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In the setting of possibility theory, a tool named ‘fuzzy
pattern matching’ (FPM) has been proposed in the
eighties, and then successfully used in flexible querying
of fuzzy databases and in classification. Given a pat-
tern representing a request expressed in terms of fuzzy
sets, and a database containing imprecise or fuzzy at-
tribute values, the FPM returns two matching degrees.
Namely, for each item in the base, the possibility and
the certainty that it matches the requirements of the
pattern are computed. In multiple-source information
systems, attribute values are often assessed in linguis-
tic terms belonging to different vocabularies. The re-
quest itself, which may include preferences, may be ex-
pressed using terms of another vocabulary. The pa-
per proposes a counterpart of FPM, called ’Qualita-
tive Pattern Matching’ (QPM), for estimating levels of
matching between a request and data expressed with
words; words can be related together through a quali-
tative thesaurus or ontology, where approximate syn-
onymy and specialization relations are encoded. Given
a request, QPM rank-orders the items which possibly,
or which certainly match the requirements, according
to the preferences of the user. The proposed approach
is based on a qualitative assessment of matching de-
grees which does not necessarily require the use of nu-
merical scales. Its merits for dealing with information
querying in face of heterogeneous sources of informa-
tion are advocated. Application to the handling of tex-
tual data in information retrieval is also outlined.

Keywords: pattern matching, possibility theory, simi-
larity, preference, information systems.

1. Introduction

Information, even in standardized form, is often
expressed by words as well as numbers. When in-
formation comes from various sources, the vocab-

ularies used for expressing information are hetero-
geneous. Categories pertaining to the same con-
cept, used by one source, do not perfectly match
categories used by another in general. Moreover,
even in the case of a single information source, re-
quests may not be specified exactly in the terms
used in the data base, since they may not be known
by users. The problem of the heterogeneity of the
sources may be also due to the use of multilingual
information sources.

Measures of semantic similarity between words
have been thoroughly studied in the information
retrieval literature, taking advantage of distances
between nodes in a taxonomy, or based on com-
mon probabilistic information content (e.g. [14]).
One commonly investigated strategy when a user’s
query fails, is to generate similar queries in place of
it (e.g. [2]) on the basis of ontologies or thesaurus.
Generally speaking, these concerns may be seen as
parts of a new research trend, sometimes referred
to as “computing with words” [16].

Besides, a querying process may involve user’s
preferences which can be taken into account when
the queries are allowed to be flexible (e.g. [1,
11]).Then, the pieces of information which are re-
trieved are rank-ordered according to the user’s
preferences. Fuzzy set based approaches have been
developed for representing flexible queries, and can
be applied to regular databases as well as fuzzy
databases containing ill-known attribute values,
also represented by means of fuzzy sets. A tool,
called ‘fuzzy pattern matching’ [5,9,8] has been
proposed in the framework of possibility theory. It
computes to what extent it is possible, and to what
extent it is certain that a piece of information, en-
coded as a tuple of (fuzzily) known attribute val-
ues, satisfies a flexible request expressed by means
of fuzzy sets representing the preference profiles of
the user on the attributes of interest.

In FPM, each label appearing in the request
or in the database is represented by a fuzzy set.
Fuzzy sets defined on the same attribute domain
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can be compared, by means of a set of two mea-
sures, which acknowledges the asymmetry between
the pattern which expresses a requirement and the
pieces of information. In this paper, we keep the
main features of the fuzzy pattern matching ap-
proach as much as possible, and we adapt it to
symbolic labels. The intended purpose of the ap-
proach is to deal with queries stated in terms of lin-
guistic labels (maybe weighted for expressing pref-
erences). These queries are to be evaluated in face
of a database also containing linguistic terms. The
matching between the labels in the request and
the data does not require perfect identity, but will
be a matter of semantic similarity computed by
means of a weighted net associated with each at-
tribute domain. Thus, the labels are no longer ex-
plicitly associated with fuzzy set representations,
but their semantic relationships are still assumed
to be estimated in terms of two measures, as in the
fuzzy pattern matching technique, and the evalu-
ation process remains qualitative in nature.

The paper, a fully revised version of [12], is orga-
nized as follows. Section 2 provides a background
on fuzzy pattern matching. Section 3 states the
qualitative pattern matching problem. Sections 4
to 7 present the approach and illustrates it on a
running example. The notion of “possibilistic on-
tology” is first introduced. Based on this notion,
the evaluation of a request is discussed, before con-
sidering requests including priority levels, or allow-
ing for disjunctive data in the information source.
Section 8 outlines an application of the approach
to the handling of textual information. Section 9
summarizes the main features of the approach.

2. Background on fuzzy pattern matching

By a pattern, we mean here a set of elementary
requirements encoded by labels of properties refer-
ring to attribute domains. For instance, the pat-
tern ‘cheap and large’ in face of a database stor-
ing descriptions of houses to let is supposed to
specify the requirement that the value of the at-
tributes, price and size, for the houses that the
user is in search of, should respectively match with
‘cheap’ and ‘large’. The basic idea is to attach, to
each label of a pattern, the membership function
of a fuzzy set restricting the values which are more
or less compatible with the meaning of the label.
These values belong to some prescribed domain

corresponding to the range of the attribute which
the label refers to. Thus, in our example, ‘cheap’
and ‘large’ are associated with membership func-
tions defined on the respective attributes domains.
In place of a numerical domain, we may have a dis-
crete set of typical values as well. Besides, data are
also represented by lists of labels whose compo-
nents are associated with fuzzy sets. These fuzzy
sets are viewed as possibility distributions which
model the imprecision pervading the data, and re-
strict the more or less possible values of the consid-
ered attributes, which may be ill-known. Namely,
the possibility distribution, corresponding to a la-
bel in the requirement list, refers to only one (ill-
located) element of the domain of the concerned
attribute (which is supposed to be single-valued).

The basic asymmetry of the pattern-data match-
ing is preserved by this modeling convention. In-
deed, a fuzzy pattern represents an imprecisely
described class of objects which are looked for.
Namely, let T and T ′ be respectively a pattern la-
bel (i.e. a requirement) and an item component
pertaining to the same single-valued attribute (i.e.
a piece of data), which are to be compared. T and
T ′ refer to the same domain U conveying their
meanings. Let µT be the membership function as-
sociated to label T and πT ′ be the possibility dis-
tribution attached to T ′. Both are mappings from
U to [0, 1]. Let u be an element of U . Then µT (u)
is the grade of compatibility between the value u
and the meaning of T . Namely, µT (u) = 1 means
total compatibility with T and µT (u) = 0 means
total incompatibility with T .

By contrast, πT ′(u) is the grade of possibility
that u is the value of the attribute describing the
object associated with the item. T ′ is a fuzzy set
of possible values (only one of which is the genuine
value of the ill-known attribute), while T is a fuzzy
set of more or less compatible values. In partic-
ular, πT ′(u) = 1 means that u is totally possible
(however, there may exist distinct values u and u′

such as πT ′(u) = πT ′(u′) = 1), while πT ′(u) = 0
means that u is totally impossible as an attribute
value of the object to which the item pertains. In
the following, µT and πT ′ are always supposed to
be normalized, i.e. there is always a value which
is totally compatible with T , and a value totally
possible in the range T ′.

Two scalar measures are used in order to esti-
mate the compatibility between a request element
(pattern atom) T and its counterpart T ′ in the
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data (item list): a degree of possibility Π(T ;T ′)
and a degree of necessity N(T ;T ′) defined by [5]:

Π(T ;T ′) = sup
u∈U

min(µT (u), πT ′(u)), (1)

N(T ;T ′) = inf
u∈U

max(µT (u), 1− πT ′(u)). (2)

The measure Π(T ;T ′) estimates to what extent
it is possible that T and T ′ refer to the same value
u. Π(T ;T ′) is a degree of overlapping of the fuzzy
set of values compatible with T , with the fuzzy set
of possible values of T ′. The measure N(T ;T ′) es-
timates to what extent it is necessary (i.e. certain)
that the value to which T ′ refers is among the ones
compatible with T . N(T ;T ′) estimates the inclu-

sion of the possible values of T ′ into the set of
values compatible with T .

The limiting cases where Π(T ;T ′) and N(T ;T ′)
take values 0 and 1 are useful to study in order
to lay bare the semantics of these indices. For any
fuzzy set, F on U , let F ◦ = {u ∈ U |µF (u) = 1} be
the core of F , and s(F ) = {u ∈ U |µF (u) > 0} its
support. Then it can be checked that [9]:

1. Π(T ;T ′) = 0 iff s(T ) ∩ s(T ′) = ∅,
2. Π(T ;T ′) = 1 iff T ◦ ∩ T ′◦ 6= ∅,
3. N(T ;T ′) = 1 iff s(T ′) ⊆ T ◦,
4. N(T ;T ′) > 0 iff T ′◦ ⊂ s(T ) (strict inclusion).

It can be shown that Π(T ;T ′) ≥ N(T ;T ′). Note
that when T ′ is precise, i.e. ∃t′, πT ′(t′) = 1 and
∀u 6= t′, πT ′(u) = 0 which can be written T ′ =
{t′}, then Π(T ; {t′}) = N(T ; {t′}) = µT (t

′).
Note also that for µT = πT ′ , Π(T ;T ′) = 1, and

when T is a genuine fuzzy set, 1 > N(T ;T ′) ≥ 1
2 .

This acknowledges the fact that even if µT = πT ′ ,
we cannot be completely certain that a value re-
stricted by the possibility distribution πT ′ is in-
cluded in the core of the fuzzy set T . In partic-
ular for continuous membership functions on do-
mains which are subsets of the real line, (2) yields
N(T ;T ′) = 1

2 if µT = πT ′ . Indeed, there are val-
ues which are close to be possible at degree 0.5,
and which are not in the 0.5-level cut of T , i.e. in
{u, µT (u) ≥

1
2}.

The atomic measures of possibility and neces-
sity are aggregated separately in order to obtain
two global measures between the whole pattern
and the whole item. When the pattern expresses
a conjunction of elementary requirements “T1 and
. . . and Tn”, this aggregation is performed using
the min operation and preserves the respective se-
mantics of the measures in terms of possibility and

necessity. Indeed, we have [9]:
Π(T1×. . .×Tn;T

′

1×. . .×T
′

n) = mini=1,...,n Π(Ti;T
′

i )
N(T1×. . .×Tn;T

′

1×. . .×T
′

n) = mini=1,...,n N(Ti;T
′

i )
where Ti and T ′

i are supposed to be defined on
the same domain Ui, and where × denotes the
Cartesian product defined for two fuzzy sets Fi

and Fj by : ∀ui ∈ Ui,∀uj ∈ Uj , µFi×Fj
(ui, uj) =

min(µFi
(ui), µFj

(uj)).

3. The symbolic matching problem

In the following, we still assume that the labels
which are used in the request or in the base refer
to precisely identified attributes. This means that
the items stored in the database are described in
terms of attributes i, with i = 1, n. For each at-
tribute i, let Ti be the set of labels pertaining to
it. Namely, Ti = {t

j
i , j = 1, n(i)}, where tji denotes

a label (e.g. ‘hotel’) which can be used for assess-
ing the value of attribute i (e.g. ‘lodging’). Labels
pertaining to the same attribute are no longer as-
sociated with fuzzy set representations as already
said, but their meanings are related through a so-
called “possibilistic ontology” Oi, following an idea
already suggested in [10].

This means that Oi is associated with two
graded relations. For two labels tji and tki we have:

- Π(tji , t
k
i ) = Π(tki , t

j
i ) assesses to what extent tji

and tki can refer to the same thing. Note that

Π(tji , t
k
i ) = 0 means that the two labels never refer

to the same thing.
- N(tji , t

k
i ) assesses to what extent it is certain that

tki is a specialization of tji . N is not symmetrical.

N(tji , t
k
i ) = 1 = N(tki , t

j
i ) expresses that tji and tki

are perfect synonyms. N(tji , t
k
i ) = 0 expresses a

total lack of certainty that tki specializes tji .
The possibly graded relations Π and N are only

assessed on a subset of the Cartesian product
Ti × Ti, for each i, as it will be illustrated on an
example in the next section. The missing grades
are supposed to be evaluated by taking advantage
of the following properties:

N(tji , t
h
i ) ≥ min

(

N(tji , t
k
i ), N(tki , t

h
i )
)

, (3)

Π(tji , t
h
i ) ≥ N(tji , t

k
i ) ∗Π(tki , t

h
i ), (4)

with a ∗ b = b if b > 1 − a and a ∗ b = 0 oth-
erwise. (3) is the transitivity of the specialization
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[15]. The “hybrid transitivity” (4) expresses that
if tki specializes tji and if tki and thi can refer to the

same thing, then the meanings of tji and thi over-

laps as well (since tji encompasses a larger set of
situations than tki ); see [7] for a proof of (3)-(4) .

Moreover, we should have Π(tji , t
j
i ) = 1, and

Π(tji , t
k
i ) = Π(tki , t

j
i ). Assuming that the labels

have a clear-cut meaning, we can state N(tji , t
j
i ) =

1. Otherwise, we only have N(tji , t
j
i ) ≥

1
2 . It is as-

sumed that Π(tji , t
k
i ) ≥ N(tji , t

k
i ), since specializa-

tion entails that the meanings overlap. In the same
way, if N(tji , t

k
i ) > 0 we should have Π(tji , t

k
i ) = 1,

since if it is somewhat necessary (i.e. certain) that
tki matches tji , it has to be fully possible.

So in practice, starting with a partial definition
of N and Π, the relations are completed by ap-
plying repeatedly (3) and (4) and the above con-
straints. The other non specified values of N or Π
will be assumed to be zero by default. However,
remember that Π(tji , t

k
i ) = 0 means that the mean-

ings of the two labels do not overlap, so the default
assumption on Π is a close-world-like assumption.

In practice, binary-valued measures Π and N
may be often used. We then distinguish between
three cases: i) one of the labels specializes the
other ( Π(tji , t

k
i ) = N(tji , t

k
i ) = 1 or Π(tji , t

k
i ) =

N(tki , t
j
i ) = 1); ii) the two labels have overlap-

ping meanings (Π(tji , t
k
i ) = 1 and N(tji , t

k
i ) =

N(tki , t
j
i ) = 0); iii) the meanings of the two la-

bels are fully distinct (Π(tji , t
k
i ) = N(tji , t

k
i ) =

N(tki , t
j
i ) = 0). This trichotomy may be refined

by introducing some intermediary grades. In any
case, only a small number of intermediary grades
between 1 and 0 will be used. It will enable us to
distinguish in particular between situations where
a term is for sure a specialization of another
(N(tji , t

k
i ) = 1), from situations where it is gener-

ally a specialization (N(tji , t
k
i ) > 0).

Requests will be also stated in terms of labels
tji ’s belonging to the Ti’s. A request R will be seen
as a set {Ti} representing a conjunction of elemen-
tary requirements Ti where each Ti will be a dis-
junction of tji ’s where t

j
i ∈ Ti, i.e. Ti =

∨

j∈R(Ti)
tji

where R(Ti) is the set of indices involved in Ti, e.g.
Ti = ‘hotel’ or ‘motel’. More generally, the terms
in the disjunction will be prioritized, in order to
express user’s preferences (e.g. ‘hotel’ or possibly
‘motel’. See section 6).

It will be first assumed that the attribute val-
ues of data are described by means of a unique la-

bel, T ′

i = {t
′k
i } where t

′k
i ∈ Ti. More generally, T ′

i

will not be represented by a singleton, but by a
(maybe weighted) disjunction of t

′k
i ’s for express-

ing that the attribute value is imprecisely known
with respect to the vocabulary Ti (section 7).

4. The notion of a possibilistic ontology

To illustrate the approach, we will consider a
database made of holidays’ areas, with only three
attributes to keep the example simple enough. At-
tributes are:

1. The lodging type, which is a label like hotel

or campsite, (or more generally a disjunction)
2. The place (country, area, etc.)
3. The price, a numerical value (considered only

at the end of the next section).

Possibilistic ontologies, in the sense of section 3
are used to define a vocabulary pertaining to each
attribute. Considering that data are described by
means of n linguistic attributes, we need to define
n ontologies. However, numerical attributes (as the
price in our case) do not require a restricted vocab-
ulary, since then the information can be directly
represented by a fuzzy set on the attribute domain.

Let Ω be the set of ontologies that we will use:
Ω = {Oi} i=1,n. Each ontology Oi is composed of
terms tji : ∀i ∈ [[1;n]] , Oi = {tji ∈ Ti}, where Ti is
the vocabulary for attribute i, as defined in section
3. As already said in this section, we use possibil-
ity (Π) and necessity (N) to represent closeness in
meanings, specialization and synonymy, relations
in ontologies. For example, if tji is an hyponym of

tki (i.e. tji specializes tki ), then N(tki ; t
j
i ) = 1. Oth-

erwise, if 0 < N(tki ; t
j
i ) ≤ 1, we are not completely

sure that the term tji is more specific than tki . If

Π(tki ; t
j
i ) ∈ [0, 1[ , it expresses that tki and tji may

occasionally refer to the same thing, but that this
is not generally the case (e.g. ‘Great Britain’ and
‘sunny country’).

In our example, we define two ontologies, one
for the lodging types (Fig. 1) and one for vacation
area (Fig. 2). These networks are simplified repre-
sentations of how similarity relations between la-
bels can be perceived. These ontologies are made
up for the needs of the example, and do not claim
to be genuine and complete ones. Moreover, these
networks only exhibit direct linkage, since missing
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boarding 
house

luxury
hotel

apartment
hotel

residential
hotel

motel motor inn caravan inn

hotel lodge
inn campsite

lodging

0.6
1 1 1 0.6

1 1
1

1

1 1

0.6

0.4
0.6

0.6

1

1

0.4

0.6

0.4
0.6

0.6

N(A;B) Π(A;B)

1

B A B A

Fig. 1. Ontology defining the lodging vocabulary

weights can be recovered using (3) and (4) and the
other constraints as explained in section 3.

Note that some words like lodge and inn, or mo-

tel and motor inn are only considered as possible
synonyms. However, assessing for lodge and inn,
that the possibility of referring to the same thing
is 1, gives no information concerning the necessity.
It is possible for some lodges to be an inn, and
vice-versa, but it could exist lodges that are not
considered as inns. Besides, when the necessity be-
tween two terms, as for motel and motor inn, is 1,
the two terms are regarded as genuine synonyms,
that is, they have exactly the same meaning.

Values of possibilities and necessities in such
an ontology are qualitative in nature, and deter-
mined from the semantics of the terms. For ex-
ample, N(hotel;motel) = 0.6, means that we sup-
pose that there exist motels that cannot be con-
sidered as hotels, but motels are generally hotels.
Although, we are using a numerical encoding, the
values are not meaningful in themselves, but just
their orderings. In practice, we use only a small
number of possible values, here {0, 0.4, 0.6, 1}.

N(A;B)
(A;B)

1
1

1

1 1

sunny country

Great Britain

England
Mediterranean country

SpainGreece
France
0.6

0.4

1Π
B
B

A
A

Canaries' islands

Fig. 2. Ontology defining the vacation area vocabulary

A recent work [4] considers a different form
of weighted ontology, which is more oriented to-
ward relevance issues, from an information re-
trieval point of view, rather than toward the eval-
uation of genuine similarities of meanings. The au-
thors in [4] introduce a specialization and a gener-
alization degree, the second degree being smaller
than the first one. For instance, ‘poodle’ may be
regarded as a 0.9 specialization of ‘dog’, while ‘dog’
is only a 0.4 generalization of ‘poodle’. The idea

seems to be here that a request looking for doc-
uments about ‘dog’ may be extended with a 0.9
relevance expectation to documents about ‘poo-
dle’, while a request looking for ‘poodle’ can be ex-
tended into a request about ‘dog’ with only a 0.4
expected relevance. In our model, we also use two
types of weights, but their semantics completely
differ from the intented meanings of the degrees
used in [4]. Indeed, the possibility weights are sym-
metrical on the one hand, while N(tji , t

k
i ) = α > 0

does not entail anything about N(tki , t
j
i ) even if

α = 1 on the other hand. This departs from the
specialization and generalization degrees which are
usually strictly positive simultaneously.

Moreover, the product is used in [4] as a transi-
tivity operator (in place of min in (3) in our ap-
proach). The use of product entails a weakening
of weights with the depth in the ontology. This
makes the ontology “granularity dependent”. How-
ever, exploring two tree levels in specialization is
better than one level in generalization (since with
the above value, 0.9× 0.9 > 0.4).

In our approach, the issue is more to estimate if
the meaning of a label in a request covers, or just
overlaps a label pertaining to the same attribute,
appearing in a piece of data. Moreover, due to the
use of the min operation, the computation of the
matching degrees does not depend on the granu-
larity of the ontology.

Building a possibilistic ontology may be a dif-
ficult task, specially if it is done by hand. Some
binary ontologies exist, such as WordNet [13], ex-
hibiting different kinds of relations between con-
cepts. To some extent, these relations can be
mapped to possibility and necessity degrees val-
ues. For instance, relations such as synonymy and
hyponymy (i.e. specialization) yield necessity de-
grees, as already discussed. Other relations, like
meronymy (such as room for hotel) or “see also”
could be interpreted in terms of possibility degrees.
A degree of possibility may reflect the category
of the relation that it comes from. Another ap-
proach (e.g. [6]) could use corpus analysis and sta-
tistical co-occurrence of terms to establish rela-
tions. In any case, the ontologies should be checked
and tuned by experts, even if their draft version
is automatically generated. This is necessary not
only because of the limitations of the automatic
generation process, but also because ontologies
are application-dependent and often include prag-
matic information. The expert may thus weaken
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some necessity links, originally graded to 1, when
he knows that exceptions can be encountered (e.g.
motels which may not be genuine hotels).

5. Evaluation of a request

A query is described as a set R of terms or
compound terms Ti for a set of attributes. There
is at most one Ti in R for each attribute i. The
set R will be interpreted as a conjunction in the
evaluation. Each Ti is a disjunction of terms from
the vocabulary defined by the ontology associated
with the attribute. Namely, R =

∧

i∈A(R) Ti and

Ti =
∨

j∈R(Ti)
tji where A(R) is the set of at-

tributes involved in the query and R(Ti) is the set
of the terms involved for attribute i. Each tji be-
longs to the ontology Oi. An example of such a
request is R = (hotel ∨ inn) ∧ (sunnycountry).

To evaluate a query means to retrieve all data
T ′ such that Π(R, T ′) or N(R, T ′) are non zero,
where Π(R, T ′) and N(R, T ′) estimate to what
extent the piece of data T ′ possibly or certainly
matches the request R. Formally, we have to eval-
uate πi = maxj∈R(Ti) Π(tji , t

′k
i ) where T ′

i = {t
′k
i }.

The maximum is used since Ti is defined as a dis-
junction. Likewise, we compute the necessity value
νi = maxj∈R(Ti) N(tji , t

′k
i ). Note that if the data

term t
′k
i , is the same as the query attribute tji ,

then πi = νi = 1 and the piece of data matches
exactly the query for the ith attribute. Since the
query is supposed to be a conjunction over at-
tributes, we compute the final score of the query as
the minimum between attribute scores Π(R, T ′) =
mini=1,n πi and N(R, T ′) = mini=1,n νi. Then, the
pieces of data T ′ are sorted first according to the
decreasing values of N(R, T ′) and then according
to the decreasing values of Π(R, T ′) for T ′ sharing
the same value for N(R, T ′).

In this section, the above disjunction is supposed
to be a crisp one, but we will extend it to a fuzzy
one in the next subsection. In the following, we
only consider the attributes involved in the query,
for the pieces of data. Like in the query, data are
sets of (compound) terms for the considered at-
tributes, i.e. T ′ = {T ′

i , i ∈ A(R)}. We also assume
that the data attribute values are singleton terms
from the ontology, i.e. T ′

i = {t
′k
i } where t

′k
i ∈ Oi .

Note that if R contains a disjunction whose
expression is redundant w.r.t. the ontology, i.e.

R = t ∨ t′ and N(t, t′) = 1 is true in the ontology,
then it can be checked that the application of the
two request t and t∨ t′ yield the same result w.r.t
a database. Indeed, it is expected that enlarging a
request by introducing more specialized terms in
it is innocuous.

We now illustrate our approach with the follow-
ing example. Let us consider the above query
R = (hotel ∨ inn) ∧ (sunnycountry). Let us as-
sume we have the data base:

lodging area price

1 hotel England [65,70]

2 boarding house Spain 25

3 lodge Greece cheap

4 motel France moderate

Let us evaluate the query. For the first row, we
have πlodging = max (Π(hotel, hotel),Π(inn, hotel))
and πarea = Π(sunnycountry,England). Obvi-
ously, Π(hotel, hotel) = 1 and according to the
ontology, Π(inn, hotel) = 0.6, so πlodging = 1.
As England has an indirect relation with sunny

country, we get that πarea = 0.4, thanks to 4. So
Π(R, T ′

1) = min(πlodging, πarea) = 0.4. Moreover,
we have N(R, T ′

1) = 0.
Likewise, for the second row, we have νlodging =

max(N(hotel, boardinghouse), N(inn, boardinghouse)).
With the ontology, we haveN(hotel, boardinghouse)
= 0.6 andN(inn, boardinghouse) = 0, so νlodging =
0.6. In the same way, νarea = N(sunnycountry, Spain)
= 1. Consequently,N(R, T ′

2) = min(νlodging, νarea)
= 0.6 and Π(R, T ′

2) = 1. We can check that
N(R, T ′

3) = 0 and Π(R, T ′

3) = 1.
The fourth row illustrates a “transitivity-like”

property. Whereas we have no information about
N(inn,motel), the ontology givesN(inn,motorinn)
= 1 andN(motorinn,motel) = N(motel,motorinn)
= 1. Namely, we know that a motorinn is a spe-
cialization of inn and thatmotel andmotorinn are
synonymous. We can infer thatN(inn,motel) = 1.
In the same way, we have N(hotel,motorinn) =
0.6 since N(hotel,motel) = 0.6. Finally, we get :
N(R, T ′

4) = min(0.6, 0.6) = 0.6 using the ontology
pictured in Fig.2.

Note that the “transitivity” is only allowed in
the sense of (3) and (4). For example, we could
not infer anything about Π(lodge,motorinn) from
Π(lodge, inn) = 1 and N(inn,motorinn) = 1. In-
deed, we know that the meanings of lodge and
inn overlap and that motorinn specialize inn, but
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it can correspond to a type of inns that are not
lodges. As an answer, we obtain the following rank-
ing (row,Π,N): (2, 1, 0.6); (4, 1, 0.6); (3, 1, 0); (1,
0.4, 0). Indeed row 4 is ranked after the row 2,
since it has obtained the grade 0.6 for necessity on
both criteria, while row 2 has a better grade on
one of the query’s criteria (νarea = 1).

Let us now consider a query component about
price: R′ = (moderate). In order to match numer-
ical values with this linguistic term, we need to
define a representation of labels such as ‘moder-
ate’ in terms of price values, for a given price vo-
cabulary, i.e. to define a (fuzzy) price distribution
for each term in this vocabulary. This can be done
like in figure 3. Note that ranges of prices associ-
ated with labels (e.g. cheap) are user- and context-
dependent, and thus should be obtained from the
user. This is rather easy since only endpoints of
intervals have to be elicitated.

8020 6040 Price

π/µ

1

0.5

0

Cheap Moderate Expensive

Fig. 3. Distributions of prices

Evaluating this query with classical FPM, using
(1) and (2), we have the following results (row,Π,
N): (4,1,0.5); (1,0.75,0.5); (3,0.5,0); (2,0.25,0); Note
that the necessity N(moderate,moderate) is 0.5,
due to the max(µmoderate(u), 1 − πmoderate(u)) in
(2). The evaluation on the first row for ‘moder-
ate’ and ‘expensive’ is worth to be examined. In-
deed, we have Π(moderate, [65, 70]) = 0.75 and
N(moderate, [65, 70]) = 0.5 . Observe here that
the possibility is not 1 although the necessity is
strictly positive, because ‘moderate’ has a fuzzy
meaning. In the same way, Π(expensive, [65, 70]) =
0.5 and N(expensive, [65, 70]) = 0.25. The con-
straints N(tji , t

k
i ) > 0 ⇒ Π(tji , t

k
i ) = 1 no longer

holds, since we have a fuzzy query, only the con-
straint of section 2, i.e. Π(T ;T ′) ≥ N(T ;T ′) holds.
As [65, 70] is nearer to ‘moderate’ than to ‘expen-
sive’, the degrees are higher.

Such evaluations can be combined with the
previous ones with min operation, thus allow-
ing for the evaluation of compound queries deal-
ing with heterogeneous data, expressed in differ-
ent ways (terms, values, intervals). The combina-

tion of the matching degrees obtained by sym-
bolic pattern matching (as described in this paper)
with the matching degrees computed by fuzzy pat-
tern matching (as recalled in section 2) raises the
problem of the commensurability of the scales. In-
deed, the fuzzy pattern matching applied to con-
tinuous membership functions can yield any real
number in [0,1], while symbolic pattern match-
ing is supposed to use only discrete scales with a
rather small number of levels, which however may
be numerically encoded for convenience. Assum-
ing that the symbolic pattern matching uses a fi-
nite scale with homogeneously distributed levels
as, e.g. {0,0.2,0.4,0.6,0.8,1}, the grades obtained
by fuzzy pattern matching can be approximated
to their closest value on this scale. Since the two
matching procedures are both based on possibility
and necessity degrees, this allows us to combine
the elementary evaluations computed for each at-
tribute. For instance, if we consider the compound
query R ∧R′ in the above examples, we get row 4
ranked first. Then come rows 3, 1 and 2.

6. Prioritized requests

Let us now consider more general queries by al-
lowing for fuzzily weighted disjunctions in them.
This enables the user to express preferences in the
data selection, by prioritizing the query terms.

This is done by adding a weight to each query
term. The query element Ti is now considered as a
fuzzy set, and the weights represent to what extent
the elementary terms are belonging to the query.
We can symbolically write Ti =

∨

j∈R(Ti)
(λj

i , t
j
i ),

where λj
i is the weight of term tji . We assume that

λj
i ∈ [0, 1] and that maxj λ

j
i = 1, which means that

there is at least one term that perfectly fits the
user’s need. This representation can be used to ex-
press ideas or concepts that are not defined in the
ontology, by combining different existing terms.
For example, the user can define a cosy lodging as:
(0.5,lodge) ∨ (0.7,motel) ∨ (0.8,apartment hotel)
∨ (1,luxury hotel). The query is then evaluated by
way of a weighted maximum [9]:
πi = maxj∈R(Ti)(min(λj

i ,Π(tji , t
′k
i ))),

νi = maxj∈R(Ti)(min(λj
i , N(tji , t

′k
i ))). Let us con-

sider the request:R = (cosylodging)∧(sunnycountry).
For the fourth row, νlodging is no longer 0.6.
We have νlodging = max(min(0.5,0), min(0.7,1),
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min(0.8,0),min(1,0)) = 0.7. Besides, µsunnycountry =
0.6. The final result will be now for the triple
(Row,Π, N): (4, 0.7, 0.6); (3, 0.6, 0.5); (2, 0.6, 0);
(1, 0.4, 0).

As in the price query of section 5, one of require-
ments in the request is fuzzy. This is why values
less than 1 can be obtained for the possibility when
the necessity degree is strictly positive.

The same kind of weight can be used to express
a preference between the attributes themselves. In
our example, the lodging type can be less impor-
tant than the country, so that the query becomes:
R =

∧

i∈R(i)(ωi, Ti) where ωi has the same con-

straints as λj
i and represents the importance of the

attribute in the query. Here, as we have a conjunc-
tion, the evaluation will be [9]:
Π(R, T ′) = mini∈R(i) max(1− ωi, πi),
N(R, T ′) = mini∈R(i) max(1 − ωi, νi). As an ex-
ample, first consider the request (0.2, (1, hotel) ∨
(0.6,inn)) ∧ (1, (0.4,England) ∨ (1, sunny coun-
try)) which privileges the area attribute. This will
give as a result: (2, 1, 0.8);(3, 0.8, 0.8);(4, 1, 0.6);(1,
0.4, 0.4). Take now the request (1, (1, hotel) ∨
(0.6,inn)) ∧ (0.7, (0.4,England) ∨ (1, sunny coun-
try)) where the lodging is more important; we get:
(4, 1, 0.6);(2, 1, 0.6);(1, 0.4, 0.4);(3, 0.6, 0). Lower-
ing the importance of the area in the query leads to
prefer row 4, which corresponds to a place which is
not sunny with full certainty (nor England). Row
1 is now preferred to row 3. Indeed, the lodging
type is better for row 1 than for row 3, although
Greece is sunnier than England. It is why giving
more importance to the lodging type than to the
area improves the ranking of the row 1.

7. Disjunctive data

To be more general, we can allow for disjunctive
labels in the data, i.e. imprecise descriptions such
as hotel ∨ inn. For each attribute, T ′

i , which was
a singleton in the previous sections, can now be a
set , or more generally a fuzzy set of terms. We
now have T ′

i =
∨

k∈D(T ′

i
) λ

′k
i /t

′k
i , where D(T ′

i ) is

the set of terms involved in the attribute value of
the piece of data. The evaluation of possibility and
necessity degrees becomes:
Π(Ti, T

′

i ) = maxj,k min(λj
i , λ

′k
i ,Π(tji , t

′k
i ))

N(Ti, T
′

i ) = maxj∈R(Ti) min(λj
i ,mink∈D(T ′

i
) n

k
i )

where nk
i = max(1 − λ

′k
i , N(tji , t

′k
i )). The formula

giving N(Ti, T
′

i ) expresses that it should exist a

term tji in the request such that all the t
′k
i ’s ap-

pearing in T ′

i are specializations of tji . Indeed, the
description of the attribute value of a piece of the
data is imprecise and whatever the attribute value
is, we should be certain that the request is satis-
fied. Moreover, the requirement that t

′k
i is a spe-

cialization of tji is all the less compulsory as λ
′k
i

is small (at the extreme, when λ
′k
i = 0, i.e. t

′k
i

does not appear in T ′

i , N(tji , t
′k
i ) should have no

influence).
An example of such data is: D = { (1,hotel) ∨

(0.5,motel) ; France}, which means that it is pos-
sibly an hotel or a motel, and more likely an hotel.
Let the query beR = (1, hotel). The ontology gives
N(hotel,motel) = 0.6 and Π(hotel,motel) = 1.
Thus, we have:
πlodging = max(min(1, 1, 1),min(1, 1, 0.5)) = 1
νlodging = min(1, a) = 0.6 with
a = min(max(1 − 1, 1),max(1 − 0.5, 0.6)) = 0.6
Indeed the attribute value can be a motel and a
motel can differ from an hotel (see Fig.1). As we
are looking for an hotel, the data does not match
perfectly the request, which is shown by the neces-
sity νlodging < 1.

This result would remain the same if we had :
D = { (1,hotel) ∨ (1,motel);France}, since the
max operation keeps the necessity degreeN(tji ; t

′k
i )

and not the value of the weight. To change the
ranking, the importance of the term (here mo-

tel) has to be decreased such that λ
′k
i < 1 −

N(tji ; t
′k
i ), which defines an importance threshold.

Indeed, with D = { (1,hotel)∨(0.3,motel);France},
we would have νlodging = 0.7. This can be com-
pared with D = { (0.5,hotel)∨(1,motel);France},
giving also πlodging = 1 and νlodging = 0.6. In
this latter case, changing the hotel weight does not
change the degrees, since N(hotel,motel)=0.6. Be-
sides, it can be checked that if the weight of motel

is set to 0, we recover νlodging = 1, as the query and
the data match perfectly (which is indeed equiva-
lent to having hotel only in the description of the
piece of data).

Note that if the data attribute is a disjunction
of perfect synonyms (t

′1
i ∨ t

′2
i ) having the same

weight, the evaluation will be equivalent to consid-
ering only one of the terms. Indeed Π(t

′1
i , t

′2
i ) = 1

and N(t
′1
i , t

′2
i ) = N(t

′2
i , t

′1
i ) = 1, since the two

terms are perfectly matching, and thus it can be
checked that N(tji , t

′1
i ) = N(tji , t

′2
i ), using (3) and

Π(tji , t
′1
i ) = Π(tji , t

′2
i ) due to (4).



Y. Loiseau, H. Prade, M. Boughanem / Qualitative pattern matching 9

8. Textual data

The approach presented above can be adapted
with some modifications to textual information. A
piece of text is viewed as a list of single words
where non-significant words are dropped. However,
we focus our attention on short texts, such as
e.g. titles, where information retrieval approaches
based on statistics on the occurrence of words do
not apply. A row in the database, as in the above
approach, is now replaced by a conjunction of sig-
nificant words. The evaluation of a query, repre-
sented as a weighted disjunction or conjunction of
keywords, can then be done as in the spirit of the
previous sections.

However, some new issues are raised when deal-
ing with this kind of data. As the ontology refers
to concepts, which can be labeled by groups of
words, these concepts should be recognized in the
text. This remark shows the limitation of the use
of ontologies in this kind of search, when natural
language processing techniques are not used (as it
is often the case in information retrieval). Indeed,
the natural method would be to use a tagger and
a parser in order to identify the conceptual cat-
egories of the words and concepts, as done in [4]
for example. To really deal with texts, we would
need at least a simple textual analyzer, making a
parsing or an indexing phase, but this is not the
issue considered in this section.

An easier (but more näıve) solution might be to
identify phrases by grouping words according to
proximity and match them with the ontology. If
the ontology only contains single words or phrases
that directly appear in the text (up to a lemmati-
sation of the words), our pattern matching proce-
dure can be applied.

Let’s consider the following database containing
titles of papers:

1 Dealing with vagueness of natural languages

2 Tolerant fuzzy pattern matching: an introduction

3 A hierarchical model of fuzzy classes

4 Resolution principles in possibilistic logic

5 Weighted fuzzy pattern matching

6 Flexible queries to a crisp database

In fact, we take into account the neighbourhood
of each term in the evaluation, in order to solve
the problem illustrated by title 6. Namely, suppose
we are looking for articles about ‘fuzzy databases’.

Then, even if we know (from the ontology) that
‘flexible’ and ‘fuzzy’ are often synonyms (N=0.8),
and therefore if we replace the former by the latter
term in the sixth paper title, the title should not
match the query since what is sort of ‘fuzzy’ in
this article is the ‘queries’ but not the ‘database’,
which is in fact ‘crisp’ ! To deal with such a case,
we need to take into account the proximity of the
terms in the text.

fuzzy database

database

crisp database

fuzzy system

fuzzy query
1 1 1 1

fuzzy pattern matching

1

1

fuzzy

flexible

weighted
1

0.8 resolution

evaluation

query
1

1

0.8

1

tolerant
1

vagueness

0.4
request

0.6

Fig. 4. Ontology fragment for the title example

Therefore, there are two aspects of word prox-
imity that we should manage: the phrases identifi-
cation and the word context for the query’s scope.
As it has been mentioned, we do not want to deal
with natural language processing aspects here, but
we just provide a further illustration of the poten-
tials of our approach.

Let us consider the example made by the above
title database and the ontology exhibited on figure
4 that shows a fragment of a domain-oriented on-
tology dealing with topics or keywords of articles.

Let us first evaluate the simple query: R =
fuzzy. We have N(fuzzy, vagueness) = 0.4, so
N(R,D1) = 0.4. Obviously, N(R,D3) = 1 and
N(R,D4) = 0. As N(fuzzy, flexible) = 0.8, pa-
per 6 is also retrieved with N(R,D6) = 0.8. In the
same way, N(fuzzy, tolerant) = 0.8, as ‘tolerant’
and ‘flexible’ are almost synonyms. Therefore, we
have N(R,D2) = max(0.8, 1) = 1, since D2 con-
tains both terms (idem for D5). A slightly more
complex query looking for papers dealing with
‘fuzzy request’ is understood as fuzzy ∧ request
because the expression fuzzy request does not ex-
ist as such in the ontology, even when considering
transitivity properties. Since N(request, query) =
1, D6 is the only paper which can be judged as
relevant with N(R,D6) = min(0.8, 1) = 0.8. Let
us now consider the query ‘fuzzy database’. The
label fuzzy database exists in the ontology, so the
query is interpreted as R = fuzzy database and
not fuzzy ∧ database. In the same way, by group-
ing words in the title D6, the ontology label crisp
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database is also recognized. The matching is there-
fore done between these two labels. This leads
to N(fuzzy database, crisp database) = 0 and
Π(fuzzy database, crisp database) = 0, therefore
no results are retrieved. Whereas if the words had
not been grouped together, the evaluation with
only database would have given D6 as a result,
since Π(fuzzy database, database) = 1, which is
clearly undesirable.

This short example shows that we can take ad-
vantage of the ontology itself for handling the word
context problem mentioned above.

9. Concluding remarks

The paper has proposed a new approach for
dealing with linguistic terms in querying systems.
The main features of the approach are:
- The relations between terms tji and tki are re-

flected by means of two indexes. Π(tji , t
k
i ) assesses

to what extent tji and tki can refer to the same

thing, while N(tji , t
k
i ) evaluates to what extent it

is certain that tki specializes tji . The similarity be-
tween terms does not depend on any hierarchical
distance between nodes in a taxonomy tree.
- There is no need to reformulate a query us-
ing similar terms if the initial query fails, as it is
the case with classical approaches, since an exact
matching of the terms of the query is not required.
- Preferences can be represented in the query by
weighting the terms used in it. The importance of
the attributes can be assessed as well.
- The data themselves may be imprecise since the
description of an attribute value can be made by
a fuzzy set of terms.
- The evaluation in qualitative pattern matching
parallels the one made by fuzzy pattern matching.
So it enables us to jointly handle attributes valued
by linguistic terms with numerical attributes.

A prototype has been implemented to validate
the examples given in this paper. The only notice-
able difficulty in the implementation is the prob-
lem of efficiently propagating the constraints (such
as (3) and (4)), for evaluating the possibility and
necessity degrees between two terms. In case of
large ontologies, it may be done preferably offline.

An extension of the qualitative pattern match-
ing technique to textual data has been also pre-
sented here, and has been started to be explored
in a multilingual context [3].
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