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Abstract

Identifying correlations between context data, user
behavior, and semantic information can lead to new
services that are able to adapt to different situations.
This ““personalization” process can be based on
recommendations on content. To better support service
developers in focusing mainly on the creation of their
service logic, these recommendations should be
provided by a generic multipurpose recommender.
Therefore, this paper proposes a generic framework
that delivers ““contextual recommendations™ that are
based on the combination of previously gathered user
feedback data (i.e. ratings and clickstream history),
context data, and ontology-based  content
categorization schemes. This paper provides a detailed
overview of the specification, a short description of a
possible usage scenario, and a discussion of the
results.

1. Introduction

The World-Wide Web (WWW) provides access to
more than 70 million web sites in 2005 [1]. On a wide
range of topics the WWW has become the primary
source of information. At the same time it has become
increasingly difficult to find what we are looking for
[2]. Today, search engines are used by most of us to
address this issue.

Modern search engines allow us to find all
information such as web pages, products, or news that
match explicit queries rather easily; queries based on
fuzzy keywords lead to large lists of mostly irrelevant
search results. If we do not know much about the
information we expect to find beforehand, most of us
will have difficulties specifying the required queries.

Today’s recommender systems attempt to find web
pages, products, or news that are relevant for us. Their
recommendations are based on data about our past
behavior or statistical models. The resulting data,
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which is used to make recommendations, is stored in a
user profile. Kobsa [3] and Stewart [4] provide a good
survey of user modeling techniques and De Roure [5]
provides a review of recommender systems.

The learning algorithms and prediction methods
used by today’s recommender systems are strictly
tailored to the service for which the system was
designed. Moreover, these systems abstract from the
prevailing situation during the learning process. This
means that they could not provide reasonable
recommendations, if the user employs the same service
in different situations (such as ‘being at home’ or
‘being at work”) and acts differently.

This paper presents an up-to-date overview of the
on-going work on the AMAYA recommender system.
At the current stage of our work the focus lies on the
analysis and design of the applied approach, i.e. that
there are only preliminary results on the quality of the
used learning algorithms and prediction methods
available.

2. Recommender systems

Content-based recommender systems base their
recommendations on the similarity between new items
and items that a user has liked before (user-to-item).
Examples of content-based recommender systems are
Fab [6] and ELFI [7]. Fab recommends web pages and
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Figure 1. AMAYA recommender system



ELFI recommends funding information from a
database.

Collaborative recommender systems derive their
recommendations on the basis of content ratings from
people with similar interests (either user-to-user or
item-to-item). PHOAKS [8] and Group Lens [9] are
examples of such recommender systems. PHOAKS
recommends web links found in newsgroups. Whereas
the Group Lens system recommends single newsgroup
postings.

Hybrid recommender systems tend to combine the
advantages of content-based and collaborative
recommenders. The feedback required for content-
based recommendation is shared, allowing
collaborative recommendation as well. Quickstep [10]
is an example of a hybrid recommender system. It
provides recommendations on research papers based
on correlations between user interest profiles and
previously classified paper topics. The interest profile
is built by processing explicit feedback and a history of
browsed topics from each user.

Calvin [11] is a personal information agent
recommender that monitors the user’s browsing
behavior over time. It learns to identify broader
contexts by relating documents that tend to be accessed
together. Calvin extracts information about how the
user tends to access groups of documents over time,
and predicts document relevance based on similarity of
the extended sessions within which various documents
are accessed.

3. AMAY A recommender system

The AMAYA recommender system is built on two
basic requirements: The first requirement is that the
system must provide recommendations for all
situations that might arise in a user’s lifel. And the
second requirement is that the system must support
any number of services a user might want to use.

The first requirement will be met by mapping all
personalization data to specific situations in order to be
processed by the system. The second requirement will
be met by providing a generic interface to a number of
learning algorithms and prediction methods as well as
introducing an ontology-based content categorization
scheme.

AMAYA consists of four functional components:
the DATA ADAPTER subsystem, the PROFILE MANAGER
subsystem, the PROFILE BROKER subsystem, and the
actual RECOMMENDER subsystem.

Yn regard with the user’s interaction with the system
and its services.

Entity
common name : Entityldentifier

createProfile(in profile : Profileldentifier) : Profile
getCommonName() : Entityldentifier
getProfile(in profile : Profileldentifier) : Profile
getProfiles() : Set<Profile>

remove() : void

Figure 2. ‘Entity’ class diagram

A DATA ADAPTER enables the retrieval and
processing of distributed personalization data by
providing an interface that abstracts from the actual
technology used to store the data. The PROFILE
MANAGER groups the personalization data in terms of
profiles, which provide a mapping to one or more
specific situations. The PROFILE BROKER allows
querying of all personalization data that is needed in a
specific situation. The RECOMMENDER supports the
learning of contextual preferences by providing a
generic interface to multiple learning algorithms and
prediction methods. These algorithms still prevail from
the situation during the learning process. However, all
learnt models are linked to the current situation during
the learning process. The contextual retrieval of these
models enables us to provide recommendations for
specific situations.

Together these four components provide the
required functionality enabling contextual
preferences management and contextual
recommendations. Ré&ck [12] provides a detailed
overview of the AMAYA approach. Figure 1 shows
the basic architecture of the AMAYA recommender
system.

4. AMAY A data model

The AMAYA data model consists of three major
objects: ENTRY, ENTITY, and PROFILE. It shows how
any kind of personalization data can be described.

4.1. Entity

ENTITY objects manage all basic information about
users or groups.

Each ENTITY is identified by a URI?. In addition to
that, aliases can be defined in order to enable users to
address the record in a more convenient way. This
record contains descriptive information (e.g. full name,
a description) about that entity and acts as a starting
point for the retrieval of all other profile information.
Figure 2 shows the corresponding class diagram.
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Entry

common name : Entryldentifier
distinguished name : URI

creation date : TimeStamp

last access : TimeStamp

value : object

getCommonName() : Entryldentifier
getValue() : object

setValue(in newValue : object) : void
remove() : void

Figure 3. ‘Entry’ class diagram

4.2. Entry

A single unit of personalization data is called
ENTRY. An ENTRY object is uniquely identified by its
distinguished name [13]. The distinguished name is
stored as a URI. In addition to its common name, each
ENTRY object stores a value or a list of values. Figure 3
shows the ENTRY class diagram.

The distinction between distinguished names and
common names allows the grouping of different
ENTRY objects by introducing additional hierarchy
levels. Such a group is called component according to
the CC/PP recommendation [14] and the GUP
specification [15]. The key difference between this
data model and the previously mentioned approaches
lies in the fact that AMAYA provides contextual
profiles (i.e. here: more than one profile) whereas the
other approaches provide only one profile per user (or
per device).

A set of ENTRY objects will be provided by a single
DATA ADAPTER and consists of multiple generic entity
preferences as well as a set of service-specific entity
preferences.

4.3. Profile

A PROFILE groups multiple units of personalization
data and links them to a specific situation that
describes a user or a group in a precise interaction
context. Several PROFILE objects can be attached to an
ENTITY.

Usually, a PROFILE describes just one subset of all
possible situations in which a user or a group can be
encountered. There are situations like ‘Bob being at
home’, ‘Bob using certain terminals’, ‘Bob accessing
information at a certain time’. A PROFILE may also
contain any reasonable combination of the situations
described above. Each PROFILE is uniquely identified
by a distinguished name. Figure 4 shows the PROFILE
class diagram.

Mapping of ENTRY objects to specific situations is
done by a set of qualifiers, which specify all conditions

Profile

common name : Profileldentifier

qualifiers : Set<Qualifier>

priority : Priority

getCommonName() : Profileldentifier
getPriority() : Priority

getProfileEntries() : Set<Entry>

getQualifiers() : Set<Qualifier>

setPriority(in newPriority : Priority)
setQualifiers(in newQualifiers : Set<Qualifier>)
remove() : void

Figure 4. ‘Profile’ class diagram

that have to be met to consider a PROFILE valid for a
specific situation. Besides these qualifiers, all profiles
have to be ordered so that the PROFILE BROKER is able
to identify a single PROFILE (or none at all), which is
returned as the result of a query in a specific
interaction context.

A PROFILE may be enhanced with additional
functionality, which can be plugged-in separately, e.g.
Middleton [16] considered simple time-decay
functions as an easy to use profiling technique that can
be applied to content and rating-based profile
representations. A PROFILE object could take care of
the automatic aging of ENTRY objects in this way.

5. AMAY A component structure

AMAYA consists of four functional components:
the DATA ADAPTER subsystem, the PROFILE MANAGER
subsystem, the PROFILE BROKER subsystem, and the
actual RECOMMENDER subsystem.

5.1. Component: DATA ADAPTER

A DATA ADAPTER wraps several personalization
data units by providing a uniform data access interface
for retrieval and storage of this information. Each
DATA ADAPTER registers at the PROFILE BROKER once
its data sources are ready to provide the data. These
data sources can be accessed, e.g. via SQL / JDBC /
ODBC in case of a full-fledged database or via REST?
[17] in case of an embedded database running on a
device with limited resources such as a mobile phone
or PDA. This means that, if the personal preferences
are stored on a mobile device, they are also available
when the device is not connected to a network.

5.2. Component: PROFILE MANAGER

The PROFILE MANAGER governs all entities that
require contextual personalization data. All internal
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data regarding users and groups including the mapping
of their preferences to specific situations is stored here.
For each user or group there is a record called ENTITY
and a set of PROFILE objects.

The PROFILE MANAGER provides an interface that
can be used by a service or by the PROFILE BROKER in
order to process an ENTITY and all PROFILE objects
that belong to the record. The personalization data
itself is accessed via a DATA ADAPTER, which is
returned by the PROFILE BROKER along with a list of
ENTRY ids.

It is also possible for an entity to decide to bypass
the PROFILE BROKER’s decision making process by
manually specifying a PROFILE, which should be used
for all queries that may follow. In addition to that, each
PROFILE can also be excluded from future queries by
manually disabling it.

5.3. Component: PROFILE BROKER

The PROFILE BROKER retrieves and processes all
queries for contextual personalization data. In order to
process these queries the PROFILE BROKER has to
check whether there is a proper match (i.e. PROFILE) to
this query or not (i.e. that the resulting PROFILE has to
match the situation discription that has been specified
in the query). If a PROFILE is found, the PROFILE
BROKER returns a set of ENTRY objects together with
the required DATA ADAPTER objects to retrieve the

data. The next sections describe the matchmaking
algorithm that has been implemented.

A service that wants to personalize itself specifies
the present situation of a user and requests from the
PROFILE BROKER all preferences, which are relevant.
The PROFILE BROKER uses the PROFILE MANAGER to
get a list of PROFILE objects, which belong to that
entity, and tries to find a matching PROFILE given the
description of the entity’s situation. If a PROFILE is
found, the broker returns a set of ENTRY objects, which
are identified by the PROFILE, together with their DATA
ADAPTER objects. The service has to use the provided
DATA ADAPTER objects to retrieve the preferences
values directly. It has to use the DATA ADAPTER
objects to update the previously received preferences
values, too.

A set of privacy enforcement rules can be applied
by a PEP* so that a service gets only preferences that it
is allowed to receive (as stated by the user and his / her
definition of appropriate policies).

Figure 5 provides an overview of the preferences
retrieval process. Please note that all DATA ADAPTER
objects have been removed from the sequence diagram
for a better readability.

The following matchmaking algorithm is used by
the PROFILE BROKER to process all queries: Each
PROFILE is given a priority by the PROFILE MANAGER.
This priority is used to sort all profiles from the highest
priority to the lowest priority. This search order is used
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to determine the most appropriate PROFILE for a given
interaction context. This means that the first PROFILE
that matches the provided description is returned. The
PROFILE qualifiers are used to determine whether a
specific PROFILE matches the description or not. The
sort sequence guarantees that the most relevant
PROFILE is found, if any. This search algorithm also
ensures that all conflicts (i.e. several profiles match the
provided interaction context) will be solved.

There are two ways of providing the required
description of an entity’s situation. On the one hand
the service can provide a simple description of the
situation itself. On the other hand the description can
be provided by an external component that manages all
context data [18], which characterizes the present
situation. This frees the service from the need to gather
and to infer all context data itself. In the context of a
seamless and context-aware computing environment,
the second possibility has to be preferred. It enables a
more complex characterization of the situation.

The RECOMMENDER employs the PROFILE BROKER
to request a set of service-specific data that is updated
or processed by learning algorithms and predictions
methods, too.

5.4. Component: RECOMMENDER
The RECOMMENDER enables the learning of user

and group interests (e.g. ‘Bob likes sports news.”) and
the prediction of their behavior (e.g. ‘Since Alice likes

Chinese food and since her interests are very similar
to Bob’s interests, it’s very likely that Bob likes
Chinese food, too.”).

All recommendations are provided on the basis of a
two-step process: At first a user model has to be
learnt. On this basis a prediction / recommendation
can be made. Figure 6 shows the learning of user
preferences.

Content-based filtering algorithms and collaborative
filtering algorithms allow the learning of service-
specific interests based on either implicitly or
explicitly gathered feedback.

Explicitly gathered feedback is provided by means
of positive or negative ratings, which is directly
received from an entity (i.e. every time Bob rates a
recipe received by a cookbook service, this rating is
sent to the RECOMMENDER by the service in behalf of
Bob). The service appends a description of the entity’s
present situation to the received feedback (e.g. ‘Bob is
driving in his car.’), so that the RECOMMENDER can
request the appropriate entity preferences before
updating them. The request is carried out with the help
of the PROFILE BROKER.

AMAY A requires implicitly gathered feedback (e.g.
clickstreams) to be expressed in terms of a positive or
negative rating by the service (instead of the user).

In order to provide a service-independent interface
to a number of learning algorithms and prediction
methods the RECOMMENDER introduces the concept of
a CONTENT ITEM, which describes an atomic unit of
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information (i.e. content) that belongs to a service.

A CONTENT ITEM abstracts from the actual
information (e.g. ‘Google, NASA Partner on Research’
or Alicia Keys’ CD “Songs in A minor’) and provides a
description that can be used for learning purposes. This
description consists of a uniform resource identifier
and a set of distinct features such as service-specific
categories and other content-related characteristics
(e.g. further key words).

The service-specific categories are based on an
ontology-based content categorization scheme. This
scheme allows expressing different content categories
(e.g. “sport news’ and ‘business news’) as well as all
relations between different content categories (e.g.
‘soccer news is a sub-category of sport news’).

Basically, the interface of the RECOMMENDER
provides two methods that can be used by services:

The first method is used to provide input on a per
service basis. The input is used during the learning
process. It is received as either positive or negative
feedback on specific CONTENT ITEM objects.

The second method is used to answer the question
whether a specific CONTENT ITEM is relevant to an
entity in a specific situation or not.

All learning algorithms and prediction methods
have to implement the same abstract interface. With
the help of this interface all learning algorithms and
prediction methods provide their functionality
transparently to a service. A service developer doesn’t
have to care about any algorithm-specific and
implementation-specific details. All what is required is
to choose the algorithm that suits a service best.

6. Usage scenario

A car rental agency or a hotel chain wants to
provide a new value-added service to their high profile
customers. The underlying assumption for this usage
scenario is that this customer group appreciates a high
level of convenience and that they are willing to pay an
extra fee to reach that level.

The basic idea is that the product offered by the car
rental agency (cars) or the hotel chain (business suites)
can be adapted to the present situation of a customer.
Preferences may include, among other things,
preferred environment settings such as preferred
temperature ranges or individual tastes in music.

7. Discussion

The AMAYA RECOMMENDER subsystem does not
care about the mapping of preferences to specific
situations.

An advantage of this approach is that well-known
learning algorithms and prediction methods can be
used without any modifications. Rocchio’s relevance
feedback algorithm [19] can now be used to infer the
relevance of information according to an entity’s
situation.

A drawback of this approach is that all situations
that are available for learning purposes have to
explicitly be defined by PROFILE qualifiers. Complex
coherences between preferences and situations, which
are normally not directly perceived by an entity, are
learnt with a great effort only or not at all (i.e. as long
as Bob is not aware® of the fact that he acts differently
when ‘being at home’ or ‘being at his office’, the
RECOMMENDER cannot learn the differences between
both situations).

8. Evaluation and Conclusion

A first trial of AMAYA and a web-based news
service showed good results so far. The implemented
learning algorithm utilized a three-descriptor vector to
learn changes in user interests over time [20].

Different user interests in predefined situations such
as ‘being at work’ or “‘being at home’ had been learnt
successfully. Based on the recommendations provided
by AMAYA our news service delivered convenient
information for each user.

9. Future work

The next steps for this work are to run more trials
based on several popular service scenarios and to
implement different learning algorithms and prediction
methods.

The future evolution path of our contextual
recommender system approach leads to the question on
how the quality of the provided personalization data
can be improved in order to allow better
personalization results. To answer this question it has
to be evaluated how additional information / more
detailed user models can be inferred from the readily
available data.

The idea of using the readily available entity
preferences to infer additional personalization data
could improve service scenarios where new or unused
services suffer from the cold-start problem [21]. This
could allow delivering of a better overall quality of the
personalized service to the user. The usage of further

® Bob can express his awareness by specifying
different ProriLe objects for both situations.



ontological models as a basis for this process has to be
analyzed.

Another research direction leads to the evaluation
of knowledge-based approaches to user modeling. The
usage of current and past data to engineer static entity
models could be applicable for the learning of
contextual entity preferences, too. This allows the
inference of new situations (PROFILE qualifiers), i.e.
that new PROFILE objects and appropriate qualifiers
could be inferred by these approaches.
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