 5000 10000 50000
0.4 0.1320 0.1544 0.1475 0.1420 0.1422 0.1136 0.0736

2013 2090 1849 1912 1845 1639 1539
0.5 0.1470 0.1687 0.1562 0.1537 0.1613 0.1526 0.1075

2010 2048 1786 1837 1950 1810 1764
0.6 0.1561 0.1513 0.1289 0.1041 0.1290 0.1426 0.1452

1864 1738 1447 1298 1578 1522 1748

Table 2: GTF - Training

Topics #151-#200 (MAX_OT=2000)
f1 f2

α 50(ts)+1950(gtf) 100(ts)+1900(gtf) 300(ts)+1700(gtf) 50(ts)+1950(gtf) 100(ts)+1900(gtf) 300(ts)+1700(gtf)
0.4 0.072 0.1608 0.073 0.072 0.1610 0.073

1533 2072 1537 1533 2078 1537
0.5 0.1055 0.1758 0.1065 0.1055 0.1764 0.1065

1759 2027 1761 1759 2042 1761
0.6 0.1520 0.1543 0.1520 0.1520 0.1543 0.1520

1571 1684 1752 1751 1688 1752

Table 3: TS+GTF - Training

respect to the baseline run is very significant. Al-
though the overall difference in non-interpolated
average precision between GTF and the hybrid
method is small, the improvement is consistent
across most recall levels (as shown graphically
in fig. 1). Moreover, the improvement in preci-
sion is especially large at low recall levels (e.g.
0.5821 vs 0.5379 at recall level 0). We also per-
formed the sign test between the GTF run and the
TS+GTF run revealing that the difference is sta-
tistically significant (5%).

The experimental outcome seems to indicate that
the use of term similarity for producing partial
document representations was beneficial in terms
of retrieval performance and it is especially good
to improve the quality of the top ranked docu-
ments. Nevertheless, we still have to study al-
ternative methods to compute the similarity be-
tween an unseen term and a document and ana-
lyze deeply the reasons behind the low quality of
the term similarity list at low positions.

5 Conclusions and future work

We have proposed a method based on term simi-
larity that drives the construction of logical docu-
ment representations. The ability of logic to deal
with partial representation was exploited in com-
bination with popular IR approaches in order to
get more expressive document representations.

The first experiments revealed that a pure method
based on term similarity was good to identify a
few hundreds of highly related terms but, if we

want to omit more terms, the quality of the sub-
sequent logical representations is harmed. Hence,
we designed a hybrid approach in which a signif-
icant number of unseen terms were omitted in the
logical representation of a document. The set of
omitted terms contains terms which are similar to
the document and terms which are frequent in the
whole document base. This new method showed
good retrieval performance, especially at low re-
call levels.

Future work will be focused on studying alter-
native ways to compute the similarity between a
term and a document because we still feel that
there are some inconsistencies in the behaviour
of the term similarity approach that we want to
solve.

Acknowledgements

The first author warmly thanksFundación
Caixa Galicia, which supported financially a
summer stay in Glasgow to develop this re-
search. David E. Losada belongs to the “Ramón
y Cajal” program, whose funds come from
“Ministerio de Educación y Ciencia” and the
FEDER program. This work was also partially
supported by projects TIN2005-08521-C02-01
(from “Ministerio de Educación y Ciencia”) and
PGIDT03PXIC10501PN (from “Xunta de Gali-
cia”).



Topics #101-#150
CWA GTF TS+GTF ( 100(ts)+1900(gtf) )

Recall α = 0.6 MAX_OT = 2000, α = 0.5 MAX_OT = 2000, α = 0.5
0.00 0.4576 0.5379 0.5821
0.10 0.2842 0.3317 0.3417
0.20 0.2154 0.2639 0.2642
0.30 0.1788 0.2075 0.2117
0.40 0.1445 0.1600 0.1655
0.50 0.1195 0.1240 0.1309
0.60 0.0923 0.0993 0.0979
0.70 0.0717 0.0684 0.0665
0.80 0.0397 0.0373 0.0384
0.90 0.0188 0.0131 0.0129
1.00 0.0098 0.0035 0.00 38

Avg.prec. (non-interpolated) 0.1319 0.1482 0.1514
% change +12.4% +14.78%

Total relevant retrieved 1828 2301 2356
% change +25.9% +28.9%

Table 4: CWA(baseline), GTF, TS+GTF - Test
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