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ABSTRACT ¢ For each category the objects are sorted according to the
Collaborative filtering is an important technology for creating user- filtering algorithm and arranged in a singlerridor.
adapting Web sites. In general the efforts of improving filtering al- The user is assumed to behave as follows:
gorithms and using the predictions for the presentation of filtered
objects are decoupled. Therefore, common measures (or metrics)
for evaluating collaborative filtering (recommender) systems focus ¢ enjoy the objects of a corridor
mainly on the prediction algorithm. It is hard to relate the classic
measurements to actual user satisfaction because of the way the
user interacts with the recommendations, determined by their rep-  This paradigm gives an abstract definition of arrangement and
resentation, influences the benefits for the user. We propose anusage of filtering results. This paradigm is obvious and simple.
abstract access paradigm, which can be applied to the design ofit allows a reliable formalization so that performance measures
filtering systems, and at the same time formalizes the access tocan be deduced, that are based on the interaction between the user
filtering results via multi-corridors (based on content-based cate- and the system and therefore relate more to the user satisfaction.
gories). This leads to new measures which better relate to the useMhen this paradigm is applied to user-adapting Web sites or other
satisfaction. We use these measures to evaluate the use of varioutypes of recommender systems, more choice for the users can be
kinds of multi-corridors for our prototype user-adapting Web site provided via various multi-corridors and therefore increase perfor-
the: Active WebMuseum. mance from the perspective of the user.
In this paper we first describe the prototype Active WebMu-
S L lNTRODUCﬂON seum in section 2, which implements the multi-corridor paradigm.
Information filtering techniques can be used to create user-

; : _ _ -adapting=rther in section 3 we introduce collaborative filtering and other
Web sites. User-adapting Web sites adapt their presentation to the, e jiction algorithms used in this paper. Thenwe describe in more
user's preferences. We evaluate the use of information filtering for getaj the multi-corridor access paradigm, how multi-corridors can
user-adap_tlng web s_ltes in our prototype the ACt'Ve WebMyseu_m. be obtained automatically from content indexing, anddbent
_Techniques, which have been proposed for information fil- anq.ore measures which are used to assess the performance of
tering fall in two classes: Content-based filtering and collaborative 1, ti-corridors and prediction algorithms. Later we apply these
filtering. In recent research we studied the combination of both ap- yaasures to various types of multi-corridors resulting from differ-

proaches in the context of the Active WebMuseum([3, 4]. Filtering gt combinations of filtering algorithms and categorizations.
techniques, content-based as well as collaborative filtering gener-

ally create predictions of user ratings for objects. Usually the per- 2. THE ACTIVE WEBMUSEUM
formance of filtering algorithms (or prediction algorithms) is then In an ideal world a visitor of a museum would enter a museum and
evaluated using measures which asses the prediction error. Othethen find in the first corridor exactly those items, which he would
measures consider the order of all predicted ratings and compareind most interesting. Given that real museums serve many people
it to the order of ratings that the user would assign. at the same time, it is not feasible to rearrange the collection for
While standard measures are commonly used to evaluate andindividual visitors. When a museum’s art collection is presented
tune the performance of filtering algorithms, they are hard to re- through the Web, it becomes feasible to rearrange the collection
late to the utility of the recommender system and therefore to the for each individual visitor. Our Active WebMusedhas a dy-
user satisfaction. The utility of predictions depends strongly on namic topology which is adapting to the museum visitor’s taste
how the user accesses the recommendations, on available choiceand choices. The dynamic topology is achieved by dynamic cor-
during the exploration, and on which choices the user picks. Cur- ridors, virtual corridors which contain paintings of a chosen cat-
rent measures do not consider arrangements and user choices. Reegory sorted according to personalized predictions produced by
ommender systems which are tuned to the wrong measures mightcollaborative filtering. The user may choose from several dynamic
not be useful for the users. corridors which are interconnected, so that users keep the ability
We propose a new access paradigm for the application of fil-

tering techniques which is based on multi-corridors. Multi-corridors ~ *The A]fﬁ\;% kWﬁbM/Useum (a%ienise)d thrOtuhgh ht”t Pt{ 1 V\fMAN t
. eurecom fr/~kohrs/ museum uses the collection of paint-
are Construct(.ad as fOHO\_N_S' ) . ) . ings from the WebMuseum, Paris (accessed through http://
¢ The objects are divided in categories, possibly by using fea- net al ab. unc. edu/ wm ), which has been created by Nicolas Pioch
tures obtained through automatic indexing. and contains roughly 1200 paintings by about 170 painters.

e choose a corridor

¢ exit the corridor when disappointed




to choose (among paintings and corridors) while at the same time
benefitting from recommendations. See figures 1 and 2 for exam-
ples.
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3. COLLABORATIVE FILTERING

Collaborative filtering systems select items for a user based on the
opinions of other users. Generally, collaborative filtering systems
do not rely on content-based information about the items, consider-
ing only human judgments on the value of items. Collaborative fil-
tering systems consider every user as an expert for his taste, so that
personalized recommendations can be provided based on the ex-
pertises of taste-related users. Collaborative filtering has been ap-
plied to several domains of information: News articles, GroupLens
[5, 6, 7]. Music, Ringo [8]. Movies, MovieCritfic

Most collaborative filtering systems collect the users’ opin-
ions as ratings on a numerical scale, leading to a sparse matrix
r(user, item). Collaborative filtering systems then use this ra-
ting matrix in order to derive predictions. Several algorithms have
been proposed on how to use the rating matrix to predict ratings
[2, 8, 1]. For the Active WebMuseum we derived a collaborative
filtering algorithm from a commonly used technique, also used in
the GroupLens project and in Ringo, which is based on Pearson
vector correlation. The predictions are weighted sums of other
users ratings, and the weights are determined by correlation co-
efficients between the users’ ratings vectors. Please refer to [3]

Figure 1: Browsing dynamic corridors: When a user has entered afor the detailed formulas. In this paper we refer to this algorithm,

dynamic corridor (in this example a corridor containing paintings

when we mention collaborative filtering algorithm, aoilab for

by Jackson Pollock), he is presented iconized paintings orderedShort.

according to his preference. From here the visitor continues in the

In order to compare the performance of collaborative filtering

same corridor until he looses interest, or may choose to see more/€ US€ in experimental context also the following filtering algo-

details of one painting, or enter a new corridor.
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Figure 2: A single painting in detail close-up: When the user
choses an iconized painting from a corridor it is presented in more

Lt

detail (artist, title, creation date). From here the user may return to

current corridor or enter new corridors related to this painting.

While visiting the Active WebMuseum, users may express
preferences by giving symbolic ratings to paintings€él lent, good,

rithms:

Base: The base algorithm uses the mean rating of all users for an
object as a prediction. This is also a collaborative filtering
algorithm but it does not produce personalized results and
is solely used for comparison and as a backup algorithm in
rare cases when collaborative filtering fails.

Random: The random algorithm uses random numbers within the
rating range as prediction. This algorithm is only useful for
experimental purpose to estimate baseline results.

4. CATEGORIES
Filtering techniques are used to create predictions of a user’s ra-
tings for objects. The simplest way of using these predictions, is
to provide the user with a ranked list of objects which the user
has to follow in best-first order to benefit from the filtering algo-
rithm. While this represents the way how filtering systems are usu-
ally evaluated, this access-paradigm is rather awkward for the user
and might not be percepted as beneficial. We therefore propose
the multi-corridor access paradigm, which formalizes the arrange-
ment of filtered objects into corridors according to a categorization
scheme. The user may choose a corridor while still benefiting from
the predictions of the filtering algorithm.

Here we provide a formal model for multi-corridors. This
model leads to two measuresunt andscore, which more closely
capture the benefit that users get from filtering algorithms within
the context of multi-corridor. Then we explore the multi-corridor
paradigm by applying the proposed measures to various combina-
tions of categories and prediction algorithms.

4.1. Multi-Corridor Model and Metrics

neutral, bad, terrible). For historic reasons, the symbolic ratings  \when presented as multi-corridors the objects are grouped accord-
are then mapped on numerical ratings in the intejval 0]. For ing to a categorization scheme. Each category contains objects,
paintings wh_lch have not been_ rated by the visitor, the ratings are ywhich when ordered by a filtering algorithm are presented in a

predicted using other users ratings and collaborative filtering tech-

nology.

2http://ww. novi ecritic.com



corridor-like fashion. The user chooses a corridor and sequentially experiencedcore andcount can be estimated as follows.
sees as many objects as he likes. When done with one category the
user switches to the next. A performance measure for the whole
system should relate to the satisfaction the user experiences. The
users satisfaction is maximized, when the system shows him many
objects which he likes and few objects which he does not like The gistribution ofw. is assumed to be uniform if not otherwise
enough. For our evaluations we use metrics, which capture the;nqicated for the following experiments.

user’s satisfaction resulting from the combination of a categoriza-

tion and a prediction algorithm. In our metric itis assumedthatthe 4 5 patasets

user stops using one c_orrld0r as soon as he is presented an_objeqh this study we examine three generally different categorizations:
that he does not like, i.e. an object which he would rate with a

rating below a thresholtl The value gained by visiting the corri- ~ Automatic: In previous work we discovered a correlation between

score = E we - score,  count = Y wc - counte )

c

dor is determined in terms of the sum of the ratings which the user colors of paintings and the users ratings for this paintings[3,
would have assigned to the seen objects or simply the number of 4]. This leads us to assuming that users might profit from
objects that the user sees. a color categorized presentation of the paintings. This cat-
In the following we provide a framework for assessing the egorization is based on automatically generated color his-
value of a multi-corridors. When assigned to corridors (ordered tograms, which have been clustered in a fixed number of
categories) the objects can be referenced by, which refers to categories using the K-Mean algorithm. This categorization
the ith objects in thecth corridor. The valug. ; refers to the scheme is referred to as antomatic categorization, since
predicted rating ob. ;. The valuer.; refers to the rating the no manual work is needed to create the categorization.

user would assign to the objegt ;. The absolute prediction er-

ror |#..; — rc,;| which is commonly used for assessing the per-
formance of recommender systems is not important for the fol-
lowing considerations.Within a corriderthe objects are ordered
according to the predicted rating, so tifa; > . ;41 holds for

all objects. In our model we assume that the user stops using a
corridor as soon as he gets disappointed when he sees an object
with a rating ¢.,;) below a threshold, which is theneutral rating.

So thatstop. = min{j : r.,; < t} is the index of the object

in corridor ¢ which causes the user to exit corridar Until the

user sees. s:op he sees the objec{s. 1, ..., 0. st0p—1} and the
ratings that the user would assign to those objects or the number

of objects seen can be assumed to relate to the user’s satisfactionysndom: As a third categorization we created random categories.

Manual: The paintings of the Active WebMuseum were extracted
from Web pages. These pages usually contained descrip-
tions about the painter and the style. In these descriptions
the mentioning of certain keywords were counted, which
allowed the assumption that the paintings belong to a cer-
tain style. By this technique all the paintings ( 200) were
categorized in ten different styles, Baroque, Cubism, Ex-
pressionismetc. This categorization is based on tinenual

work of the author of the descriptions and his expert knowl-
edge and could not be automatically generated without the
descriptions.

gained by visiting this corridor. If the prediction was perfect, the The paintings are randomly distributed over all categories.
user would see all objects which are important to him in this cor- This categorization scheme serves solely as a basis for com-
ridor. This leads us to the measures which estimate the percentage parison.

of experienced ratings¢ore) and the number of objects seen in

one corridor {ount): In order to allow comparisons between different categorization

schemes, each categorization has the same number of categories
> (C,, = 10) and each painting is assigned exactly once to one cate-
j<stope T stope—1 @ gory within each categorization.

score., = count., = Tre St ) o ]
Z]G{IZTC)IZt} ey o= For the user rating based prediction we use 8780 ratings as-
signed to paintings bg20 user during the ongoing trial of the
prototype Active WebMuseum.
Corridor 1=5% {meutral)

4.3. Experimental Framework

We ran several sets of off-line experiments in order to resolve ques-

Prediction 10 & 7 6 2 1 tions concerning the application of multi-corridors in the Active

| WebMuseum. For the experiments the user ratings are split in a

test-set and a training-set. For 16 users with more than 100 ra-
icctl pAUKINGS Step {leane pomida tings a subset of 80 ratings is sampled in the test-set (1280 ratings).

Figure 3: When a user enters a corridor he keeps on seeing paint-The remaining ratings are used as a training-set (7500 ratings). In

ings as long as he likes the paintings, i.e. he would rate them higherorder to eliminate the effects of biased splits the splitting is re-

thant. As soon as he gets disappointed he leaves the corridor andPeated 50 times using random samples for the test-set. For each
might miss paintings which he would also like. split the performance is measured (using the measure proposed in

section 4.1) and accumulated to a mean performance over all splits
and all users.
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In a typical visit it can be assumed that the user visits one or
more corridors. In order to assess the utility of a multi-corridor 44 Resl
for the user we model the access in a simplified way: The user +4 Results _ o
is expected to choose only one corridor. Each corridor is chosen WWe Will now approach certain aspects of the use of multi-corridors

with a probabilityw, = P(corridorc is chosel So that the mean in recommender systems. For the following results we use the
score measure which is strongly correlated to et measure.



Categorization Algorithm| Random| Base| Collab
Random 0.324| 0.495| 0.500
Automatic 0.379| 0.525| 0.528
Manual 0.406 | 0.555 | 0.558

that the results are improved by changing the measurement, how-
ever, since the measurement is in the same quantity related to the
user satisfaction, it can be concluded that the user is better served
with a weighted categorization, i.e. particular categories are rec-

Table 1: Performance comparison of categorization schemes andommended.

prediction algorithms.

4.4.1. Comparison of Categorization Schemes
Table 1 compares the performance using ¢heec measure for

various prediction algorithms in combination with the three kinds
of categorization schemes.

In general themanual categorization performs best, as would
be expected. However, tlatomatic categorization performs no-
tably better than the random categorization.

Surprisingly in the first column, the random predictor leads

5. CONCLUSION

This paper makes three contributions: First, the multi-corridor ac-
cess paradigm is identified and defined. Second, we provide met-
rics for evaluating multi-corridors which are focused on the per-
formance of information filtering prediction algorithm while at the
same time considering the access patterns of the users. Third we
evaluate multi-corridors based on various combinations of predic-
tion algorithms and categorization schemes.

In the future we plan to refine the multi-corridor measures.
Certainly a measure is needed for on-line experiments which can
then lead to highly useful tools for observing the quality of a rec-

to different results for different categorizations. This can be ex- ommender system at run-time, e.g. when an on-line measure de-
plained with the fact that the categories are correlated with the et that a current user experiences bad performance a system op-
ratings for the contained paintings (even though that is not in- erator could intervene and provide some incentive for the user to
tended), e.g. some categories contain more generally good objectgay. Further we will explore the integration of categorizations and
so that even a random predictor can succeed. This result impliespregiction algorithms with the hope that prediction results in gen-

that the presentation in multi-corridors based on meaningful cate-
gorizations relating to style and even the automatic categorization
improves the performance of the recommender system in terms
of more perceivedcore, especially if the prediction algorithm is
weak.

These results indicate that usibgse is better tharrandom
andcollaborative is better tharbase prediction. Which is obvi-
ous sincebase takes into account general popularity asollab-
orative prediction personalizes the predictions. However, while
generally remarkably outperformirmse prediction, hereollab-
orative only adds little performance ovdiase prediction. This
can be explained with the limited data-set which is available, i.e.
a critical mass of users to have groups of users with differing and
common tastes.

4.4.2. Category Weighting
Until now we assumed for thecore measure equal probabilities
that a user chooses a particular corridor (Equation 2), i.e. the dis-
tribution of the weightsw; is uniform. In practice that would mean
that the user would blindly choose one of the available corridors.

Sometimes it might be reasonable to assume that the user favors

one corridor over the others, i.e. because he usually likes objects
in a particular corridor. We model this by adapting the weights
w; to the known ratings that a user had assigned to objects of one
corridor. Low weights are assigned to corridors with low average
ratings and high ratings are assigned to corridors with high aver-
age ratings. This weighting scheme is referred to agptpelar
weighting scheme as opposed to tinform weighting scheme.

Categorization Algorithm| Uniform | Popular
Random 0.500 0.502
Automatic 0.528 0.562
Manual 0.558 0.568

Table 2: Comparison of uniform and popular weighting of cate-
gories.

Table 2 compares the results of uniform and popular weight-
ing. Significant improvements can be observed foratmatic
categorization with theopular weighting. For themanual cate-
gorization the improvement is not as significant. One could argue

eral improve and become more reliable.
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