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ABSTRACT
The aim of the present paper is to propose a fuzzy set model for
information retrieval and to develop methods and algorithms for
fuzzy information retrieval based on the fuzzy set model. A
process of information retrieval is divided into three stages.
Each stage has its inherent fuzziness. As typical examples for
describing the three stages, we consider a fuzzy association as a
generalization of a fuzzy thesaurus on the first stage. a fuzzy
inverted index on the second stage, and a fuzzy filter on the
third stage. Efficient algorithms for fuzzy retrieval on large
scale bibliographic databases are developed. A significance of

the present method is that current techniques in researches of

bibliographic databases without fuzzy sets are studied in the .

framework of fuzzy sets and their implications are made c¢lear

using the model herein.

Keywords: Information Storage and Retrieval; Fuzzy Associations;
Algorithms.



1. Introduction

Researches in fuzzy information retrieval have been
concentrated on theoretiéal aspects such as processing of fuzzy
queries. e.g., [7,11.16.241, mathematical properties of a fuzzy
thesaurué [17.181, generalization of implication operators as
fuzzy relations [101. and so on. While different types of fuzzi-
ness in information retrieval have been studied in detail. prac-
tical considerations are still rare. For example. information
retrieval of bibliographic databases needs processing of a large
number of articles. Nevertheless. there have been few studies
that discuss efficient algorithms for a large set of documents
and user interfaces in an environment of a fuzzy retrieval.
Hardwares for information retrieval were not well-developed for
realizing fuzzy information retrievals several years adg0. Now .
however. computers and the peripheral devices become faster and
faster. which will enable application of theories of fuzzy infor-
mation retrieval for practical databases.

We take in this paper a conservative standpoint which means
the following. The subject of fuzzy information retrieval can be
approached from two sides. The researches mentioned above face
one side that shows various types of fuzziness possibly included
in fuzzy informatidn retrieval. The other side which will be the
subject of this paper is linked to current studies in crisp
information retrieval. Some topics of researches on this side
are as follows. How a current system of an ordinary (crisp.
nonfuzzy) information retrieval system can be extended for inclu-
ding fuzzy retrieval? What is the significance of fuzzy sets as a

mathematical model for studying current problems of interest in



crisp information retrieval? What can we contribute practically
by introducing the idea of fuzzy information retrieval? The
latter side of researches is studied by a conservative standpoint
which means that introduction of fuzziness is limited to a scope
that 1links a fuzzy mathematical model to current studies in
nonfuzzy information retrieval. Thus, we do not consider a fuzzy
user queries in detail. since a user of information retrieval may
not have . the idea of fuzzy queries. Maybe he will issue crisp
queries. He may not expect an output with membership values. We
will show that fuzzy information retrieval is still useful even
in such a case. That is. a crisp query is extended to a fuzzy
query using a fuzzy association. and the final output is summa-
rized into several classes of relevance. A user will see the
output classes without referring directly to the memberships.
While other researches in fuzzy information rétrieval pur -
suit fuzziness that are not considered in current information
retrieval system bf crisp type. the present study extracts fuzzi-
ness hidden behind current studies on crisp information retrieval
and analysis of bibliographic information. By the latter ap-
proach, implication of current researches in the field of crisp
retrieval are made clear and different topics of the current
researches are interrelated using a fuzzy set model. Of course
new results are derived and algorithms for large scale databases
are developed. Thus, We show in this paper how current studies
are put into a unified framework of fuzzy sets. Then possibili-
ties of researches that are not dea;t with in the current studies

are made clear. The possibilities include fuzzy association



retrieval that is a generalization of a fuzzy thesaurus. Fuzzy
retrieval needs 3 nhew userfinterface, which in turn requires
study of a new type of user profiles and options on output of
results of retrieval. Algorithms that are useful for é large
scale détabase are necessary for realizing fuzzy retrieval on a
practical retrieval system. How -a fuzzy information retrieval is
implemented in practice should be also studied. This paper 1is
concerned wifh all of these features. Thus, the main objective
of this paper is to show how fuzzy sets provide an appropriate
model for information retrieval and to link interest of resear-
chers in crisp information retrieval to studies in fuzzy informa-

tion retrieval.

2. Three stages in information retrieval

Let D={d1,d2,...,dﬂ} be a finite set of documents for ret-
rieval. Each document has several descriptors as indexes of the
documents. Descriptors may be keywords, citation indexes, or
other kinds of indexes. .A set of descriptors is denoted by
w={w1,w2,...,wm}. For the most part we assume that W is a set of
keywords, although W may stand for another kind of a set of
descriptors. as will be explained below. Correspondence between
a document and descriptors in W is given by a function T:D—%[O.]iw
For a given deD, T(d) means a subset of descriptors (Keywords) in
W indexed to the document d. T(d) may be crisp or fuzzy. There-
fore we assume that T(d) is fuzzy in general. The inverse of T
is denoted as U (UsT_ ). It is clear that for a given weW. U(w)

means documents that have the keyword w. T and U are represented

by fuzzy relations or matrices. We do not distinguish a fuzzy



relation and its matrix representation. as the equivalence bet-
ween a fuzzy relation defined on a pair of finite sets and a
matrix representation associated to it is trivial. In the same
way. a fuzzy set q =2 qi/wi of W is represented by a vector
q=(q1,q2,....qﬂ3. We do not distinguish between the fuzzy set g
and the vector representation ¢ by the' same reason.

A simple information retrieval system may be visualized as a
block diagram as Fig. 1 whose input is a query and output is a
response as a set of documents. Specifically. +the query is in
general a fuzzy set g of W, the response is a fuzzy set r of D.
and the relation between q and r is described by the fuzzy rela-
tion U defined on DxW. Let m, () be the membership of a fuzzy

set in general. Then, relation between the query and the respon-

se is given by (See section 4 for the detail.)

.o , . e _ /d. .
1 Z: mgx min [ L(di‘wg)' m%(w}) ] dL (1)

Note that when we put m (w-)=qj, mr(di)=ri. and uq =U(d; .uw; ). we

97 ¢
represent the two fuzzy sets as vectors q=(q1.q2.....qm) and

...}, and the fuzzy relation as a matrix U=(ui.).

r=(11.1 n i

R
Then the equation (1) is written as

r =U0g¢q (2)
using fuzzy algebra. that is, an algebra where the addition is
maximum ( é +'b = max(a,b) ) and the multiplication is minimum ¢
ab = minta.,b) ). Since we do not distinguish a fuzzy relation
and its matrix representation, the equatiqn (2) is regarded as an

abbreviation of (1). Note also that the equation (2) agrees well

with the block diaéram representation.



Let us consider a more complex diagram shown as Fig. 2.
This diagram has three components. First, a given query may hot
be adequate for the indexes of the database, therefore the input
query 1s expanded to include Synonyms and related keywords that
are moré appropriate. Thus, a fypical example of the function F
on the first stage is a fuzzy thesaurus. The second component is
already described above. The last component is called here a
fuzzy filter in information retrieval. A fuzzy filter may dec-
‘rease membership values of some part of retrieved documents 1’
after the second stage, ‘or it may increase membership of another
part of the retrieved documents. As we will see later, fuzzy
thesauri and fuzzy associations as a generalization of the former
are represented as a "linear" operation in the sense of fuzzy
algebra. On the other hand, a fuzzy filter may be nonlinear in
general, when it amplifies some part of r’'. Thus., we represent
v+ = PC UF q ) . Note that since P is nonlinear., we do not write
as r = PUFgq. although in section 5 we deal solely with a linear
filter. From now we assume that the function F is a fuzzy the-
saurus or a fuzzy associétion, and that U is a fuzzy inverted
index as explained above.

The three components F. U. and P may be studied 1in the
ordinary framework.of crisp retrieval. However, as we will see
later. the framework of fuzzy Sets is natural and adequate for
considering problems in information retrieval. From the next
section we consider how fuzziness are introduced and studied as

.each component of the three stages in Fig. 2.

3. Fuzziness in a thesaurus: first component



A thesaurus in information retrieval is a special type of a
dictionary 1in which for a title keyword associated keywords are
given in terms of a few categories of the association. Here we
deal with three categories: RT (related terms). NT (narrower
terms), and BT (broader terms). (See e.g.. [12] for detail.)
Tﬁese categories are represented as binary relations between a
Pair of keywords v,weW.

We assume that w is a title word and v is an associated word
to  w. If v is in the category NT., then the meaning of v is
narrower than that of w. If v is in BT. then the meaning of v is
broader than that of w. =~ If v is in RT. theﬁ the meaning of v is
somehow related to that of w. These relationships are
represented by three binhary relations N. B. and R: N(v.w)=1 if
v 1s in the category NT for the title word w. and N(v,w)=0
otherwise: B(v,w)=1 1if v is in BT. and B(v,w)=0 otherwise:
R(v,wl)=1 if v is in RT., and R{v,w)=0 otherwise. LIloreover, it is
natural to assﬁme that B(v.w) = N(w.v) and R(v.w) = R(w.v)
That 1is. we assume that B is the inverse relation of N and the
relation R 1is symmetric. Therefore we consider only the two
relétions R and N from now on.

It appears to be easy to consider conceptually a fuzzy
thesaurus as a generalization of R and N to fuzzy relations. It
is necessary,. however., to show how a fuzzy thesaurus 1is
constructed and used in fuzzy information retrieval.

Methods of automatic generation of thesauri have been stu-
died by a number of researchers (e.g.. [19,221). A well-Kknown

technique for this is based on counting frequencies of simulta-



ie0Us OCCUrrences ‘of pairs of.keywords in a'set of documents.
This technique is closely related to a mathematical model based
on fuzzy sets. Moreover, we have a better interpretation of this
tecﬁnique of automatic generation of thesauri using fuzzy sets.
For showing this, let us introduce a fuzzy set model.

Let C={c1.cz,...,cp} be a finite set of concepts where each
C; i=1,...p represents a unit of concept. Let h:w—%[O,llc be a
fuzzy set valued function which maps each keyword to its
corresponding concepts as a fuzzy set in C. That is. hiw), wewW
is concepts of the word w. We define two fuzzy functions R(v.w)

and N(v,w) using the set C and the function h as follows.

I h(vin h(w) |

R{v.,w) = (33
! h(viU htw) |
I h(v)N h(w) |
N(v.w) = (4)
fh(v)]

where Al for a fuzzy set A means the cardinality of A. (See t2].
Sometimes 1Al is written as },Count(A). See [8,271.)

The meaning of R and N is clearly explained by Fig. 3.
Namely, R(v.,w) 1is the "area" of intersection of h(v) and h(w)
over the area of the union of h(v) and h(w): N(v,w) is the area
"of the intersection of the two fuzzy sets over the area of h(v).
If h(v)Ch(w), that is. the concepts of v is included in the
concepts of w., then N(v,w)=1, This means that the relation N
expresses narrower terms. On the other hand. R(v,w)=1 if and
only if h(v)=h(w). It is also easy to see that R(v.w)=R(w,v),
whereas N(v,w)#N(w,v) in general. The difference between R and N

is 1illustrated by the area surrounded by a dashed curve in Fig.



3. 1if this area means h(v), then N(v,w)=1 but Rv,w)<K1. .From
the above property it is natural to call the abové fuzzy rela-
tions as a fuzzy thesaurus. The relation R defined by (3) and N
defined by (4) can be considered as a generalization of RT and NT
in the usual sense, respectively. Note that if we apply alpha-
cuts onR and N, we will have a pair of binary vrelations that
imply RT and NT in the usual form.

Application of the above model for automatic generation of a
thesaurus needs specification of the set C. To specify C preci-
sely is of course impossible. Therefore we replace the set C by
another set that is available for practical use. This replace-
ment implies that we allow the latter set as a substitute for the
set C.

Current studies of automatic generation of fuzzy thesauri
use a set D of documents for counting simultaneous occurrences.
Therefore, we use the set D={d1.d2,...,d“} 3s a substitute for C.
The function h:w—éto,llD is naturally defined 1in terms of
frequencies of occurrences of welW in the document d €D. Let hig
be the frequency of occurrences of w; in the document d,. If we
take

h(wi) = hi\ /d1 + h;

ip/dy + ...+ hip/dg

then the values of membership may be outside of the unit inter-

val. A simple way to avoid this is to introduce a large positive

number M such that 0<hy /M1 for all i=1....m, k=1,...n, and let
h(w;) = (hy, /M)/d, + (hy, /M)/d, + .. + (hy /M) /dy, .

Then. using (3) and (4), we have

Y omin C hy, . hj )
k ‘ : (5)

. )
& 2. max ( h;
" 1

R(w, W
t hi )
R° Ik
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The number W disappears in calculating R and N as above.

Therefore we need rnot determine an actual value of M.
Remark In a foregoing paper [13]1 we called the relations R and N
given by (5) and (6) as a pseudothesaurus to emphasize the fact
that the set C is replaced by the set D. Here, however, we call
them as a fuzzy thesaurus for simplicity. since difference bet-
ween a fuzzy thesaurus and a fuzzy pseudothesaurus is not impor-
tant in this paper. []

There are other ways for defining a fuzzy RT and a fuzzy NT.
The relations defined above are typical, however. The above two
measures have différent backgrounds. The relation R is closely
related to the Jaccard coefficient in cluster analysis [11]. The
relation N defined by (6) is identical with a measure proposed by
Salton [191. Salton proposed a measure which is identical with
N(v.w) using a heuristic argument without a mathematical model
such as the one defined above. He used a threshold K and defined
two relations:

v and w are synonymous iff N(v.w) > K and N(w,v) > K

w is a parent of v iff Ntv.w) > K and N(w,v) < K

S
10

wymous and parent as RT

We may interprete the two relations sy
and BT. respectively. Apart from difference of the terminolo-
gies, we note that the foregoing research heuristically intro-
duced measures of associations, whereas we develop here a fuzzy
set model for thesauri and define the measures based on the

model . Another difference 1is the following. In‘ foregoing



researches thresho;ds are applied to measures for generating
binary relations of the crisp type of a thesaurus. On the other
hand. we use fuzzy relations themselves as a fuzzy thesaurus for
fuzzy information retrieval. A fuzzy information retrieval
through a fuzzy thesaurus is formulated in the nekt section.
Meanwhile, we turn to other aspects of the above formulation.
That is. an algorithm for generating fuzzy thesauri and a genera-
lization of the above model.

Even by the present computer, it is difficult to calculate
values of the fuzzy relations (5) and (6) using arrays in a

straightforward way. since numbers of elements in W and in D are

very large. Therefore the size of the matrices may be amount to
several thousands times several hundred thousands. Al though

techniques to handle sparse matrices may be applied. there is
another method for generating R and ﬁ based on manipulation of
sequential files. The principal tool for this is sorting.

In the following description of an algorithm for generating
a fuzzy thesaurus which 15 called here GFT, the symbol (a,b,c)
means a record in which fields are a. b. and c. {ta.b.c)}
means a set of records such-as (a.b,c). The set A{(a.b,c)} is
stored as a sequential file in a storage of a chputer. Input to
the algorithm GFT is a set D of documents. Each document d¢lD
has a number of keywords in W. A keyword wé W may occur twice or
more in a document. Frequency of occurrences of w; in d, is

1

denoted by Output from GFT 1is a set of records

h 1-k N

{(w{ ,R(wi.w-))} for all pairs (w. .w;) such that R(wi,w-)#o‘

v i iV i

For simplicity. we do not describe generation of N(wi,wé), since



it is easy to modify GFT for generating N(wi,wj).

uses two work files WORK! and WORK2 which are

Note that GFT

sequential.

Note

also that the algorithm uses description of a loop by for-repeat

(61, where

"for all" means that all elements in

examined sequentially.

Algorithm GFT

{Generation of a Fuzzy Thesaurus)

// Find pairs of keywords in every document. //

for all dkeD do

find all keywords wiew and calculate hy,

for all (w-t

make record (wi,w.

output (wi,w

repeat

,wj), Wt< w}, that are found in d, do

i min(hik,hjk))

min(hik,h-k)) to WORKI1

&’ &

for all w; that are found in d, do

make record (Wi’h{h)

output (
'repeat

repeat

w; .hy, ) to WORK2

/7 Sort WORK!1 and WORK 2. //

sort WORK!1 into increasing order of the key (wi,wj)

sort WORK2 into increasing order of the key wj

// Calculate R. Scan WORKi1 and WORK2. //

for all (wi,wj

find all records for (w;.w

and w; i

W i

1

R(WL ,Wj

output (Wie

repeat

)} in WORK1 do

n WORK2 ¢

wj,R(wi,wj)) to an output file

a

file

) in WORK! and all records for

) & T minthy hy, /(L hih+§,h}-h—§min(hik,hjk))

are



end-of~algorithm GFT.

Note that in the first large loop of for-repeat, we do not
calculate a record (wi,wj,min(hih,hjh),max(hih,héh))‘ If we
calculate the latter form of records\ with max(hih,hjh). many
records in WORK] will have min(hik,hik)=0, and the number of
records in WORK! will be far greater than that in GFT.

In an foregoing paper [13] an experimental calculation on
three thousand documents and thirty thousand keywords was carried
out using a former version of the algorithm GFT based oOn softing
and the result shows a reasonable amount of 800 sec of the CPU
time.

Another possible application of the above model is a genera-
lization of the concept of the fuzzy thesaurus defined above to
fuzzy associations of different types. We have fuzzy associa-
tions by replacing the sét of keywords by other sets. We assumed
before that W is a set of keywords. For the moment. however, we
consider that W is a set of descriptors. which means that other
kinds of indexes such as citation indexes [4]1 are taken as W.
The above model is directly applied and we have two relations
R(wi;wj) and N(wi,wé). We call the relations defined by (3) and
{(4) as a fuzzy association on W based on the set C. When the set
C is replaced by D. equations (5) and (6) define a fuzzy associa-
tion on W based on the set of documents.

Suppose that W is a set of bibliographic citations. There
is a large scale database Science Citation Index, therefore,it is
not exceptional to use a query in_terms of citations for sear-
ching documents indexed by citations. Thus. a fuzzy association

on citations expands the query and documents are found that have



the ~given citation or the associated citations. It is obvious
that the algorithm GFT is useful in generating various kinds of
fuzzy associations.

Another significance of fuzzy associations is that current
studies in analysis of bibliographic information are discuésed in
terms. of the model of fuzzy associations. A typical example of
bibliographic analysis is clustering of documents. For example.
two methods of clustering using citations have been proposed: one
is called bibliographic coupling by Kessler [9] and the other 1is
co-citation proposed by Small {217. Bibliographic coupling is a
method by which documents are clustered wusing frequencies of
common citations: co-citation method clusters cited documents
using frequencies of source documents that refer to a pair of
cited documents simultaneously.

To see what the present model of fuzz& association contri-

butes to this subject, note that cluster analysis can be divided
into three stages: 1. determination of a set of objects to be
grouped and of a set of attributes on which a similarity measure
is defined. 2. definition of a similarity measure, 3. dgenera-
tion of clusters by choosing an appropriate algorithm.
The above two methods of citation clustering concern the stage 1.
Other studies (e.g.. [41) proposed heuristic algorithms on the
stage 3. In this way. in these studies either the stage 1 or the
stage 3 have been considered but the stage 2 has not been discus-
sed in detail. The present model can deal with these stages of
clustering of documents in a unified framework as follows.

1'. The stage 1 concerns choice of the set W and the set C in the



present model. Bibliographic coupling means that W is a set of
documents and C is a set of citations. Co-citation means that W
is a set of citations and C is the set of documents.

2'. For the stage 2, a symmetric measure of the fuzzy associaiton
such as Rlw;,w;) is useful. As is already mentioned. R(wi,wé)
defined by (5) is a generalization of a well-known similarity
measure for clustering which is called the Jaccard coefficient
(11. The algorithm GFT is useful for a large set of obljects.

3'. For the stage 3, graph-theoretical algorithms are useful for
generating clusters in case of a large set of documents. A
typical graph-theoretical algorithm 1is the nearest neighbor
method which 1is shown to be equivalent to calculation of the
transitive closure ﬁ(wi,w-

4
as the similarity measure for clustering. The algorithm GFT

) [2.26]1, provided that we use R(wi.w})

followed by the minimal spanning tree (MST) algorithm generates
ﬁ(wi,wj), i.e.. clusters by the nearest neighbor method [17.
Note that both GFT and MST (by Kruskal's algorithm. cf. [61) are
based on sorting of sequential files of the same type of records.

Thus, the present model provides a unified framework for

considering all the three stages of document clustering.

4. Fuzziness in retriéval: second component

To begin with, we show that output of the second component
is expressed as r'=UFq. (See Fig. 2.) We assume that F is a
fuzzy relation that represents a fuzzy association defined above.
A reader may consider that F \shows fuzzy related terms:
Flv,w)=R(v,w). Note also that U is a fuzzy relation Utd.w) on

DxW or a fuzzy set valued function U:W—%[O,l]D. We use these



notations interchangeably without confusion.

First 1let us consider that F and U are binary. 1.e.,
thesaurus and indexing are crisp. In this case U(w) means a
crisp subset of documents that have the keyword w as an index.
Note thét U is implemented as an inverted index of a retrieval
system. For the crisp case a retrieval through a thesaurus given
a keyword w is as follows. 1. Examine the thesaurus F and find
ail associéted terms RN/ EREEL/ - 2. Find subsets UlvgJ,
U(v&),..f,U(y%). 3. Establish the retrieved set of documents as
the union of U(vy). ... Ulvy): U vty ).

1stsp v
Now . let Uf(d.w) be a fuzzy relation that shows degree of

membership of the document d in the retrieved set r* by giving
the keyword w to the system in Fig. 2. When U and F are crisp.
we héve

Uf(d,w) = i iff deU(yQ) for some v, such that F(y, ,w)=]

0 otherwise.

Uf(d.w)
When the thesaurus F is fuzzy and U is crisp. noting that the
union is defined by max, we have [14]
Uftd.w) = max F(v,w) (7)
deu(v)
for all vew

When the function U is represented as a binary relation. we have

Uf(d,w) = max min [ U(d.v), F(v,w) 1 (8)
vew ,

The last equation is valid also for a fuzzy relation U(d.v).
Thus we obtain relation between a Xkeyword and a document
described by (8)., when F and U are both fuzzy.

Remark The last equation is represented in terms of the Sugeno’s

integral [23]



Uf(d.w) = g Utd, =)oF(-.u) =‘g F(-,wjoﬁ(d,-)
W w

where the fuzzy measure ?(-,w) and G(d,~) are defined by

F(K.w) = max F(v,w)
veK
and -
U(d.K)Y = max U(d,v)
veK
respectively. [1]

Thus. if a query q is a simple kKeyword w. then the response
I is the fuzzy set r'=Uf(.,w). For a fuzzy query 4= 2| q, /w; .
the response is

' = max min [Uf(d,wi),qi]
i

which is equivalent to r‘'=UFq.

As we consider in the previous section, algorithm for calcu-
lating Uf or r' is necessary, since manipulation of U and F ~as
arrays is cumbersome. Here we show two types of the algorithms.
First algorithm which is called here FR! is based on sorting on
sequential files.

For simplicity, we assume that input to FR!l is a keyword
wew. The fuzzy thesaurus is assumed to be stored as a file FT
(Fuzzy Thesaurus). The inverted index U(v) for a given v con-
sists of records {(d.Utd,v))}: a record (d,U(d,v)) cocnsists of
the document identifier d and the wvalue of membership
utd,v)(=T(v,d)) for a fuzzily indexed Kevword v. Output from FRI
is a set of records {(d.Uf(d,w))} for all deD such that
Uf(d,w)#0. Note that in the following algorithms conditional

statements are described by if-then-endif [61.
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Algorithm FR1 (Fuzzy Retrieval)
// First step: Find all records. //
for all v such that Ftv,w)#0 in FT do

for all deU(v) do

pfd,v) < min [ UGd.v).F(v,w)l
‘output record (d,p(d,v)) to a work file WORK

repeat
repeat
// Second step: Find values of Uf. //
sort WORK into the increasing order of the first key d and into
the decreasing order of the second key P
// The above sorting means that in the resulting sequence a //
//rvecord (d;.p; ) before another record (dj,pj) satisfies either//
/704K dg or d;= di’ P, > P, - /7
take the first record (d,.p,) in WORK
(D,P) ¢ (d,,p,)
for all diin WORK do /7 dis are sequentially examined. //

if D# d}then

~output (D,P) to an output file OUT
(D,P} & (dj,Pﬁ)

endif
repeat
output (D.,P) to OUT
// OUT contains exactly those records that represent p=Uf (d.w)//
// defined by (8). //
// Third step: If necessary. sort again. //

sort OUT into the decreasing order of the key p

and print OUT



end-of-FR1.

At the end of the second step in FR1, all the necessary
records as a retrieved fuzzy set are obtained: ‘The third step
arranges the retrieved set for printing.from the most relevant
documents to 1less relevant ones. When a retrieved set is not
printed, e.g., fuzzy set operations are performed on two oOr more
retrieved sets, then the third step is unnecessary.

Another algorithm which is called here FR2 needs stronger
assumptions but requires less processing time. The algorithm FR2
does not use a sorting. Input and output are the same as those
in FRI. Here, however, we heed three assumptions. First, Utv)
is crisp. That is. the thesaurus is fuzzy but directly indexed
keywords do not have any membership specification. Second, the

fuzzy thesaurus has the fbllowing form: for each wel, there is a

sequential file F(w)={(v@,f%),(v&,f&),...,(vg.f&)}. f,=F (v, w),
k=1.....s5. which satisfies ffzfﬂz...zﬁz. That is5. the sequential
1 2 S

file F(w) 1is arranged according to the decreasing order of
F(v,w). Third, we use a binary valued function B:D—>{0.1}. The
function B(d) means that B{(d)=1 iff d 1is already retrieved,

otherwise B(d)=0.

Algorithm FR2 (Fuzzy Retrieval)
// Initialize B. 7/
for all deD do
B(d) <« 0
repeat

// Kevword w is given. //



for all v%eF(w), k=1,..,5 do
for all deU(v%) do
if Btd)=0 then
B(d) <« 1
output record (d,f%) to OUT
endif
repeat
repeat

end-of-FR2.

Note that from the second assuimption it 1is «clear that the
resulting OUT is arranged according to the decieasing order of
the key f of the records {(d,f)}. This algorithm is not
useful when U(v,) is fuzzy.

As is described above, a method of automatic generation of
thesauri naturally leads to a fuzzy thesaurus. On the other
hand. large scale bibliographic databases do not have fuzzy
indexes: Keyword indexes and other descriptors are specified in
the crisp way. Therefore a study of the second component in Fig.

2, the fuzzy inverted index, should include how crisp indexes are

modified to fuzzy ones. For this purpose. the following
considerations are useful. 1. {(weighting on crisp descriptors)

To give a weight as the membership on each descriptor. frequency
of occurrences of a descriptor in a document may be transformed
into a weight in a unit interval. 2. (automatic indexing) In
many cases original data for bibliographic databases do not have
‘adequate indexes. Therefore, a large amount of human effort is

necessary for specifying descriptors. Moreover, methods of auto-



matic indexing have been studied which use some technique of
rpattern matching. As 1s usual in pattern matching techniques,
some descriptors are Jjudged to be quite adequate. some others are

more or less relevant, and so on. It is also usual that some
degree of relevance is obtained for each candidate for the des-
criptors. In such a case., fuzzy indexes. are useful, since the
degree of relevance is immediately interpreted as a membership of
a fuzzy descriptor.

Remark A simple way to realize fuzzy retrieval is to implement
the system as an extended feature of a crisp retrieval system.
By this way, fuzzy thesauri and fuzzy associations are easier to
implement than the implementation of the‘fuzzy inverted index,

since the latter needs modification in a greater scale of the

underlying system of crisp information retrieval. []

5. Fuzziness on output: third component

Although the third component in Fig. 2 is nonlinear in

general, here we consider solely a simple type of a "linear"
filter. A linear filter in fuzzy retrieval is defined as fol-
lows. Let g=(g1,gz,...,gﬂ)e[0.1]D be n-vector which is identi-
fied with a fuzzy set L 9;,/d; of D. For any output
ri=r,r, ... ,rp} from the second component, a filtered output
r=(r, ,r, »...sly ) 1s represented as

8 - oy T} 1 -
r, = min { 9y Iy 1, i=1.2,....0
or, in terms of fuzzy sets. r = gnr'

The linear filter defined above implies that a user has a
prior preference that acts as a threshold on retrieved sets

represented by a fuzzy set g of D. If the wmembership of a



document d; exceeds the threshold g, . then the membership is

1
reduced to gi. Let us define a matrix
g9
Yoo
Diagtg}) =
0
g“IL

Suppose that the relations F and U are matrices. and that q. r°.
and r are vectors. ~ Noting that the addition is minimum and the
multiplication is maximum. we have a linear expression

r = Diagtg) U F g (9)
It appears to be difficult tc assume that one has a threhold of a
prior preference on every document. However. it is usual that ue
have preference on some index set of descriptors. For example.

every Dbibliographic database has an index of scientific Jjournals

where the documents were published. A specialist has a sirong
preference on scientific journals. Thus. it is not difficult at
all to give preference on a set of scientific Journals. Moreg-

ver. statistics aon Jjournal rankings have been published which
enables another way of weighting on journals. Let
Z={z1,zz,...,zp} be a set of descriptors (possibly. scientific
Jjournals) and y=(y1,y2,...,y¢)e[0,l]z represents the preference
given on the set Z. Let v:D—%[O,l]Z be a function which maps
each document to its descriptors (Vitd) shows descriptors of d).
v(d) is represented as a fuzzy relation V(z,d) using the sane
symbol . Then, the preference Yy is transformed to the linear
filter g:

9; = mix min [ yé . V(zé,di) ] (10

In other words, g = v vy,



Actual processing of a linear filter is based on next equa-
tion. For each retrieved document d in the response r°. we have
a record (d.p')., where p' is the membeFShip value-of d. Then the
final membership p is calculated by

P = max min [ y., V(z.,d), p' 1. (119
J b d

In general number of elements in Z is assumed to be far smaller
than that in D. Therefore direct calculation:of P using 9; and
(9) needs a larger amount of calculation than (11).

It should be noted that the first stage of a fuzzy thesaurus
expands an input <query, whereas the linear filter reduces
membership. Thus, a query is expanded., a database is searched,

and then the retrieved set is reduced by the linear filter.

6. Classification of output

The output of a fuzzy retrieval should be sorted according
to the decreasing order of the membership. since a user wishes to
examine more relevant documents prior to less relevant ones. On
the other hand., most retrieval systems for bibliographic data-
bases do not print out retrieved documents immediately after they
are retrieved. The reason for this is that frequently a retrieved
subset includes a large number of documents so that it is expen-
sive and cumbersome to print out all the documents in a retrieved
set. Therefore a retrieved set is first established and then
another request for printing is issued, frequently with options
to select some portion or fields of the retrieved documents.

In case of a fuzzy informatioh retrieval. when a retrieved

subset is established. the subset should be divided into several



layers according tQ the values Qf membership so that a user can
select some layers out of a retrieved set. Thus, when K-1 thres-
holds 0o, dy»--.» Xy, Such that 0< o, <A,...<0 <1 are given, a
retrieved fuzzy subset FSCD may be divided into K 1lavyers FS1,

FS .,FSK: déFSi iff membership of d is in (diq'di]' (Assume

5
that d;=0. dg=1.) In other words. if we denote alpha-cut of FS
by C(OOFS, then FS =C(a&ﬂFS - C(di)FS.

In genéral it 1is difficult to fix parameters d1,...,d%4
beforehand. since a retrieved set may have a large number of low
membership values and the number of documents in FS, may be large
and FS,,...,F5¢ may have few documents. Therefore for efficient
use of the layers. parameters dﬂ,...,dK4shou1d be determined
dynamically after a retrieved set is obtained. A simple policy
is to determine d1,...,dK4so that the numbers of documents in all
the layers are the same. That is. 1if we denote the number of
documents in FS; by VFS; I, then this policy requests
VFS, =|FSZI=...=IFSKI. In an foregoing paper [15]1, we showed this
policy optimizes two different criteria. The above policy 1is
based on an assumption that an equal amount of attention is paid

to all the layers. Actually, however, lavers of higher relevance

FSk»FSk-1s - - - will have more attention than layers of lower rele-
vance. Therefore some other criteria should be considered. (See
[151.)

6. Conclusion
A fuzzy set model providés a clear view on current crisp
methods in information retrieval and their implications: it sug-

gests what should be studied furthermore. In section 2 we di-
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vided a process of information retrieval into three stages. The
last stage of a fuzzy filter has not been studied in the «crisp
frameworXk. The fuzzy set model enables the study of the third
component. There have been studies of weighted retrieval (See,
e.g., Heaps [51), which suggest the use of weighting on outputs.
Readers will find how the fuzzy set model provides a clearer view
than a current model of weighted retrieval without fuzzy sets.
There are many problems to be solved theoretically and
practically as future studies of fuzzy information retrieval.
Some problems are as follows. 1. Discussion of crisp techniques
of advanced indexing and retrieval using a fuzzy set model, cf.
[4,5,20,257. 2. Studies of efficient algorithms for large scale
databases. In particular, development of hardwares for informa-
tion retrieval should be taken into account. 3. Application of
methods in fuzzy information retrieval to related areas. For
example, structure of texts and bibliography and its application

to education.
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Fig. 1 A block diagram of a simple retrieval
process

Fig.2 Representation of an information retrieval process.
with three components.

h(v) h(w)

y

S

Fig. 3 Concepts of the words v and w
in the set C.
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