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ABSTRACT

Information relevance is an important issue in infation access techniques. A solution for improwvimg relevance is
the personalization or adaptation of the answeoviged to users. For this purpose we propose, im dlticle, an

information retrieval and recommendation architeetin which any element is described in detail bgrafile. The

originality of this architecture is at the levelitf generic aspects and the numerous possibitfiésteractions between
complementary profiles derived from a profile génenodel. Thereafter, we propose a flexible usepuffiles to

evaluate the personal relevance of a user or @ gseup by combining various matchings betweenilpso€riteria.
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1. INTRODUCTION

Internet and Web expansion have led to multiplaratif both information placed at disposal and usérs
this information. Information and users are chamaréd by their heterogeneity. To seek, find anplak
information in this context prove to be a very idifit task. The aim of the work undertaken is togmee an
architecture of retrieval and recommendation fdlerible access to information. This architecturdésed
on re-usable and adaptable profiles and explo@Bl@s complementarities for the restitution of smralized
information. The objective is to improve the relega by trying as much as possible to bring shstem
relevancecloser to thegersonal relevancéor waitings) of user or users group: needs, peefegs, goal, etc.

This article is organized as follows: section 2 prés a state of art about information retrieval and
filtering (or recommendation) and also about thefifg concept. Section 3 describes the profile-Hase
retrieval and recommendation architecture propesedell as the associated profile generic modeln;Tive
explain general rules of matching profiles criteioa the restitution of relevant and adapted infation, in
particular through combination of different comgans between profiles criteria.

2. LITERATURE REVIEW

Access techniques to information allow an individiwaobtain information that meets his needs. We ca
gather them in two main groups: thell technique, which needs an explicit request ofnalividual and the
pushtechnique, which does not need an explicit demandturn information to users

Information Retrieval (IR), which is a pull techoig} rests on need expression of an individual tincau
query formulated in a more or less structured faeguage (Baeza-Yated al, 1999), (Rijsbergen, 1979).
However, in Information Retrieval, the real intemtiof the user is not always obvious in his marwfer
formulating his query and that can generate amtbigguion the sense of words that it contains. Many
solutions exist in order to precise the sense@iary: the method aklevance feedbagiBoughanenet al,
1999) that uses the user relevance judgementsfamiation to reformulate his query and thus torrefhis
research; the use ¢dng term profileconcept andshort term profile(or context) concept of a user, to
interpret his queries in order to re-evaluate andrder the search results (Bottraetdal, 2003); the use of
contextualisation and individualization conceptsdgersonalized search (Pitketval, 2002); etc.



Information Filtering (IF), which is a push techoe is a relatively passive task (Bellehal, 1992)
because the user does not explicitly formulate rféeds through a query, as it is the case in IR. In
Information Filtering, we rather use a represeatatf the user calledser profileto send information to
him. There are several methods of filtering (Montaeeal, 2003): cognitive or content-based filtering
which uses the description of information contefotsdetermining to which users profiles it corresgs
(Pazzaniet al, 1996), (Korfhage, 1997%ocial or collaborative filteringwhich uses the users judgements
concerning a set of information to carry out recamdations (Goldbergt al, 1992), (Konstan et al., 1997);
demographic filteringwhich uses users demographic data (age, profession to make recommendations
(Krulwich, 1997).

These filtering approaches are not exclusive anwsihybrid methods, were developed (Ga&bdl,
1999), (Pazzani, 1999). Filtering hybrid approacingsrove the relevance of filtering results by gtiing
some limit of filtering methods presented previgu8alabanovicet al, 1997).

For the restitution of results to users, a dedompbf information handled by processes of infoliomat
retrieval and recommendation is made. This infoimmatlescription is called profile. An object prefils a
whole of characteristics that identifies or repraset. Profiles used in information access techegjare of
varied nature (user profile, document profile, }eamd structure (mono or multi criteria). In infaation
access, profiles can be related only to contenisfofmation or extended with criteria like: demaghic
data or preferences for users and metadata fonuetis (Berti-Equille, 2003).

In this article, we use the concept of profile tefide a flexible approach for evaluating personal
relevance of users. For that, we propose an aothrte based on profiles. Our architecture origtpat at
the level of its generic aspect and its numerowssipdities of interactions between profiles thabffers.
These interactions appear during combinations ofouar complementary profiles in order to restitute
appropriate answers to each user or users groopghmatching of profiles.

3. AFLEXIBLE AND PERSONALIZED INFORMATION ACCESS

In this section, we present our generic framewark ihformation access which consists in: an
architecture and a generic profile model. Then, w#aén the general matching rules of profiles.

3.1 Generic framework
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Figure 1.(a) A general architecture based on profiles (b) Egkas of architecture elements

The diagram of the figure 1la presents the architecatfiretrieval and recommendation based on psofile
that we propose. This architecture is enough getetat used as a model for various applicationsilts
from the analysis of various retrieval and recomdagion systems. Each one of these systems was wedcei
to achieve particular goals according to speciésitof their context: recommendation of Web pages
according to bookmarks (Rucket al, 1997), emails filtering (Goldbermgt al, 1992), electronic trade (Cho
et al, 2002), etc. The figure 1b presents examplesdtfi@cture elements described in figure 1a.

Our architecture is not applied to a predefinedh&revork. It consists of a set of elements that plagle
in processes of retrieval and recommendation. Epplication is in charged of selecting in this atebiure
the elements that interest it. Our architecture liamised as a starting point for the constructforetieval
and recommendation systems.

Are highlighted, in this architecture, the procasstretrieval and recommendation as well as tmege
structure of the elements handled by the proce3seselements are gathered into two groups: tHusteare
related to the space of users and those that lateddo the space of information placed at dispésa each
element type we associate a profile that desciitbiesdetail and that is used by the processescoéss to




information. Moreover, these elements can alsodmeposed by one or several elements that are theassel
described by profiles. Note that usage informateam be: queries, visited sites, judged information,
safeguarded information, transferred informatiott, &loreover, elements of the space of users can be
defined for individuals or groups of individualshd profiles of this space can be of long term artsterm
(Widyantoroet al, 1999), positive or negative (Hoagtial, 2000), etc.

The objective of the architecture suggested is dlsétution of personalized information through thee
of profiles. These profiles are derived from thaegyéc model of figure 2a.

The profile generic model of the figure 2a presenésgeneral structure of a profile. This structisren
the form criteria categories hierarchy that chamdmé a profile. This hierarchy is a forest or acferees in
which nodes are categories of criteria and leavesianply criteria to which we can affect valuespwfile
can thus be either a forest, or a tree, or a végetéor lists) of criteria. Thus, ® is a profile:Structure (P)

[7 {forest, tree, vegetationfThe reflexive aggregation on the cldpsofile” denotes the fact that a sub-tree
of a profile can have the structure of anothertagsprofile. Thus, the structure of some profiles de re-
usable. For instance, a user profile can be congpoflsan existing environment profile.

The organization of the various criteria by categaligws to gather the similar criteria in the sartess
and to define a criteria nomenclature (or taxonorRydm the generic model of profile, we can detive
structure of various profiles by applying decompiosirules on criteria categories. The figure 2bsents
examples of profiles structures and taxonomies douser profile, a document part profile, a documen
profile, a collection of documents profile. Thoseffles are also illustrated in figure 1b.
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Figure 2. (a) Generic model of profile (b) Examples of prafitgructures and taxonomies

The interest in using a generic profile to defingiveen profile is that any application, in orderdefine
any type of profile, can use the basic structuggrdposes. Here, we are not interested in particulteria
but rather in the modelling of a framework for thefinition of these criteria.

All the categories are not always well informed fargiven profile. Moreover, according to the
application, all profile categories are not inebijataken into account. Each application choosestbments
to be considered in a profile according to the cltje that it wants to achieve. The generalizatifrihe
structure of a given profile made up of severakcia not always all well informed, allows to keibye same
profile for a given element of the architectureisThives an adaptable dimension to our profilesusTta
profile can be shared and enriched by various egipdins. For example, whatever the application,utber
can be recognized with the same profile (critend eontent).

The architecture and the model of profile suggestéicenable us to define profiles for a flexiblecass
to information. The combination of various profilesill allow an optimal exploitation of the
complementarities between profiles through matchines of profiles criteria.

3.2 Matching rules of profiles criteria for a flexible access to information

We identified various matching types of profilegtania. The combination of those similarity measures
(or matching) will allow the selection of resultsat correspond to users or simply the reorderinthese
results. We classified similarity measures as fadio
1. mono-term criteria matchinghis matching is used when the criteria to coragae mono-valued;

A matching example of this type can be the evadmatif compatibility to mono-valued user criteri@he
evaluation of this matching consists in making cargons between mono-valued user criteria and the
corresponding descriptive criteria of informatiarcls as: popularity, size, target profession, taaget, etc;



2. multi-terms criteria matchingthis type of matching is used when at least ontbetriteria is multi-
valued. In this case, we represent the variougr@itto be compared in the same vector space Wwéh t
dimensionality given by the size of the vocabuldrg.each vector of ternd=(t,t5,...,t) is associated a real
or boolean vector of weightg=(Wg1,Wa ..., Wim) Which will allow to calculate a measure of simitar
between criteriasim (g, Py);

Examples

- correspondence to user needge evaluatea measure of similarity between the weighted veofor
terms representing the needs (reformulated quecgmters of interests) of a user and the weighéstov of
terms representing the contents of information (duent, parts of document, collection of documeets).
The weights, in this case, are generally calculatighl the formulas off or tf.idf and the similarity with the
cosineformula;

- compatibility to multi-valued user preferences measure the similarity of an information fogiaen
criterion (language, format...) to the preferenceghefuser for this criterion. Table 2 illustratesesxample
for thecriterionlanguage etc.

Table 2. Example of compatibility measure to languages pesfees: f

Criterion language Spanish () | English () | French (t;) | Similarity
Document weightpy Wy1=0 Wy =1 W10 SIm(Ry, )=V a,u,7= 2AWa,i-Wy,)=0.5
User weightp, Wyn=1 W,2=0.5 W, 15=0.25
3. profiles matching (combination of matchingt)e matching of two profiles is a combination oé th

matching results between certain profiles critefg® seen before). Thus, each matching result (or
combination of matching results) may representl@ctien or ranking factor. We can thus base thfiles
matching on a factors lish=(f.,f,...,f) to which correspond a matching results vector betneo profiles
u andd: pg=(VaumVau---\um- We can note that a sublist @fcould be used for the selection and another
sublist (or the same one) for the ranking of infatian. An example list of factors can lerrespondence to
user needs (relevance of document, granules, tmligc compatibility to user preferences in langeag
compatibility to user environment, etloreover, we associate a vector of weighis=(Ws,We, ..., Wn) tO
each user or to each users group or to the whqdalgiion of usersw; represents the discriminating power
of the factorf.. In order to determine the; values, orders of preferences must be given faglaments of
Pmx Let us consider, in table 3, an example of prefeze orders for a factors list given by a user. The
evaluation method for elements of vegar is given by:mzﬁzm , wherea; and 3 are pre-definedg; is

1>l
the weight assigned to factors having the preferemderi. Thus, if there ar& preferences orders, there will
be (k-1) equations witlk-1) unknown to solve by using the methodG#uss pivofor example. We can thus
calculatea selection weightin IR or IF) and/ora ranking weigh{(in IR) for each information which will be

Vi
evaluated withpg , and py, x using theweighted mearfiormulafw:  fw(pau, pm X)_¢ for instance.
Wi
|

For the selection of information, it will be necagsto define a threshold that will help to decifi¢he
correspondencef information to user is significant enough.
Table 3.Preferences orders and factors weights

Factors vectorm fq fo fa fa fg fe f; fq
Preferences orders 1 1 2 3 3 4 5 k
P Wh=0; | Wp=0, | Wiz=a, | Wiy=03 | Wis=03 | Wis=0, | Wr=05 Wi=0

The algorithm of table 4 summarizes the stages tdobbewed for the restitution of personalized
information to each user or to each users group.
Table 4. Algorithm for a flexible and personalized accessmformation
1. Choice of profiles to be used that describe efesnef the architecture;
2. Determination of various matchings accordinghe descriptive criteria lists of the selected pesf;
3. Evaluation of the various matchings;Combination of the various matching resulisRestitution of information

4. CONCLUSION

In this article, we present an architecture ofiegal and recommendation based on re-usable and
adaptable profiles which are derived from a genmclel. The genericity and the flexibility of theggested



approach guarantee a maximum co-operation and eonepitarities between any element interacting within
the framework of the same process. We have shoanttie combination of various matchings allow
theoretically to improve the quality of resultstieged to an individual. This architecture can lsedias a
basis in designing applications for informationessx:

Our future work will consist in: validating our grosals by experiments and tests on an applicafion o
retrieval and/or recommendation; proposing a moflerofile that integrates various aspects of gmantic
web like: semantics of criteria, ontology, etc.

The use of various matchings provides adapted asstwensers. The initial objective was to work on
personalization within the framework of informaticgtrieval and recommendation. It remains neveets|
to check, by experiments, the real impact of tieispnalization on the restituted results.
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