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Abstract—The vision of pervasive environments is being re- 2) The changes of a user’s preferences and needs over
alized more than ever with the proliferation of services and time, renders the task of predicting his current ser-
computing resources located in our surrounding environmets. vices/interests extremely difficult.

Identifying those services that deserve the attention of th user

is becoming an increasingly-challenging task. In this pape we 3) The result of the interaction of the user with any specific

present an adaptive multi-criteria decision making mechaism service is usually uncertain. It surely depends on the
for recommending relevant services to the mobile user. In tis performance of the latter. As low performance services
context, “Relevance’ is determined based on a user-centric can provoke his dissatisfaction, it is mandatory that

approach that combines both the reputation of the service, he an expedient system must be capable of identifying
user’s current context, the user’s profile, as well as a recat of

the history of recommendations. Our decision making mechasm reputable (and disreputable) services [15], [17].

is adaptive in the sense that it is able to cope with userss The complexity of understanding what services could be
contexts that are changing and drifts in the users’ interess, interesting and important enough to justify disturbing tiser,
while it simultaneously can track the reputations of series, s the main challenge of our research. To respond to this chal
and suppress repetitive notifications based on the history fo lenge, we argue that service recommendation should rely on a

the recommendations. The paper also includes some brief but lti-criteria decisi ker th bi diff
comprehensive results concerning the task of tracking seige Multi-Critéria decision maker that combines difierent esp

reputations by analyzing and comprehending Word-of-Mouth  (dimensions) of the system/environment in order to decide,
communications, as well as by suppressing repetitive notéfations. on behalf of the user, whether a service is relevant or not.

We believe that our architecture presents a significant con- “Relevance”, we propose, should be determined based on a
tribution towards realizing intelligent and personalized service ;o cantric approach that collectively combines the tafan
provisioning in pervasive environments. ) :
of the service, the user’s current context, the user’s grodis

well as a record of the history of recommendations. This is
precisely what we have attempted to achieve in our endeavor,

The environment in which we live in today is truly “perva-and we thus believe that our architecture presents a signific
sive”. The proliferation of services and computing resesyc contribution towards realizing intelligent personalizestvice
indeed, makes the very dream of computing in such a pervasiyevisioning in pervasive environments.
environment realizable. However, this task has numeraals re To clarify things, we shall present an instantiation of our
life hurdles. Most prominent among these is the task @fchitecture to a real-life, day-to-day scenario invodvia
identifying those services that deserve the attentionefiger. proactive location-based application which provides aseen
Ironically, as the services and tools become more pervasitde of services. In the scenario, the goal is to build a perkon
this task, in itself, is becoming increasingly-challermyilue ized and context-aware decision maker that delivers nadyrow
to the fact that: targeted notifications to the user about relevant servines i

1) The increasing number of services can overwhelm thiS environment. Nevertheless, even though this instionia
attention of even the most educated user. It is, rathét, specific, the proposed architecture is generic and can be

plausible that an arbitrary user fi®t even awaref the 2Pplied to recommend a wide range of services. L
services at his disposal. Before we proceed we would like to mention that it is

impossible tocomprehensivelgescribe the design and imple-
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recording reputations etc. Each of these modules, in jtsdlindamental differences between the study of [5] and the ap-
is a contribution in its own right. The pertinent results deproach that we have proposed in this paper. From an architec-
scribing some of these modules have already been publishiedal point of view, our work is based on a Publish/Subscribe
and the results concerning the other modules are currentigradigm in order to realize matchmaking between available
being compiled. Thus, we emphasize that while this papservices and the user’s preferericédoreover, the authors of
contains the design and implementation details of the divergpb] did not present mechanisms to compute the reputation of
architecture, we will briefly describe the functionalitysime the media services, thus, in effect, assuming that it is pere
of the component modules, and omit the details which astatic. We argue that this assumption is not always valid, an
found in the associated citations. The reader should naie tthat it is of paramount importance that the system tracks the
a more detailed description of all of these components aad thariations in the reputation of the services since theyoatm
overall system will be found in the doctoral thesis of thetfircertainly, change over time.
author [14]. A pertinent study that falls in the same class of our current
The remainder of this paper is organized as follows. In Se¢ork is the Dynamosproject [10]. TheDynamosapproach
tion 11, we describe some reported studies which are closdyan example of a context-aware mobile application that can
related to our approach. Then, in Section Ill, we presehe used for recommending relevant services to the user. In
the details of the architecture by explaining the functlitpa [10], the authors designed a hybrid recommender system for
of each of the components and their mutual interaction#otifying users about relevant services in a context-awee-
Section IV reports the results of simulations conducted:sgh ner. The model is based on a peer-to-peer social functignali
results demonstrate the efficiency of our design in reducingedel, where the users can generate contextual notes and rat
the unobtrusiveness that might be caused by traditionaicger ings, and attach them to services, or to the environmentsy Th
recommendation systems. Concluding remarks and futuge lirre also permitted to share these with their peers. Thehattac

of research are outlined in the conclusion. notes to the environment are delivered to other users wieenev
they are in the spatial vicinity of the entities associatathw
Il. RELATED WORK the notes. A main difference between their work and what we

propose is the way by which preferences are described. Their

The rich availability of services in pervasive environmentwork assumed that the user was expected to explicitly descri
has the effect of over-burdening the system’s service setec his preferences by manually entering them. In this sense, th
task. According to the vision of pervasive computing proedot profile is defined by the user by explicitly specifying thedgp
by Mark Weiser, the intention of incorporating more advahceof activities and associating multiple interests to theoctsan
technology should be that it provides the user the possibiliapproach can be considered to be a more “primitive” approach
of operating in acalm frame of mind [12]. He writes: — it is not viable in pervasive environments where prefeesnc
“Increasingly, the bottleneck in computing is not its diskhange over time. Moreover, the issue of suppressing tigeti
capacity, processor speed, or communication bandwidth, Inotifications was not addressed in [10].
rather the limited resource of human attention” [4]. Fikher A comprehensive study for personalized service provision
out irrelevant information has been a focal concern in a rermthas been performed by Naudett al. from Bell Labs [8]. In
of studies. The main issue has been to reduce the cogniti@g Naudetet al designed an application for filtering the
load on the user when it comes to selecting services. TIV content provided to users’ mobiles based on their learned
is well known that “pushing” (or downloading) notificationsprofiles. The application is based on the use of ontologies to
messages to users can cause interruptions and distracticapture content descriptions as well as the users’ interéke
Users who receive irrelevant notifications may become digtter interests are, in turn, mined using a dedicated prgfil
satisfied with their recommendation service. According tengine presented in [1], which leveraged Machine Learning
the I-centric paradigm proposed by Wireless World Resear@L) techniques for user profiling.
Forum (WWRF), the service provision should be tailored to The motivations behind our work are the following:
the actual needs of the user [3]. The I-centric vision pr@sot 1) First of all, most of the reported context-aware recom-
personalization, ambient awareness and adaptability @s th mendation systems do not consider the reputation of

core requirements of future services. the services when issuing recommendations. In order to

A number of studies have been performed to realize this  ensure that our hybrid recommender systems is unobtru-
user-centric vision. A pioneering recent work was perfaime sive, we need to locate reputable services. The success
by Hossainet al. [5]. In this work, the authors proposed a of reputation systems (such Bbay) suggests that there

gain-based media selection mechanism. In this regard, the are significant latent benefits in the convergence of these
gains obtained by ambient media services were estimated by ideas in pervasive environments.
combining the media’s reputation, the user’s context ard th 2) Secondly, in order to ensure minimal user distractioa, th
user’s profile. As a result of such a modeling process, the ser  system should be able to track the changes in a user’s
vice selection problem was formulated as a gain maximiratio , _ — . .

bl Thereafter. a combination of a dvnamic and a qree Adopting a “Push” based approach does not limit the appilicatof our
problem. ! Inat Yy ! g ébﬁroach. In fact, the paradigm is still valid and can fuotin a “Pull” based
approach was used to solve the problem. There are soi@ner, as in th®ynamosproject [10].



interests, over time. In fact, static approaches, whetaurist attractions etc.) the user specifies the contesibates
the user manually defines his interest's domains, aneeded to make this category valid. Note that this sort of
usually not expedient as the user’'s needs and interefitering is static, and can be implemented using fixed rules
change over time. Therefore, appropriate ML techniques stereotypes. Consequently, since the rules are sthéy, t
are needed for adapting to changing interestsniopn- can be entered by the user or can be given by a template,
spicuouslymonitoring service usage. while the names of the interests can be predefined based on
3) Thirdly, repetitively reissuing the same notification rea service taxonomy. From this perspective, this filtering is
garding the same service is usually regarded as a naéarse, since we retain tervice categorguch as restaurants,
sance to the user’s attention. In [15], we addressédt do not consider refining the service recommendation by
the issue of suppressing repetitive notifications in @nsidering sub-categories of restaurants, such asntlieza
social mobile application. With regards to recommendeestaurants, Japanese restaurants, etc. In order toerealiz
systems, to the best of our knowledge, the questionore diversified service category matching, we integrate a
of suppressing repetitive notifications has not been adider range of pieces of contextual information, and notonl
dressed before in the literature. location. The context attributes are mainly:

Stemming from these observations, we construct a hybride Where: The location of the user.
recommender system that minimizes the distraction to dsuser « When: The time context.
attention while, simultaneously, maximizing the hit radicthe « What: The activity of the user.
service notifications. In accordance with the multiple dime « What Mood: The mood of the user.
sions that affect the decision making process, we have aso d We define a function F, that statically maps a set of context
fined a set of enabler components. The synergy between thagggbutes to a service Category as:
enabler components is ensured through a Publish/Subscribe
architecture.

All of these issues will be crystallized in the next sectio
where we describe the architecture of our proposed system. An example of a Context-Dependent Service Categories
Activation Rule, based on the inferred context attributes i

F(location = *, time = weekend evening, user activity =
The main goal of our our multi-criteria decision maker igvalking, mood= *) = Restaurants

to pro-actively notify the user about relevant servicesthiis )

section, we present the different components which agtesl B: Leaming Preferences Manager

the architecture of our system. In the previous subsection, we explained our approach to
) o filter the available services based on their categoriesgusin

A. Context-Dependent Service Category Activation Rules context-Dependent Service Category Activation Rules. Ob-

Within our framework, the “context” includes any informawiously, the category-based filtering will reduce the numbe
tion that can be used to characterize the situation of a mohif eventual services that might be of interest to the user.
user requesting a service. It could include numerous pietesNevertheless, such a filtering is coarse and needs further
information including the user’s location (where), the dirof refinement. Therefore, we propose to carry out a second level
presence (when), his current activity, his “mood” etc. service filtering which performs an even closer match. Is thi

We should emphasize that in general, a user’'s interesense, the second level filtering re-filters the servwtaa finer
are context-dependenFor example, recommendations aboujranularity, based on the learned interests in the sulgjoaess.
restaurants might be of interest to a certain user durihgfact, it is important that we want to model not onlganeral
weekends, when he is both close to the restaurant in questiser's interestssuch as restaurants, shops, movies etc., but
and when he is not busy. Therefore, a viable approach isafso thesub-categorie®f these interests that are relevant to
provide the user with the ability to specify that certaindgn a given user. In [16], we had presented a novel, personalized
of services (those of interest) are active in a particulatext. Learning Preferences Managé#rat is able to adapt to changes
This is the approach that we have adopted in the current.studgought about by variations in the distribution of the user’
The idea is relatively novel and has been recently applied iimerests, using the principles of weak estimation. Thisluie
the Dynamosframework [10]. In [10], a user is permitted tois a fundamental component of our architecture. In the quest
specify several types of activities and their associatatust to learn the user's dynamic profile, the Learning Prefersence
and to associate multiple interests to each of them. Manager is guided by so-call&elevance FeedbadRF) [7].

With regard to specifics, in this paper, we will adopin- In this paper, we rely on th8ervice Usage Histomgnaintained
level filtering approachn order to support efficient matchingby the authors of [5], [6] as the main source of the RF. A
between the available services and the user’s profile. T8ervice Usage History (also known as th&eraction History,
first level of filtering is based on the user’'s context and isontains the history of the services used by the user over. tim
called Context-Dependent Service Category Based Filteringor example, when the user has used a certain service at a
The concepts here are akin to those found in [10], whecertain time instant, the Learning Preferences Managera®fi
for each service categorffor example, restaurants, shoppingand revises the user’s profile based on the current instance

fE : Crocation X Ctime X Cactivity X Cmood — ServiceCategories

IIl. ARCHITECTURE



of the usage history, which, in turn, is automatically an®. Notification Novelty Checker

this, we have recommended the use of a Weak Estimafggy is to identify if triggering a service notification witle
(devised by Oommeret al. [9]) so as to update the scoreperceived by the user as being “repetitive” information. In

of the data-item based on the usage history. [18], we have argued that the user’s activities can be maddele
to follow some “noisy” periodic pattern, and so we can, imtur
C. Service Reputation Manager affect the services natifications to be periodic as well sTari

In thi " introd the Service Reputation M I%ument will be true unless we suppress repetitive inforomati
n this section, we Introduce the Service Reputation Ma “onsequently, any notification about a service that pravide
ager [15], [17], which is a cornerstone component of o

hitect Reputation i doularly | cant i Yedundant information to the user can be regarded as being
architecture. Reputation Is a particularly importantesran unnecessary distraction. Arguing along the same vein, in
for filtering services.

this paper, we propose that we can incorporate here the same

With the abundance of services available in a pervasiy@nroach that we have used for suppressing repetitionin th
environment, identifying those of high quality is a cruciafiengly reminder application of [18]. In [18], we introded
task. When services are pervasive, in order to maximize tQ?new scheme for discovering and tracking noisy spatio-
usefulness of the services accessed, the user needs to Byfldhora) event patterns, with the purpose of suppressing re
his opinion about these services in the absence of d.II‘ urring patterns, while discerning novel events. Ouesuh
experience, and as a consequence, must rely on the eXESIeRC hased on maintaining a collection of hypotheses, each
of his acquaintances. In fact, through leveraging the powghe conjecturing a specific spatio-temporal event pattarn.
of Word-of-Mouth communications, our hybrid recommend&{ggicated Learning Automaton (LA) — th@patio-Temporal
system permits us to identify reliable services possibly dpaiern LA (STPLA) — is associated with each hypothesis.
serving the user's attention. Traditional reputation &Y&, \yhenever a user receives a service notification related to a
usually compute the reputation of a service as the averggga, service, a STPLA is instantiated, and this is attadbed
of all provided ratings. This corresponds, for instancethwihe |atter service notification in order to learn the permitgi
the percentage of positive ratings in taBayfeedback form ot he context in which the service is available to the user.

[11]. Such a simplistic approach of just blindly aggregating,, ,ocessing events as they unfold, we attempt to infer the

users’ experiences may mislead the reputation system i€sogd rectness of each hypothesis through a real-time guided s
of the user’s acquaintances are misinformed/deceptivesUseied random Walk/Jump process.

Misinformed/deceptive users attempt to collectively serbv

the System by providing either unfair positive ratings a'bog Service Notification Based on a Publish/Subcribe Pam|g
a service, or by unfairly submitting negative ratings. Sian Now that the individual modules have been explained, we
alternate way to interpret unfair ratings is to consideruhe state that the overall architecture of or system would be as
reliable referrals as coming from people with differentéas described pictorially in in Figure 1.

such “deceptive” agents may even submit their inaccurate

ratings innocently — due to differences in tastes. Our syste Contont Dependent
can easily become intrusive and ultimately become unusible Context Manager Service Category
the “trust component” (or equivalently, the Service Repiata

Manager) does not deal with unfair ratings of this sort. The corvcs Reputaton
risk of attacks from malicious users is a crucial issue that w Manager
have incorporated in our system, which is especially pentin

in a competitive marketplace.

It is reasonable to assume that the acquaintances of the user
can be divided into two classes: trustworthy acquaintances
that provide accurate ratings, and unreliable acquaietanc Notfcaon Dispatcher
that provide unfair ratings. It follows that a good repudati
manager component would seek to classify the acquaintances
in one of these two classes so as to counter the detrimental Fig. 1. The high-level architecture of our system.
effect of unfair ratings. In [15], [17], some of the authors
of this present paper developed a Service Reputation ManageOur requirement of offering highly pertinent information
which is based on a concept analogous to collaborativeififjer through a push-based approach to the user can be well
in order to separate between these two classes. The premissupported through the Publish/Subscribe paradigm [2]. The
the scheme in that paper was to separate the users’ typesystem can be deployed using a Publish/Subscribe System,
observing how they rate the same services. The latter schemtéch puts all the pieces of this puzzle together. A Pub-
was designed in such a way that these users would be in tisa/Subcribe model consists of information providers,owh
same group by maximizing the “within-group” similaritiesca publish events to the system, and of information consumers,
minimizing the “between-group” similarities. who subscribe to events of interest within the system. A

Preferences manager

User's Feedback
manager

Notification Novelty
Verifier




Publish/Subscribe architecture ensures the timely natifin notifications delivered to the user at timg Clearly «(¢,,) +
of events to the interested subscribers. Note too that tee yKt,) = 1.
of a Publish/Subcrsibe server will enhance privacy, singe n To demonstrate the power of our architecture, we compare
user-sensitive private information need be transmittethéeo our approach to atUnguided Recommendation Systehat
service providers. delivers to the user notifications regarding services thattm
A notification is issued whenever the service matches tbaly his contextual preferences based on the Context Based
user’s subscription. In other words, this occurs wheneler tService Category static filtering. In other words, we suppos
following conditions should be met: that the Unguided Recommendation Syst@arforms only
« A spatial filter reports that the service is in the usergoarse contextual filtering. For example, in the case of the
vicinity. We agree that in the case of location-basegptification of location-based services, tbaguided Recom-
services, the knowledge of the user’s context is the mgsendation Systensends restaurant suggestions every time
differentiating information within this context. the user is close to a restaurant without learning his profile
« The Service Reputation module returns the truth valwéthout suppressing repetitive alerts and without cheghire
of whether the service is reputable, as per the approe{dﬁ)utation of the service. In our simulation, we considered
defined in [15], [17], and briefly explained in Sectiordelivering only a single notification per locatfon
I1-C. We assume that the user’s mobility follows a given noisy
« The service description matches the user’s profile accoferiodic spatio-temporal pattern. As explained previpus|
ing to the above-mentioned two-level filtering approact$ection IlI-D, the location and time primitives are comine
To identify service items of interest, the matching proce$gm their cross-product spaces to produce spatio-terhpora
consists of two steps. First, for each service, its assop@tterns. Let us suppose that the mobile user in question,
ated category is matched with the set of active serviee Visits a given location? according to a weekly spatio-
categories. These service categories, generally, sped@nporal pattern characterized by an omission ngise0.1.
the business branches of the service (e.g., RestauraMye,suppose that a pool of servicgss available in the visited
Shops). After applying the context-dependent catego®yea, for eventual access by the user.
activation rules, only the services belonging to the active At this juncture, it is important to remind the reader that, f
categories are maintained. Moreover, the service sube sake of clarity, we use two time granularities (or twoetim
category should match the second filter characteriz&gles) for different events in our Discrete Event Simatati
by a finer granularity, namely the Learning Preferencégodel. In fact, at the granularity of a week, namely at time
Manager. instancest,, (n denotes the week index), the user visits the
« The Novelty Detection module reports that the eventulfication R, and therefore, it is likely that service notifications
service notification would not be repetitive by checkingan take place. On the other hand, at the lower time scale (or

wether the notification is a part of a spatio-temporadquivalently, at the finer time granularity) of a day, we assu
pattern. that other possible events can take place, such as the gjenera

of Relevance Feedback that serves as input to the Learning
Preferences Manager, or the submission of a service rating
To demonstrate the proof of these concepts, in this sectigyy, user ini/ that serves as input to the Service Reputation
we present results of simulations that we have conductg@anager.
that puts into a nutshell all the components of the proposedwe further assume that the mobile userpossesses a
architecture. To do this, we have adopted a Discrete Evertt of acquaintanced that communicate their experiences
Simulation methodology. The performance metric to assesgjarding the performance of the available pool of seryifes
our architecture is the hit ratio, denotedt,), and defined we assume that at discrete time instances, the acquaistance
at any given time instance,,, as the ratio of the relevantin ¢/ communicate their ratings ta. In the absence of
notifications delivered to the user at tintg. We define a direct experience from the user, the feedback provided by
relevant (or equivalently, non-distractive) notificatias one the acquaintances serves as input to the Service Reputation

IV. EXPERIMENTAL RESULTS

where: Manager, referred to in Section IlI-C.
« The service matches the user’s profile For the sake of clarity and simplicity, we assume that the
« The notification is not repetitive user preferences fall into two categor@&sandCs. We further
« The user’s interaction with the service leads to the usegssume that the underlying distribution of the weights &f th
satisfaction. preferences that reflect the affinity of user’s interest inhea

By virtue of the above, we consequently regard a distracti@é the preferences categoriés and C; follows a binomial
notification as one that is either repetitive, or if the iatgton distribution [16]. Therefore, the problem of estimating th
with the service does not lead to the user’s satisfactiontdueuser’s interests in this particular case is modeled as the
its low performance value [15], [17], or if the recommendeé@stimation of the parameters for binomial random variables
service does not match the current user’s interests. o _ . .

h . define the “Distraction” ratio (denot It is possible to ad(_)pt a topF r_ecommen'datlon approagh in prder to not

In the same \_/e'n' \_Ne .e ! - A ) e(g/erwhelm the user with a long list of services and thus litné size of the
B(t,)), at any given time instandg, as the ratio of distractive list.



The Relevance Feedback concerning the preferences dategor We report now the results obtained by testing our proposed
C; and C, is generated according to the true underlyingrchitecture in a variety of settings

value ofs; ands,. The intention of the Learning Preferences In this experiment, we compared the distraction ratio a$ wel
Manager is to estimat8, i.e., s; for i = 1,2. We achieve this as the hit ratio obtained by our approach with the respective
by maintaining a running estima#e(n) = [p1(n),p2(n)]T of ratios obtained by utilizing an Unguided Recommendation
S, wherep;(n) is the estimate of, at time granularity#2’, System. The results were obtained from an ensemble of 100
wheren denotes the day index. Note that we assume that thienulations, and we report(t,,), wheren denotes the week
Relevance Feedback is available at the finer time granylarihdex. In Figure 2(a), we report the hit ratio, and in Figufie)2

of a day. we report the distraction ratio. The preferences were asdum

If s; > s;, we say that categorg; represents the user'sstatic, and thus, in other words, we employed the same
preferred interest category, and thus assume that onlycesrv underlying distribution for the weights of the preferencae
that belong to categorg; are of interest to the user. All thealso assumed that the current preferred services categasy w
services belonging to categofy will not be of interest to the ;. We supposed that at a finer time granularity, namely, at
user, and notifying him about these services will result in @ daily basis, each of the acquaintances submitted a rating
distraction. Consequently, the matchmaking of the prefsgs for a randomly chosen service among the pool of available
will rely on the same simple mechanism, and recommend thervices. We observe from Figure 2(b) that the distractiio r
services whose estimated category weight is larger bettien asymptotically approaches the valdi@ and that the hit ratio
two categories. The reader should observe that this simfe rapproaches the valugs. These values can be explained by
is similar to decision rules in classifiers, where the deaisi the fact that our architecture tends to recommend only the 25
maker has to decide on a hypothesis on the state of natmigh performance services that belongtpas time advances.
between two exclusive hypotheses. However, a more sophisFurthermore, we remark from Figure 2(a) and its counterpart
ticated preferences matchmaking approach, analogouseto #igure 2(b) that the performances achieved by utilizing our
one in [5], [6] that is based on assessing a linear combinatiproposed architecture improves almost uniformly over time
of the weights, can be easily adopted in combination with obhd that it outperforms the Unguided Recommendation Sys-
Learning Preferences Manager [16]. tem.

An important parameter that must be specified is the rate
at which the Relevance Feedback occurs. We suppose that at
the finer time granularity of a day, a Relevance Feedback is
generated according the underlying distributién,Therefore,
the estimated weights af; andC, are tracked and updated
at the granularity of a day.

We further model the performances of services as either
being High Performance or Low Performance as reported in
[15], [17]. We also assume that the services either beloidg to
or Cy. Therefore, we will have a combination of 4 exclusive
classes of services in the current experiments:

« 25 High performance services that belongp

« 25 High performance services that belongte

« 25 Low performance services that belong(do

« 25 Low performance services that belongdg. _

If, for example,C; represents the current preferred interest L~~~ =
category, the Recommendation System will recommend ser- _ o

. . Fig. 2. (a) The evolution of the hit ratio in the case of our pmsed
vices to the user that are both of h'gh performance, and ﬂ&ﬁ:roaeh and the Unguided Recommendation System, wheretferpance
belong to category’;. In the simulation settings, we assumerobabilities of the high and low performance services @@ and 0.2
that the user possesstsacquaintances in his social network _espectively. (b) The evolution of the distraction ratio time case of our

. . . proposed approach and the Unguided Recommendation Systetimefsame
20 of which are deceptive and the remaini2igare trustworthy settings.
[15], [17]. Furthermore, the trustworthy user’s acquaices

are characterized with = 0.8, while the deceptive ones have The results for another set of experiments are shown in Fig-
p = 0.2. In all the experiments, we configure the STPLA with P 9

Ny = 5 and N, = 5. The high performance services hav&lre 3(a) and Figure3(b). In these experiments, we changed th

. : Settings by assuming that the high performance services had
an performance probability @f.8, while the low performance o .
: . . an performance probability @f.7, while the low performance
services have are characterized by the performance piitpabl” " " . .
of 0.2 [15], [17] services were characterized by the performance probabflit

As alluded to previously, we suppose that the user's mo-, _ _ _
We have done experiments for numerous settings and scen&do the

bi"ty follows a V_Veekly_ periodic nOiS.y pattern, and _thus We&ake of brevity, in this paper, we report only a few of them.r&detailed
conducted the simulations for a period of 40 week instancesnulation results are found in [13] and [14].




0.3. Whereas in Figure 3(a), we report the hit ratio, in Figurgs]
3(b), we report the distraction ratio. As in the case of the
previous figures, the convergence of the graphs to theimapbti

levels is clear from these figures too.
[4]

(5]

(6]

(7]

(8]

El

10
Fig. 3. (a) The evolution of the hit ratio in the case of our pmsed ol
approach and the Unguided Recommendation System, wheretf@rpance
probabilities of the high and low performance services @rg and 0.3
respectively. (b) The evolution of the distraction ratio tire case of our
proposed approach and the Unguided Recommendation Systetimef same
settings.

(11]

[12]

[13]
V. CONCLUSION

In this paper we have considered the problem of computingl
in pervasive environments, and in particular, in identifyi (14]
those services that deserve the attention of the user. We
have presented an adaptive multi-criteria decision makin
mechanism for recommending relevant services to the mot{ﬂ%]
user, where Relevancéis determined based on a user-centric
approach that combines both the reputation of the service,
the user’s current context, the user’s profile, as well as a
record of the history of recommendations. We have proposge
the architecture of a system that builds a personalized and
context-aware application that delivers narrowly tardeite (17]
formation to the user, while being unobtrusive. The design
avoids flooding the user with irrelevant information. We @éavi18]
conducted simulations and reported results that suggest th
our architecture can significantly reduce unobtrusiven@ss
gain more insights into the acceptance of the system by an end
user, in the future, we propose that the system be deployed in

a real-life application domain, which also incorporatessaru
study.

REFERENCES

[1] A. Aghasaryan, S. Betgé-Brezetz, C. Senot, and Y. To¥qrofiling

engine for converged service delivery platformB8gll Lab. Tech. J.
vol. 13, no. 2, pp. 93-103, 2008.

M. K. Aguilera, R. E. Strom, D. C. Sturman, M. Astley, and D.
Chandra, “Matching events in a content-based subscriystem,” in
PODC '99: Proceedings of the eighteenth annual ACM sympoin
Principles of distributed computingNew York, NY, USA: ACM, 1999,
pp. 53-61.

(2]

S. Arbanowski, P. Ballon, K. David, O. Droegehorn, H. figk,
W. Kellerer, H. van Kranenburg, K. Raatikainen, and R. Popes
Zeletin, “I-centric communications: Personalization,kaemt awareness,
and adaptability for future mobile servicesfEEE Communications
Magazine vol. 42, no. 9, pp. 63-69, 2004.

D. Garlan, D. Siewiorek, A. Smailagic, and P. Steenkisteroject
aura: Toward distraction-free pervasive computinFEE Pervasive
Computing vol. 1, no. 2, pp. 22-31, 2002.

M. A. Hossain, P. K. Atrey, and A. El Saddik, “Gain-baseglextion of
ambient media services in pervasive environmenigb. Netw. Appl.
vol. 13, no. 6, pp. 599-613, 2008.

M. A. Hossain, J. Parra, P. K. Atrey, and A. El Saddik, “Afnework for
human-centered provisioning of ambient media servichijltimedia
Tools and Applicationsvol. 44, pp. 407-431, 2009.

M. Montaner, B. Lpez, and J. L. de la Rosa, “A taxonomy ofam-
mender agents on the internefttificial Intelligence Reviewvol. 19,
pp. 285-330, 2003.

Y. Naudet, A. Aghasaryanb, S. Mignon, Y. Toms, and C. $eno
“Ontology-based profiing and recommendations for mobikg tn
Semantics in Adaptive and Personalized Seryises Studies in Compu-
tational Intelligence, M. Wallace, I. AnagnostopoulosM3lonas, and
M. Bielikova, Eds. Springer Berlin / Heidelberg, 2010, val9, pp.
23-48.

B. J. Oommen and L. Rueda, “Stochastic learning-baseakwstimation
of multinomial random variables and its applications totgrat recog-
nition in non-stationary environmentsattern Recogn.vol. 39, no. 3,
pp. 328-341, 2006.

0. Riva and S. Toivonen, “The dynamos approach to suppmmtext-
aware service provisioning in mobile environments,” Syst. Softw.
vol. 80, no. 12, pp. 1956-1972, 2007.

A. Schlosser, M. Voss, and L. Brckner, “On the simulatif global rep-
utation systems,Journal of Artificial Societies and Social Simulatjon
vol. 9, 2005.

M. Weiser, “The computer for the twenty-first centuryScientific
American vol. 265, no. 3, pp. 94-104, 1991.

A. Yazidi, O.-C. Granmo, B. J. Oommen, M. Gerdes, and &icRert,
“A user-centric approach for personalized service prowisig in per-
vasive environments,Unabridged version of this paper. Submitted for
Publication.

A. Yazidi, “Intelligent learning automata-based $tgies applied to
personalized service provisioning in pervasive enviromsie Ph.D.
dissertation, Department of ICT, University of Agder, Gsiilad, Norway,
2011.

A. Yazidi, O.-C. Granmo, M. Lin, X. Wen, B. J. Oommen, Mefgles,
and F. Reichert, “Learning automaton based on-line disgond
tracking of spatio-temporal event patterns,” RRICAI 2010: Trends
in Artificial Intelligence ser. Lecture Notes in Computer Science, B.-T.
Zhang and M. Orgun, Eds. Springer Berlin / Heidelberg, 2040,
6230, pp. 327-338.

A. Yazidi, O.-C. Granmo, and B. J. Oommen, “An adaptiygpm@ach
to learning user’s preferences using weak estimatdsibmitted for
publication

“Service selection in stochastic environments: Aarhing-
automaton based solutionTb Appear in Applied Intelligence

——, “A learning automata based solution to service c@a in
stochastic environments.” iRroceedings of the Twenty Second Inter-
national Conference on Industrial, Engineering, and OtAgplications
of Applied Intelligent Systems (IEA-AIE 201@pr. Lecture Notes in
Artificial Intelligence, 2010, pp. 209-218.



