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Résuḿe
Cet article présente une nouvelle approche pour l’aide `a la décision sur Internet.

Elle se caractérise par une méthode de filtrage basée sur les préférences et reposant
sur l’intégration de principes de filtrage par le contenu et de principes de filtrage
collaboratif. Les algorithmes présentés ont une particularité importante qui était ab-
sente dans les premiers systèmes : l’aptitude à expliquer et justifier les recommanda-
tions. Nous proposons ici d’intégrer des méthodes de modélisation des préférences
et d’apprentissage pour l’aide collaborative `a la décision et l’évaluation active. Cette
intégration pose à la fois un problème d’efficacité et de stokage pour s’adapter à une
large communauté d’utilisateurs. A titre d’illustration, nous présentons les princi-
pales caractéristiques du système “Film-Conseil” qui met en oeuvre l’approche pro-
posée pour des tâches de recommandation de films sur Internet.

Abstract
This paper introduces a new approach for decision support on the internet. It is

characterized by a preference-based filtering relying on the integration of content-
based and collaborative filtering principles. We present algorithms that support a
key aspect of recommender systems that was absent in early systems: the ability
to explain and justify recommendations. A tight integration of preference modeling
and machine learning is proposed to support both collaborative decision making and
active rating. This integration addresses the problem of both efficiency and storage to
scale up with large community of users. For the sake of illustration, we present the
main features of the “film-conseil” system which implements the proposed approach
for movie recommendation tasks on the internet.

?This project was partially supported by a grant from the LIP6 (University Paris 6 Computer
Science Laboratory) as part of the WebConseil Project.
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1 INTRODUCTION

During the last decade, the development of information systems and services
on electronic supports, the massive usage of personal computers and the mul-
tiplication of web-access providers have established the internet as a major
information and communication tool. Due to this success, an exponentially
growing amount of information is available on the web and an ever larger
number of users are browsing web pages, seeking useful information, docu-
ments and products. In this context, the development of tools allowing the
content of thousands of electronic resources to be extracted and efficiently
stored, and the elaboration of intelligent search tools and automatic filter-
ing systems become a key issue. In this direction, multiple search engines
and recommendation systems have been proposed, based on machine learn-
ing, classification and aggregation techniques aiming at selecting (or pos-
sibly ranking) relevant documents or items for a given user [35, 1]. In the
same time, multiple useful techniques based on fuzzy set theory have been
developed for the management of imperfect information in a database and
the processing of approximative queries (see [6, 8, 5, 9, 22]).

Besides these works concerning information retrieval and data mining, the
recent development of the electronic commerce has open new spaces for
preference modeling and decision support activities. Nowadays, the inter-
net is not only seen as a new media for advertising and sales enhancement,
but also as a powerful tool for improving our knowledge of consumer’s pref-
erences and aspirations. Web-advisor systems are not only used to provide
users with relevant recommendations for an item but also to collect individ-
ual preference information, to model the collective opinion and to anticipate
the market trend (electronic marketing). In this respect, the basic research
problems to be studied are linked to knowledge and belief representation,
individual and collective preference modeling and preference aggregation.
Such preoccupations motivate a new body of activities oriented towards in-
formation sciences (see [25]) and relying both on artificial intelligence tech-
niques and decision theory.
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As an illustration of such new activities, we are interested here in the
conception ofcollaborative1 decision support systems based on the implicit
sharing of preferences and experiences between different individuals facing
similar decision or search problems. More precisely, “Collaborative deci-
sion support” (CDS) is basically concerned with a new category of decision
or search problems whereany individual seeks recommendation for his per-
sonal choices, the other individuals being only considered as possible advi-
sors. Despite the multiplicity of possible advisors, the problem addressed in
CDS is not a matter of group decision making or negotiation between indi-
viduals. Indeed, in CDS, the problem is to find a recommendation that best
fits the preferences of a single decision maker, rather than to seek a compro-
mise solution satisfying all the users. The recommendation provided to the
decision maker (also called theactive user) is based on other users experi-
ences without any explicit communication or cooperation. The individuals
that have contributed to the recommendation might not be even aware of their
role of advisors. On the other hand, despite the fact that each individual is
making a decision, CDS is neither an individual decision making problem
nor a group decision making. Indeed, there are several decision problems
(one per individual) to be addressed simultaneously. Moreover, each indi-
vidual has an influence on the recommendation provided to other individu-
als. Therefore the set of decision problems as a wholecannot be viewed as
mere collection of independent decision problems.

In this paper we assume that several independent individuals calledusers
have been connected (e.g. through a given web site) to a given decision sup-
port system and have expressed their preferences (e.g. using grades of sat-
isfaction) about some universal items (e.g. movies, CDs, books, pictures...).
The problem we address is to provide each individual with relevant recom-
mendation regarding items that s/he has not yet graded. After introducing a
general formalism to express different filtering principles, we introduce a set
of interpretable content-based and collaborative principles for preference-
based filtering (section 2). Then we discuss the main issues linked to the
development of an effective recommender system based on these principles
(section 3). Finally, we present the main features of the “film-conseil” movie
recommender system developed during the past years (section 4).

1The term “collaborative” refers to the use of “collaborative filtering” algorithms [40] also
called “social filtering” algorithms [42].
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2 FORMALIZING INFORMATION FILTERING

2.1 Basic concepts and notations

Formally, a collaborative decision problem is characterized by a set of users
U that make use of the recommander system, a set of itemsI (possibly rel-
evant for users) and a set of grades assigned to some items by some users.
More precisely, assuming that any individualu 2 U has graded a subset of
itemsG(u) � I , we want to assess the value of every item inI n G(u) for
every useru, so as to provide him, with a relevant selection of items.

LetZ be a gradation scale, bounded and completely ordered and letz iu 2
Z denote the grade given toi by useru, for all u 2 U and all i 2 G(u).
Within Z we distinguish 3 particular grades, namely the maximal gradez �,
the minimal gradez� and a neutral gradez0 dividing the scaleX into two
parts: the part[z0; z�] corresponds topositive evaluations whereas the part
[z�; z

0] corresponds tonegative evaluations. Because people use grades dif-
ferently, we let the possibility of defining a different neutral grade to each
individual. This individual reference point will be denotedz 0u for any user
u 2 U . It is a priori fixed to the a default valuez 0 2 Z for every new user
u 2 U but may evolve when new grades are entered.

These grades correspond to absolute satisfaction levels expressing the sub-
jective evaluation of individuals with respect to items. The gradez � means
that the user likes very much the item and would strongly recommend it
to other users whereasz� means that the user strongly rejects the item and
wishes to advice other users strongly against it. The neutral pointz 0u cor-
responds to a situation where useru is neither positive nor negative about
the item. Several additional reference points corresponding to intermediary
levels of attractiveness could be considered as well, so as to facilitate the
elicitation of user preferences.

As mentioned in the introduction, we want to complete the collaborative
approach with a recommendation principle based on the multiattribute anal-
ysis of items. This is only possible when a database is available, providing
information about the characteristics of the different items. In this paper,
we assume that every itemi 2 I is described by a tuple(d1(i); : : : ; dn(i))
of attribute values representing the image ofi within a multiattribute space
X = X1 � : : : �Xn. Such attribute values may be directly obtained from
a database describing items or extracted from a complex document. Usually
the attributes refer to very different features of the item and are of different
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types. Basically, the possible types for attribute values are booleans, integers,
reals, strings, and lists.

The elaboration of a recommendation system requires the construction of
a relational structure linking users to items, but also users to one another
and items to one another. Because these relations may be more or less well
established, we have chosen to formalise these notions using the language of
fuzzy sets (see [23, 7]). We introduce now a fuzzy relational system which is
the basis of our filtering methods. Basically, we can distinguish three types
of relations:

� ThePreference relationP defined on the spaceI � U and character-
ized by the signed membership functionp : I � U �! [�1; 1] where
p(i; u) must be interpreted as the degree of attractiveness of itemi

for useru. This attractiveness is not necessarily proportional to the
gradeziu. Moreover, one can readily imagine two different usersu

andv giving the same grades to an itemi may have different prefer-
ence intensities with respect toi. Conversely, two different gradesz iu
andziv may represent the same level of satisfaction for usersu andv.
For this reason, it seems preferable to definep(i; u) as a function of
quantitiesziu andz0u. For example, let us definep(i; u) = fu(ziu)
wherefu : Z �! [�1; 1] is a non-decreasing function such that
fu(z�) = �1, fu(z0u) = 0 andfu(z�) = 1. Functionfu reflects the
preference intensities for useru and may differ from a user to another
(e.g. depending on the gradation interval used byu).

This relation can be split into two fuzzy relationsP + andP� corre-
sponding to the positive and negative parts ofP respectively. These
relations are defined as fuzzy subsets of the spaceI�U and character-
ized by the membership functionsp� : I � U �! [0; 1], � 2 f+;�g,
wherep+(i; u) (resp. p�(i; u)) must be interpreted as the degree of
attractiveness (resp. repulsion) of itemi for useru. The membership
valuesp+(i; u) andp�(i; u) are defined by:

p+(i; u) = maxfp(i; u); 0g

p�(i; u) = maxf0;�p(i; u)g

Hence, we haveminfp+(i; u); p�(i; u)g = 0 for all pairs(i; u) such
thati 2 G(u). Moreoverp(i; u) = p+(i; u)� p�(i; u).
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� The fuzzyresemblance between usersR is defined as a fuzzy subset
of the spaceU � U and characterized by the membership function
r : U � U �! [0; 1] wherer(u; v) must be interpreted as the sub-
jective resemblance between the two users. Depending on the applica-
tion, this subjective resemblance can be defined as a measure of close-
ness between preference judgements or alternatively as an influence
relation measuring to which extend a preference judgement should be
transferred from a user to another.

� The fuzzysimilarity between itemsS is defined as a fuzzy subset of
the spaceI � I and characterized by the membership functions :
I � I �! [0; 1] wheres(i; j) represents the multiattribute similarity
between items, defined from the descriptorsd(i) andd(j).

For the sake of illustration, we will use Figure 1 representing relationsP ,
R andS on a subset of three users denoted 1, 2, 3 and four items denoted
a; b; c; d.

Figure 1: The relational system

These three relations form the core of the recommendation system. We
will show in the next section how recommendations can be derived from
such relations. In order to formalise the recommendation principle, we will
also consider the following relations:
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� The expected2 preference relation̂P defined as a fuzzy subset of the
spaceI � U and characterized by the membership functionp̂ : I �
U �! [0; 1] wherep̂(i; u) must be interpreted as the expected degree
of attractiveness of itemi for useru. The relationP̂ is not given a pri-
ori. It must be derived from the other relations and used by the recom-
mander system to provide users with a relevant selection of items. In
the next subsection, we will introduce two different ways of construct-
ing theP̂ relation. This is the reason why two different relations de-
notedP̂ andP̂c are represented on Figure 1.

� The fuzzyQualification relationQ is defined as a fuzzy subset of the
spaceI � U and characterized by the membership functionq : I �
U �! [0; 1] whereq(i; u) must be interpreted as the qualification
of useru in its evaluation of the itemi. This qualification can be
given by the useru itself (self-evaluation of its expertise level on the
subject) or by other users (peer-evaluation often given with respect to
the usefulness of the comments associated to the evaluation of user
u) or may be assessed by the system based on how useful were the
previous recommendations made by useru concerning itemi for other
users.

Remark. The fuzzy relations introduced above are used to represent ill-
defined relations attached to vague predicates like preference, similarity,
ressemblance and qualification. Hence, the gradations used for membership
values must be seen as levels of intensity but not as levels of plausibility. An
interesting alternative use of fuzzy sets might be to consider theP;Q;R; S as
ill-known relations reflecting the imperfection of the information about pref-
erence and similarities. In such a case it might be interesting to re-examine
the problem in the setting of possibility theory [24]. This is left for further
investigation.

2.2 The content-based, non-collaborative approach

There is a large body of recommander systems that are solely based on the
analysis of content to provide recommendation. These approaches encom-
passing the ones used in information retrieval are the ones that have been

2the term “expected” has a different meaning here than in ”expected value”. In particular, it
does not mean that we are dealing with uncertainty.
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used in the past for various kinds of items. The basic idea is to rely on a
fuzzy similarity between itemsS and a fuzzypreference relationP . Fol-
lowing this idea already present in [39], we simply define relationP̂ as the
composition of fuzzy relationsS andP :

P̂ = S � P (1)

This can be explained by the following simple principle:

Item i is recommended to user u if there exists another item j similar to i
which is known as attractive for u

Following this principle, we ought to recommend an itemi to a useru
if and only if i was not graded byu and iSjPu for somej. This can be
formalized by the following logical condition:

P̂ (i; u) � [:(i 2 G(u)) ^ (9j 2 I n fig; (S(i; j) ^ P (j; u)))] (2)

Example. In the case depicted on Figure 1, relationsS is represented by
a double dotted arrow and̂P by a dotted line. We assume here thatz2b is
a very positive grade (close toz�). We havedS:P2 due to theSP�Path:
(d; b); (b; 2). Considering this path,d ought to be recommended to user 2
because the later expressed a positive opinion onb, an item similar tod.

Equation (2) defines the preferenceP̂ (i; u) as a combination of the prefer-
ence indicesP (j; u) for all itemsj which are similar toi. In this respect, it
can be seen as a case-based decision rule close to those proposed in [20, 21].

One might object that the presence of a single itemj in the neighborhood
of i is not a sufficient reason to justify the recommendation. Moreover, the
close neighborhood ofj may contain another itemk which is negatively
graded byu. For this reason, it seems preferable to consider negative as
well as positive arguments in the definition of̂P . For this reason, we have
to detect the presence of positive and negative arguments, represented by the
two following conditions, for� 2 f�;+g:

P̂ �(i; u) � [:(i 2 G(u)) ^ (9j 2 I n fig; (S(i; j) ^ P �(j; u)))] (3)

The conditionP̂+(i; u) reflects the presence of arguments supporting the
recommendation̂P (i; u) whereas the condition̂P�(i; u) reflects the pres-
ence of arguments against this recommendation.
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Let us assume temporarily that relationsP + andP� are crisp and that
conditions introduced in (3) are interpreted in the classical boolean logic.
These two conditions being independent, we obtain four basic different sit-
uations (as argued in [2], [28] and [44]). This four situations which are a
consequence of the bi-polarity of the preference scale are represented by the
following table:

P̂+(i; u) P̂�(i; u) P̂ (i; u)
1 0 true
0 0 unknown
1 1 contradictory
0 1 false

At this level of description, the first situation (true) is the only one where
the recommendation of itemi to individualu seems fully justified. In prac-
tice, one can expect to observe an artificially large number of cases in which
the situationcontradictory or unknown holds, making the recommendation
principle inefficient.

In order to refine this first recommandation principle and produce a more
discriminating decision procedure, it seems interesting to balance the strength
of pros and cons in the assessment of predicateP̂ (i; u). In this respect, it is
much more interesting to interpret equation (3) in a multivalued logic. To
this end, we need to consider relationsP + andP� as fuzzy relations. In this
case, the classical numerical counterpart of equation (3) is given by:

p̂�(i; u) =
_

j2Infig

T (s(i; j); p�(j; u)) (4)

wherep̂� is the membership function characterizingP � , T is a t-norm andW
is the associated t-conorm (for more details see [36]). The choice of the

t-norm depends on the application. For instance, choosing themax t-conorm
amounts to focusing only on the more significant positive neighbor and the
most significant negative neighbor. Choosing a non-idempotent t-norm al-
lows reinforcement effects when several positively (or negatively) graded
objects are aroundi (see also [29, 39]).

For technical reasons, it is important to restrict the analysis of positive
and negative arguments to a limited neighborhood ofi. It can significantly
reduce the complexity of the search ofSP�paths. Moreover, it prevents the
possible drowning of information due to over-reinforcement effects on a too
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large set of examples. Hence, we defineNk(i) as the set of thek most similar
items fromi (i.e. objectsj 2 I n fig having thek greatest valuess(i; j)).
This yields the following:

p̂�(i; u) =
_

j2Nk(i)

T (s(i; j); p�(j; u)) (5)

This new equation defininĝP+ (resp. P̂�) must be seen as a fuzzy k-
Nearest Neighbor rule (see [33, 3, 6, 22]) deciding whether an itemi belongs
to the class of candidates for recommandation (resp. exclusion). The fuzzy
similarity relationS plays the role of a distance weighting the importance
given to the different (positive or negative) neighbors.

A first selection of relevant items for usersu can be obtained according to
the following definition :

P̂ (u) = fi 2 I n fug : p̂+(i; u) � 
 andp̂�(i; u) < Æg

where
 andÆ are acceptation and veto thresholds chosen in the unit interval.
If we want to assess the expected relevance of these pre-selected items,

and possibly to rank the different items from the most relevant to the worst,
we can define an overall confidence level attached to the recommendation
of i to useru by balancing the positive and negative arguments represented
by P̂+(i; u) andP̂�(i; u). Clearly, from a logical point of view,̂P must be
linked to P̂+ andP̂� by the following equation:

P̂ (i; u) � (P̂+(i; u) ^ :P̂�(i; u)) (6)

The numerical counterpart of this condition is of the form:

p̂(i; u) = T (p̂+(i; u); 1� p̂�(i; u))

whereT (x; y) is a t-norm (e.g.min(x; y), x:y , max(x+ y � 1; 0)).
Moreover, one can interpret the quantityminfp̂+(i; u); p̂�(i; u)g as the

level of conflict between positive and negative arguments. Such an indicator
may be useful to explain a recommendation. It can help to produce moderat-
ing arguments in the justification of the recommendation.

This procedure is clearly more discriminating that the previous one based
on (3) and classical logic. However, our experiments have shown that such
a procedure progressively looses its discriminating power as the number of
graded items increases. This can be explained very simply. On the one hand,

http://www.revue-i3.org


Preference-based Search and Machine Learning 11

due to equation (5), the existence of an itemj in the close neighborhood of
i having received a very good grade (i.e. such thatp+(i; u) is close to 1) is
sufficient to risêp+(i; u) close to 1. One the other hand, the existence of an
itemk in the close neighborhood ofi having received a very bad grade (i.e.
such thatp�(i; u) is close to 1) is sufficient to risêp�(i; u) close to 1. As
soon as suchj andk co-exist in the neighborhood ofi, the positive and neg-
ative arguments neutralise each other, thus forbidding the recommendation
of i. The situation remains the same when multiple positive neighbors likej

are present aroundi, even ifk remains the single negative counterexample.
In some applications, this particular feature may be seen as a drawback.

One should prefer to “count” positive and negative arguments within the
neighborhood and to compare the importance of the coalitions. In such a
case, equation̂p(i; u) can be replaced by:

p̂(i; u) =

P
j2Nk(i)

s(i; j) p(j; u)P
j2Nk(i)

s(i; j)
(7)

wherep(j; u) stands forp+(j; u)�p�(j; u), or possibly another quasi-linear
mean. In some cases, it might be interesting to discountp̂(i; u) whenNk(i)
too small (Nk(i) contains at mostk elements but might also be empty). For
example, one can bound̂p(i; u) to a certain threshold whose value possibly
increases with the size ofNk(i). The numerical rule given in (7) defines
p̂(i; u) as the aggregate of positive and negative arguments evaluated inde-
pendently and represented byp+ andp�. It this respect, it can be compared
to the inference model used in the MYCIN system [43]. Such an additive
rule is also close to those proposed in case-based decision theory [27], the
main difference being that we restrict the set of possible influent “cases” to a
subset ofk-neighbors.

2.3 The individual-oriented, collaborative approach

Collaborative filtering methods recommend an itemi to an useru based on
aggregated user ratings of this item by like-minded users. The characteriza-
tion of like-minded users (theR relation) relies on the similarity of their pref-
erencesP and possibly the usefulness of their recommendation (Q relation).
Let us mention that a more general view (taken by Bilsus and Pazzani [4])
is to consider that not only like-minded users are useful but any user whose
ratings are somehow correlated to the active user. For the sake of simplicity
and efficiency, we only consider here recommendation principles based on

http://www.revue-i3.org


12

like-minded users. The collaborative approach simply defines relationP̂c as
the composition of fuzzy relationsP andR:

P̂c = P �R (8)

This can be explained by the following simple principle:

Item i is recommended to user u if it is declared as attractive by another
user v whose value system is similar to u

Following this principle, we ought to recommend an itemi to useru if and
only if i was not graded byu andiPvRu for somev different fromu. This
can be formalized by the following logical condition:

P̂c(i; u) � [:(i 2 G(u)) ^ (9v 2 U n fug; (P (i; v) ^ R(v; u)))]

Example. In the case depicted on Figure 1, relationR is represented by
double arrows and the collaborativêPc by dashed lines. Assuming thatz2b
is a very positive grade (close toz�), we havebP:R1 due to thePR�Path:
(b; 2); (2; 1). Considering this path,b ought to be recommended to user 1
because it is well graded by user 2 which is close to him. Similarly, assuming
thatz3c is a very negative grade (close toz�), c seems inadvisable to 2 due
to thePR�Path:(c; 3); (3; 2).

Following the approach used in the non-collaborative case, we have to dis-
tinguish between positive and negative arguments in the collaborative filter-
ing. They are represented by the two following conditions, for� 2 f�;+g:

P̂ �
c (i; u) � [:(i 2 G(u)) ^ (9v 2 U n fvg; (P �(i; v) ^ R(v; u)))] (9)

The classical numerical counterpart of equation (9) is therefore:

p̂�c (i; u) =
_

v2Unfug

T (p�(i; v); r(v; u)) (10)

Similarly, following what was done in the non-collaborative case, we de-
fineNk(u) as the set of thek more ressemblant users aroundu (i.e. users
v 2 U n fug having thek greatest valuesr(u; v)). Then, we restrict the
previous definition to thek-nearest neighbors by setting:

p̂�c (i; u) =
_

v2Nk(u)

T (p̂�(i; v); r(v; u)) (11)
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When the information about the usefulness of collaborative recommenda-
tions is available (under the form of theQ relation), equations (9) and (11)
can be sophisticated and rewritten as follows:

P̂ �
c (i; u) � [:(i 2 G(u)) ^ (9v 2 U nfvg; (Q(i; v)^P �(i; v)^R(v; u)))]

and therefore we have:

p̂�c (i; u) =
_

j2Nk(u)

T (q(i; v); p̂�(i; v); r(v; u)) (12)

Hence, a first collaborative selection of relevant items for usersu is given
by:

P̂c(u) = fi 2 I n fug : p̂+c (i; u) � 
 andp̂�c (i; u) < Æg

where
 andÆ are acceptation and veto thresholds chosen in the unit interval.
In order to assess the expected relevance of these pre-selected items using

a collaborative principle, and to rank them by decreasing order of relevance,
we define the confidence level attached to a recommendation ofi for useru
by the following equation:

P̂c(i; u) � (P̂+
c (i; u) ^ :P̂�

c (i; u)) (13)

The numerical counterpart of this condition is of the form:

p̂c(i; u) = T (p̂+c (i; u); 1� p̂�c (i; u))

whereT is a t-norm. If one prefers to “count” positive and negative argu-
ments within the neighborhood and to compare the importance of the two
conflicting coalitions, the previous equation can be replaced by:

p̂c(i; u) =

P
v2Nk(u)

r(v; u) p(i; v)P
v2Nk(u)

r(v; u)
(14)

wherep(i; u) stands forp+(i; u) � p�(i; u). In some cases, it might be
interesting to discount̂pc(i; u) when the size ofNk(u) is too small.

2.4 Integrating content-based and collaborative fil-
tering

The two families of approaches presented in the previous section have each
known limitations when used independently of one another in the context of
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information filtering. An obvious limitation of purely content-based filtering
arises when items are not sufficiently well described to allow the definition
of a useful fuzzy similarityS to be computed. In the worst case, each item is
solely described by a title and the sole similarity that can be drawn between
the items is based on their title as strings. A second limitation that affects
purely content-based filtering arises when the set of preferencesp(i; u) ex-
pressed by usersu for different itemsi is low on average3. It is therefore
difficult to make significant inferences on such small figures or to build stan-
dard profiling techniques. A third limitation of such an approach is on the
expected preference relation̂P . A purely content-based approach has the
tendency to inhibit the system from recommending itemsi that are “far” from
whose already preferred. By construction, nearest-neighbour approaches do
not suggest items that are not in the vicinity of existing preferred items.

On the other hand, several limitations of purely collaborative filtering that
could only be partially predicted in theory were recently empirically con-
firmed. In particular, different metrics have been proposed to analyse the
accuracy of collaborative filtering algorithms [10, 34]. A reference dataset
used for this kind of study is theEachMovie dataset. This is an explicit voting
dataset(users explicitely rate movies between 0 to 5) using example from a
collaborative filtering site deployed by Digital Equipment from 1995 to 1996
4. The relationship between the accuracy of the prediction and the number
of users in the data set for data extracted from the EachMovie database shed
some light on this limitation. Between 2 and 100 users, the inaccuracy de-
creases linearly at a vey sharp rate. Then from 100 to 600 this rate is less
sharp [13]. These results are not surprising as a pure collaborative learning
relies on the fact that various users have ratedsimilar items. It is clear that
the less are the users the smaller are the chance that two users will have rated
similar items. Ultimately, with a single user, collaborative filtering does not
make any sense at all. The approach we advocate with others (see [11]) is
to address the issues mentioned above to integrate both pure collaborative-
filtering with content-based techniques. In the next section we describe the
rationales for such an integration.

3As an example, the average number of movies rated in filmconseil is around 14 for a
database that counts more than twenty thousands movies

4See http://www.research.digital.com/SRC/EachMovie/ for further information
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3 RECOMMENDER SYSTEMS INTEGRATING

PREFERENCE-BASED SEARCH AND

MACHINE LEARNING

3.1 Rationales

This section describes several conditions on a CDS and argues why they are
desirable. An architecture to adhere to these conditions is then presented.
The way to adapt existing algorithms to support such architecture is finally
given.

We argue that there are several conditions that are desirable when design-
ing a recommender system or a collaborative decision support system. Such
system ought to

� scale up to users and itemsin both response time and space require-
ments. A naive approach to build a CDS is to compute and store the
whole similarity matrices that represent theS similarity relations and
theR relations. Both the number of itemsNI and the number of users
NU may be large (several thousands). Considering that a naive ap-
proach requires to store one matrix of sizeNI

2 and one of sizeNU
2,

specific representation must be developed to enable a smooth scaling
in both the number of items and users. This aspect is fundamental
for an industrialization of the solution and is almost never detailed in
collaborative filtering algorithms because of patents pending on rec-
ommender systems.

� Adapt the integration to the state of the system. The drawbacks of
each method (content and collaborative based) taken individually are
strongly related to the number of users and the availability of infor-
mation to describe items. A CDS should therefore dynamically adapt
its strategy. This aspect is important to maximize the chances that the
system will provides adequate recommendations.

� Explain its recommendations. Although this aspect is not mandatory
and many recommander systems do not include this dimension, we
are interested in systems that are not only black-boxes but are able to
somehow explain to a user the reason for a particular recommendation.
This aspect is important for the user to build confidence in the system
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recommendation and better understand bad recommendations when
they occur.

� Motivate ratings of items. In facts, one major problem of recom-
mander systems is to have users express their preferences. To increase
the number of rated items, one approach consists in forcing users to
rate pre-definied items. A major drawback of this approach is that
users may easily get tired of it5. A second approach consists in using
user navigation (this is calledimplicit rating [10]) to automatically rate
items. The drawback of this second method lies in its highly specula-
tive approach of ranking. We support a third approach that consists in
motivating the user to express its preferences that we callactive rating.

3.2 The construction of fuzzy relations S and R

We briefly present the basic ideas used to construct the similarity relation
over items and the resemblance relation over attributes. We will address
computational problems linked to the storage and update of these relations
in the next subsection.

3.2.1 Multiattribute comparison of items

RelationS over a set of items is defined from decription vectors of type
(d1(i); : : : ; dn(i)). For each attributeXj ; j = 1; : : : ; n, we construct a one-
dimensional similarity relationSj defined onI � I . Due to a lack of space
a comprehensive presentation of the various techniques that can be used for
the construction ofSj cannot be detailed here. The construction depends on
the nature of the attribute. As an illustration, consider the 2 following simple
cases:

� Attributes valued on an ordered numerical scale:

Sj(i; k) = Æ(jdj(i)� dj(k)j)

whereÆ is a non-increasing function valued into[0; 1] and such that
Æ(0) = 1. The determination of theÆ function is performed using

5In Firefly [46] for example, a new user needs to choose to ratea minimum number of movies
amongst predefined sets. If ever you have not seen many movies you end up scanning dozens
of screens before finding one you can actually rate.
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classical methods based on the definition of both indifference and pref-
erence thresholds for each attribute (see [38, 36, 37]).

� Attributes valued on a nominal scale:

Sj(i; k) =

�
1 if dj(i) = dj(k)
0 otherwise:

Then the overall fuzzy similarity over items is defined onI � I by:

S(i; k) =  (S1(i; k); : : : ; Sn(i; k))

where is a weighted compromise operator,e.g. a weighted quasi-linear
mean :

 (x1; : : : ; xn) = ��1

 
nX
i=1

!i�(xi)

!

where� is a continuous strictly monotonic function on the unit interval and
wj ; j = 1; : : : ; n are factors weighting the relative importance of each at-
tribute. Such a construction leads to a fully compensatory measure of sim-
ilarity between items. If necessary, this construction can be sophisticated
in such a way that attributes have a veto. This yields a non-compensatory
aggregation procedure making items totally non-similar as soon as they are
strongly different on a given significant attribute (for more details see [36,
38]).

3.2.2 Resemblance and influence between users

Following the approach adopted for the comparison of items, the resem-
blance between individuals could also be based on a multiattribute profile
representing the individual. Notice however that in most cases, the collabo-
rative decision support system, to be successful, must allow the users to keep
anonymity. Thus, the only available information to be used in the production
of relevant recommendations is the set of grades given to items by each user.
They reflect the value system of each user and allow the preference profiles of
users to be compared. For every pair of users(u; v), the comparison of their
preference profiles can be made by investigating the grades of the items both
graded byu andv, in other words items belonging toG(u; v) = G(u)\G(v).
More precisely, within this set of items, the preference profile of each user
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u 2 U is characterized by membership functionsp+(:; u) andp�(:; u) char-
acterizing the fuzzy set of items he likes and the set of items he does not like.
Such fonctions are useful to evaluate the resemblancer(u; v) and the extent
to which useru can influence an individualv. For the sake of illustration, we
define two fuzzy influence relations over individuals.

� positive influence: we say thatu has a positive influence overv when
I+(u; v) holds:I+(u; v) � [8 i 2 G(u; v); ((P+(i; u)) P+(i; v))
^ (P�(i; u)) P�(i; v))]

� symmetric influence : we say thatu has a symmetric influence over
v whenI=(u; v) holds: I=(u; v) � [8 i 2 G(u; v); ((P+(i; u) ,
P+(i; v)) ^ (P�(i; u), P�(i; v))]

BecauseP+ andP� are fuzzy relations, the above logical equations must
be interpreted in a [0, 1]-valued logic, using t-norms, fuzzy implication and
equivalence operators (see [26, 7]). Both relationsI = andI+ can be used
as theR relation. A frequent alternative choice is to directly defineR as a
decreasing function of the distance between vectors(z iu; i 2 G(u; v)) and
(ziv ; i 2 G(u; v)) (see e.g. [10]).

3.3 Hybrid Filtering to improve Recommendations

The general recommendation system we are proposing can be seen as an hy-
brid filtering process aggregating the outputs of the content-oriented filtering
process with those obtained by collaborative filtering. The final ratingr iu
assessed for useru for each pre-selected itemi is defined by:

riu = (1� �)p̂(i; u) + �p̂c(i; u) (15)

where� 2 [0; 1] represents the weight of the other users in the recommen-
dation. We set� = 0 at the beginning of the decision support process, and
then� is increased as the number of users involved in the system increases.
Using these ratings, items can be ordered by decreasing order of relevance
for a given useru and the pairs(i; riu) can be presented to useru.

One major feature of our approach is that the computation ofr iu results
from the numerical interpretation of simple logical conditions reflecting very
natural principles. Indeed, each computation step can be explained by a sim-
ple sentence following the SP and PR paths used to produce a content-based
and/or a collaborative advice. Coming back to the initial example pictured
on Figure 1, user 2 would get very easily explanations of type:
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“You should like d because it is very similar to b but you should not like c
because individual 3 which is close to you dislikes d”

The argumentation is even more convincing when several positive or neg-
ative examples can be mentioned. To go further, it is also possible to explain
to any useru, on request, the reasons why an item is assessed as similar as
another, which are the users having the more influence on his recommen-
dations, and why the system considers them as influent. This might be an
invitation to provide the system with additional preference information, with
the hope to get more informed recommendations in return.

As a complement, the user might be allowed to exclude some people con-
sidered as influent (on him) from his neighborhood and to include some other
which have not yet been detected. Another useful option which can be sim-
ply implemented using our basic algorithms is partisan filtering. The idea of
partisan filtering is to restrict a priori the population of possible advisors to
a given subset of individuals (e.g. representing a given opinion pool) and to
constrain the collaborative algorithm to search possible neighbors within this
subset.

The major difficulty in developing such a system is to preserve a high level
of interaction between users and the recommander system as the number of
users and items increases. The interaction results here from the alternance
of dialog stages (aiming at collecting preference information) with compu-
tational stages (aiming at producing recommendations). To get a successful
system, the computational efficiency of filtering algorithms is one of the key
issues (the other being to produce userfriendly interfaces). This point is par-
ticularly crucial for collaborative filtering methods because the resemblance
R between users must be revised each time a new grade is entered by some
user. Moreover, even if the periodic addition of new items does not mod-
ify the known part of the similarity matrixS, it may have an impact on the
definition of neighborhoods of typeNk(i) and therefore on the final ratings
of type riu. For this reason, we devoted a particular attention to the con-
trol of the computational times. This control is achieved by the following
parameters :

� k : the size of neighborhoods of typeNk(i); i 2 I

� k0 : the size of neighborhoods of typeNk0(u); u 2 U
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� �S : a threshold used to cut all SP-paths containing a too weak simi-
larity (s(i; j) < �S)

� �R : a threshold used to cut all PR-paths containing a too weak ressem-
blance(r(i; u) < �R)

� �P : a threshold used to cut all SP-paths or PR-paths containing a too
weak preference(p(i; u) < �P )

Moreover, since we restrict the analysis to neighborhoods of sizek, only
a border of sizek must be stored in matricesS andP . Thus,S must be
organized in such a way that theith column contains only the elementsj
of Nk(i) sorted by decreasing order of similaritys(i; j). Similarly,R must
be organized in such a way that theuth row contains only the elementsv
of Nk(u) sorted by decreasing order of resemblancer(u; v). The sorting
of these rows and columns facilitates both access to similarity indices for
computations and update of these indices when necessary.

3.4 Machine Learning to improve recommendation

The traditional task studied in machine learning is to classify as accurately as
possible unseen instances based on a set of pre-classified examples [18]. In
the context of collaborative filtering, learning toorder items is a priori more
desirable. In such a context, a meaningful task could be to learn a function
that ranks all the items like they would be ranked by the user. This task has
yet only received a very little attention in the Machine Learning community.
Recently Cohen, Shapire and Singer have proposed a two-stage approach to
learn to order items [14].

However such an approach does not apply when the number of items
ranked by the user is an order of magnitude smaller than the items of the
database. There are, for example, about 100.000 movies in the international
movie database (IMDB) and an average user is not likely to rank more than
one hundred movies which represent less than0:1% of the dataset. In other
words, unless a user is willing to rate thousands of items, such learning task
has very little chance to produce any useful result to the recommandation
system. In fact, the lazy learning approach that focuses on neighborhood of
previously ranked items is known to be more adequate in such context.

We advocate the use of Machine Learning to support the fourth rationale
(see Section 3.1), i.e. to motivate the active user to express his preferences.
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To do so, we suggest a two-stage approach. In a first stage the system builds
an intelligible representation of the user’s taste. In a second stage the system
makes the active user evaluate whether this acquired knowledge is accurate
or not. This approach lies inbetweenactive learning andlearning apprentice
approaches. An active learning problem is one ”where the learner has the
ability or needs to influence or select its own training data” [15]. In our
case, the system always needs more preferences (i.e. data) and will influence
the user to be motivated to do so. This approach also pertain to learning
apprentices systems where the user interactively teaches the system [31].
Informally, our goal is to have the system build on the fly, a classifier based
on the latest positiveP+ and negative preferencesP � and to submit it to the
active user. Indeed, like in learning apprentice systems, the idea is that when
a user disagrees with some of the induced rules made by the system, the user
will be more willing to provide the system with counter-examples.

The learning task we focus on is therefore to learn a classifier that based
on already ranked items is able to classify any item into the category “rather
to be liked” (P+) or ”rather to be disliked” (P �). To illustrate the principle
of such a process in a movie recommendation context, let us consider a user
u that has given high rates to movies A and B both directed by Orson Welles
and a lower rate to a movie C directed by Brian de Palma. The system may
come up with a classifier that says that the “Director” is critical in the attri-
bution of rate of useru and if the movie is from Brian de Palma, the movie
is rather disliked. The user may find this model of himself wrong and react
by giving a counter-example that contradicts this rule (e.g. a movie D from
B. De Palma liked byu) and allows the system to get more ranks and more
discriminant preferences about the user.

In a machine learning context what makes the specificity of this task is:

� The number of items rated per user has a low average and a high stan-
dard deviation: for each user the confidence in the results will be dra-
matically different

� Many users rate a very limited number of items (from one to a few
hundreds), which requires a special treatment (bayesian approach are
often not applicable). The system has to propose an hypothesis even
with two ranked items.

� The results of the classifier ought to be comprehensible and concise so
that the user can react
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� Predictive accuracy is less important than speed since a model ought
to be generated on the fly after each newly rated item.

3.5 A learning algorithm for active rating

To learn from examples of “rather liked” and ”rather disliked” items, given
the constraint presented above, top-down algorithms for decision tree learn-
ing were chosen. The main reason is that they provide comprehensive mod-
els (decision trees) and enjoy good performances. They are employed in
the widely used software packages C4.5 and CART. In these algorithms, the
function used to select the best attribute to split a given node (also called
the splitting function) plays a key role in the performance of the decision
tree algorithms. Intuitively, the role of this function is to value each poten-
tial split (e.g. Actor=“Daroussin”, Director=”Spielberg”, ProductionDate>
1990, etc.) to decide which node will be split and which function will be
used to label the split (“rather liked”P + or ”rather disliked”P�).

Two of the most famous splitting function are theGini criterion used in
CART: G(q) = 4q(1 � q) and theentropy function used in C4:5 G(q) =
H(q) = �q log(q) � (1 � q) log(1 � q). In these functions,q stands for
the proportion of positive or negative examples (e.g. proportion of “rather
liked” or ”rather disliked” movies). Recently, Kearns and Mansour have
shown that if these popular and empirically successful functions were so
efficient resulted from the fact that CART and C4.5 wereboosting algorithms
[32]. They proposed a new criterion that we shall call the boosting criterion
hereafter:B(q) = 2

p
q(1� q).

Kearns and Mansour [32] have shown that the boosting criterion is the only
one to enjoy strong concavity around zero. This strong concavity is linked
to the a priori estimate accuracy of the tree generated using a splitting crite-
ria. Based on this boosting criterion we have proposed a simple algorithm
for learning a decision tree that classifies any item into the “rather like” or
“rather dislike” class. To take into account the fuzzy nature of the preference
relation we use a meta-learning approach similar in principle to that used in
stratification to deal with skewed distribution [12] or inMETACOST to make
a machine learning algorithm cost-sensitive [19]. The intuitive idea is to au-
tomatically replicate particular examples (up-sampling) depending on their
classification cost. In ourAmplification algorithm (see Figure 2), the farther
the preference from the neutral gradez 0u), the greater the cost of misclassifi-
cation of its associated example. To model this cost, given an active useru,
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for each itemi for whichu has given a preference anumberRep i;u of identi-
cal examples (a pair made of its itemi and its labelP + orP�) are produced.
Repi;u corresponds to the classification cost mentioned above. The learning
algorithms based on this process is given in pseudo code in Figure 2.

LearnDecisionTree(u,I)
% Learn a decision tree for useru given
% his/her list of graded itemsI

1. Computeon the fly the neutral gradez0u
% This value correspond to the mean of the grades

2. For eachgraded itemi by the useru
2.1 Assignlabel(i; u)=sign(p(i; u)-z0u)

% Each itemi above average is labeled positive and negative otherwise
% This labeled item becomes an “example” of the concept to learn

2.2 CreateRepi;u= mod(p(i; u)-z0u,redfactor) examples of label(i; u)
% To take into account the quantitative value of the graded itemi,
% each example is replicated depending of its distance to the neutral
% grade. The effect of such replication is to drastically increase
% the misclassification cost of strongly preferred items.
% Theredfactor is a parameter that is initialized to 1,
% it increases with the total number of preferences of useru.

3. Build decision tree DTree(u,I) using the boosting criterionB(q)
% The total number of reformulated examples may be approximated by
% the number of graded items times the standard deviation of their values

4. Return DTree(u,I)
% Given the limited number of graded items, the tree is not pruned.
% Each leave of the tree is pure in the sense that it contains
% only positive or negative examples (see Figure 9).

Figure 2: The proposed Decision Tree Algorithm calledAmplification

Let us give a brief example of the replication process. Here is a set of three
items (here movies) for which a preference has been given:

Title Type Origin Rank Repi;u
UN AIR DE FAMILLE Comédie français 82 21
TALONS AIGUILLES Comédie espagnol 64 3

DANSE AVEC LES LOUPS Western américain 39 22

Given that the neutral gradez0u is 61.7 the two movies of the above tabular
will be labeled positive and the last one negative. There will be a total of
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forty six examples after replication. The decision tree learning algorithm
will be therefore biased to give less importance to the second movie which
is slightly above the neutral grade. Based on the decision tree learned, an
active learning algorithm is presented in Figure 3.

ActiveLearning(u,I)
1. Compute on the fly DTree(u,I)= LearnDecisionTree(u,I)

% Learn a decision tree for useru given its list of graded itemsI
2. Display DTree(u,I) to the user

% Each leaf of the tree may be selected by the user when
% s/he finds it erroneously representing her/his appreciations.

2.1 Get the decision tree nodeN selected by the user.
% This nodeN corresponds to the one the user disagree with

2.2 Build the SQL queryQ corresponding to the tree nodeN
% This queryQ corresponds to the Boolean expression defining the nodeN

2.3 Perform a dataset queryQ on the entire database of items
andbuild the answered subsetS

2.4 Removefrom S items already graded by the user
2.5 Rank the itemsS using collaborative filtering so that

the items most subject to contradict the label ofN are first
% Using the recommendation algorithm allows to filter the items
% so as to ease the interaction

2.6. Display the list of graded items ofS
2.7. Requestfrom the user an item that most contradicts label ofN

3. Return to 1

Figure 3: The proposed Active Learning Algorithm

The decision tree learnt from the rates given by the user may be seen as a
summary (a generalization) of its rates6. As such it may not only be used to
make the user actively rate new items to contradict an erroneous rules learnt.
It may also be used to predict whether an item will be liked or not by the user
and explain why.

6In order to evaluate the predictive accuracy of the decision tree learned by the system, a
leave-one out validation is available upon user request.
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3.6 Related Work

As mentioned in the previous section, in the context of collaborative deci-
sion system, learning toorder items is a priori more desirable. Recently
Cohen, Shapire and Singer have proposed a two-stage approach to learn to
order things [14]. In a first stage, their algorithm learns an approximation of
a binary preference function between pairs of items. In a second stage they
compute an ordered list that heuristically attempts to minimize disagreement
with the learnt preference function [14]. In effect, minimizing the disagree-
ment with a preference function has been proved to be NP-complete. The
difference with our approach is that learning is used in their case as a substi-
tute of traditional collaborative filtering.

Bilsus and Pazzani have recently proposed a framework for reformulat-
ing the problem of collaborative filtering as a standard machine learning al-
gorithm [4]. The ranked values may be considered as unordered multiple
values and a standard multi-class classification algorithm may be used. An
even stronger assumption is to define one threshold in the ranked things and
distinguish between things that are liked and others that are disliked.

Claypool et al. [13] has proposed a reinforcement learning approach to
learn, for each user, the parameter�u used to aggregate content-based and
collaborative filtering algorithm (see Equation (15)). The basic idea of his
algorithm is to update the balance between content-based and collaborative
filtering whenever a new preferencep(i; u) on a itemi is given to the system.
The update is meant to minimize the prediction errorr iu � p(i; u) on itemi.
To do so the system comparesp(i; u) with p̂(i; u) andp̂c(i; u). The parame-
ter�u is modified accordingly. A limitation of such an algorithm lies in the
fact that it depends on the order of presentation of the ranked items. More-
over it performs a greedy optimization of the weighted prediction function.
An approach to avoid thiscatastrophic forgetting problem would require
several learning passes (in the same way neural networks are trained). How-
ever, this latter solution would be at the expense of efficiency.
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4 DESIGNING A SYSTEM FOR MOVIE- RECOM-
MENDATIONS: FILM CONSEIL

4.1 Introduction to Recommender Systems for Movies

To experiment our approach to collaborative decision making, we have de-
veloped a movie-recommendation system called “Film Conseil”, accessible
from the web7. There exists today several commercial products that propose
collaborative filtering for movies or music: MovieLens8, firefly 9, Movie
Critic 10, etc. The movie-recommendation task has one main practical ad-
vantage: it is relatively easy to attract users to give holistic judgments about
movies and thus their preferences.

The originality of our system is manyfold:

1. the hybrid nature of the recommendation that may be controlled by the
user,

2. the explanation given by the system on its recommendation (be it
content-based, collaborative or hybrid),

3. the active learning motivation for ranking movies,

4. the systems’ ability to provide the user with his/her best and worst
friends.

The following subsections present the main features of the “Film Conseil”
system.

4.2 The Representation of users and movies in “Film
Conseil”

In the system “Film Conseil”, the items considered are movies. Each movie
m of the database that counts about 15000 different movies is described by
a tuple of attribute values. The attributes used by the system are the ID of
the movie (a key to index images), the title, the genre (western, comedy,

7http://www-poleia.lip6.fr/�fconseil
8http://movielens.unm.edu
9http://www.firefly.com

10http://www.moviecritic.com
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drama, ...), the origin (USA, India, England, France, ...), the duration, the
year produced, the film maker and the first four main actors. Within the
“Film conseil” website, each user is represented by his preference profile,
i.e. the set of grades he has assigned to movies. The only information the
user is supposed to provide is his/her pseudonyme. The fuzzy similarity
between movies and the fuzzy influence relations linking users are computed
periodically and stored in an independent database. Then, “Film conseil”
uses the different filtering approaches introduced in the previous section so
as to provide the user with an ordered list of recommendations. A level of
confidence in the recommendation is associated to each recommended movie
and is precisely used to rank them.

4.3 “Film Conseil” Sessions

To provide the reader with an illustrative example that one may easily repro-
duce we have considered a user that has expressed his preferences regarding
only 8 movies. Among them, we have movies like “Le gout des autres”,
“Cuisine et Dépendances” and “On connaˆıt la chanson” which have been
well graded. From such an information, the various filtering process and
learning algorithms are combined to provide the user with relevant recom-
mendations. The general principle of the filmconseil recommender system is
intuitively pictured on Figure (4).

The main stages of a typical session and the associated screens are pre-
sented in the appendix. One lesson we learnt from the industrial application
of the “Film Conseil” system [30] is the gap between what we believe is
important as researchers and what is perceived as crucial by end-users. The
capacity of the system to provide each user with the list of its best friends
(closest neighbors according toR) is a good illustration. The algorithms we
develop to identify the best and worst friends of an active user are straightfor-
ward and at first, we did not consider it as a major functionality. The effective
use of the system has demonstrated that in terms of interaction this feature
was one of the most appealing. Indeed, we observed that many users imme-
diately wanted to know their best friends after having graded new movies.

5 CONCLUSION AND PERSPECTIVES

Recommender systems address the general problem of recommending items
to an active user relying on the implicit sharing of preferences and experi-
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Figure 4: Intuitive principle of the filmconseil approach

ence with other users [41]. Both content-based (solely based on the active
user preferences) and pure collaborative filtering (solely based on the other
user preferences) approaches have proved to be inadequate in various real
deployments [10, 13].

In this paper we propose an integration of this two recommendation prin-
ciples as well as the use of active learning to stimulate the users to express
their preferences. The first recommendation principle “content based” relies
on fuzzy filtering methods that only use the active user fuzzy preference re-
lations. The second one relies on fuzzy influence relations between users al-
lowing an implicit cooperation between users. Both principles are weighted
then summed to produce the final recommandation of items to the active user.
The respective weights may be either fixed, chosen interactively by the user
or dynamically computed from the global parameters of the system such as
the number of users and the number of items. We advocate to weight more
favorably content-based approach when the number of users is low and to
increase the weight of collaborative thereafter.

To summarize, the first contribution of this paper is an approach to inte-
grate two types of recommendation that play a complementary role to pro-
pose the most relevant recommendation. The second contribution is an active
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learning algorithm meant to motivate the user to grade items. This problem
of motivation is often overlooked by researchers because its evaluation is
hard to assess. Nevertheless the problem remains and the solution we pro-
posed does stimulate. The third contribution is related to the explanation
power given by the system.

As mentioned by Bilsus [4], they are many ways to evaluate the quality of
a recommandation system. This paper does not intend to give an empirical
evaluation of algorithms taken independently as it is done for several col-
laborative filtering algorithms. A partial evaluation of our architecture was
done by the users of the industrial version of filmconseil freely available on
the web.

One of the current limitation of our architecture concerns its ability toex-
plicitly take into account feedback from users regarding recommendations
that have been made to them. Suppose for example that a movie recom-
mended to a user is later graded as irrelevant. Although the method, by con-
struction, guarantees that the system will not make such a recommendation
again, it means that the procedureper se ought to be adapted. For this reason
we investigate the use of machine learning which among the other users are
good advisors and bad advisors. In this case the feedback provided by the
user is used to learn a degree of confidence in other users advises. In this re-
spect, we currently investigate the use of multi-instance learning algorithms
[45].

Finally, in order to increase the potential applications of our works, the de-
velopment of tools able to extract the content of semi-structured documents
is necessary. This is particularly true concerning textual documents which
form a major part of the information available on the web. Actually, several
tools concerning the semantic access to textual documents, the processing of
open requests and those concerning the aggregation of experts are currently
under development in our laboratory (“Web-conseil” project, [17, 16]). For
the future, we are considering integrating these two techniques so as to pro-
vide our recommender system with new features.
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APPENDIX

This appendix presents some typical stages of a standard “Film-conseil” ses-
sion illustrated by their associated screen-dump.

� THE NOTATION STAGE: For any movie chosen by the user, the descrip-
tive information concerning this movie is given on the screen and the
user is invited to enter a grade on a bipolar scale using a slider. This
scale is continuous but some typical marks are represented along the
scale, in an intuitive way so has to help him to locate some reference
levels like “very bad”, “bad”, “neutral”, “good”, “very good” and to
select the appropriate grade (see Figure 5).

� THE RECOMMENDATION STAGE: The user is invited to select a rec-
ommendation mode (“pure content-based”, “pure collaborative”, “hy-
brid”) and then the top list of most promising selected movies appears
on the screen, ranked by decreasing order of relevance (see Figures 6
and 7 ) .

� THE EXPLANATION STAGE: By clicking on any selected movie, the
author is provided with first level explanations. In the case of content-
oriented filtering as well as in the case of pure collaborative filtering,
the user can obtain two levels of explanation. The first level of expla-
nation is based on the detection ofSP�paths in the relational structure
we have defined in the paper. More precisely, in order to explain why
an itemi is proposed to an useru, the list of thek-nearest neighbors of
i within the setfj 2 G(u) : iSjPug is given. Upon request, the user
has the possibility to get a more detailed explanation. At this level, the
precise features in common betweeni andj are listed, and this for each
item j considered as closed toi in the first level explanation.

In the case of pure collaborative filtering, there exists also two levels
of explanation. The first one is based on the detection ofPR�paths in
the relational structure we have defined in the paper. In order to explain
why an itemi is proposed to useru by collaboration, the list of thek-
nearest neighbors ofu within the setfv 2 I : iPvRug is given. Upon
request, the user has the possibility to get a more detailed information,
explaining why a userv mentioned in the first-level explanation is seen
as close to him.

In the example given on Figure 8, the user has required an hybrid fil-
tering and therefore received a twofold explanation based on content-
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based and collaborative arguments.

� THE ACTIVE LEARNING STAGE: At any time, after having at least
graded two movies, the active user may visualize the profile that the
system has inferred from her/his grades. The profile is a decision tree
where each leaf defines a prediction whether a movie will be rather
liked or disliked by the active user. This tree is learnt following the
amplification algorithm described on Figure [?]. Based on this tree, a
page is dynamically built using the active learning algorithm sketched
on Figure [?]. Figure 9 presents a tree learnt from the same active user
as above. This decision tree indicates that the presence of the actor
called “Jean-Pierre Bacri” is a good predictor of the attractiveness of
a movie for the active user. Another leaf states that when this actor is
not in the cast, the ”origin” of the movie is in turn a good predictor.
Whenever the user disagree with a rule that was inferred by the system,
it may click on the hyperlink ”Pas d’accord” (i.e. Disagree in French)
and a list of movies that have not been yet graded and might contradict
the rule are proposed to the user.

The (expert) user may also request a leave-one out cross-validation of
the learning algorithm of the system on its grades. The small window
on the bottom of Figure 9 indicates that the reliability of the model is
75%. In other words, the average error by learning a model from all the
movies but one and testing the model on this one is 25%.
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Figure 5: The notation screen
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Figure 6: The selection of the filtering-mode
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Figure 7: The selection obtained by collaborative filtering

http://www.revue-i3.org


Preference-based Search and Machine Learning 39

Figure 8: First-level explanations
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Figure 9: Preference Profile and active learning
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