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Abstract: In this paper, a reinforcement learning approach
based on the creation of affinity relationships between users
having similar preferences and interests is presented. This
approach suits pervasive environments to promote computer-
based human interactions for spontaneous service emergence.
By mimicking the human immune system behavior for the
implementation of pervasive applications, services or user
interests are represented by agents that can establish
relationships based on affinities. Affinity corresponds to the
adequacy with which two services could bind to share
common interest attributes. These affinities are adjusted or
reinforced by users’ satisfaction regarding their interaction
and dynamic network condition changes.

Keywords: Pervasive computing, Spontaneous service
emergence paradigm, Propitient multi-agent systems,
Reinforcement learning.

1. Introduction

Ubiquitous and Pervasive Computing (UPC) are new
infrastructure networks with a goal to provide computing and
communication services anytime and everywhere. In
Ubiquitous Computing (UC), the objective is to provide users
the ability to access services and resources all the time and
irrespective to their location [1,2]. Since Pervasive
Computing (PC) often considered the same as ubiquitous
computing in the literature, Gaber in [2] provides a
classification of these two emergent infrastructures and
argued that PC is a related concept that can be distinguished
from ubiquitous computing in terms of environment
conditions [3]. According to this classification, the aim in UC
is to provide any mobile device an access to available
services in an existing network all the time and everywhere
while the main objective in PC is to provide spontaneous
services created on the fly by mobiles that interact by ad hoc
connections. In other words, pervasive computing concerns
the use of mobile computing technology to enhance people’s
interactions during unexpected contexts. Interactions between
users are based on geographic proximity and context-
awareness and can occur in a shared local such as in the
office, in the elevator, at the grocery store, in the class, in the
library, in the pool area, in the gym, etc. Users live close
enough so they can interact and eventually see and meet each
other in real life if they wish. Usually, interactions can occur
when users find that they share intersects, hobbies, jobs, and

so on. However, this new environment enables to create new
forms of computer-based human interactions and context-
aware collaboration.

In 2000, Gaber [2] has point out that most of research
works to date in service discovery and composition are based
on the traditional Client-Server paradigm (CSP). He states
that this paradigm is impracticable in ubiquitous and
pervasive environments and does no meet their related needs
and requirements that are adaptability to a dynamic
environment. Therefore, Gaber [2,3] has proposed two
alternative paradigms to the traditional client to server
interaction paradigm (CSP) to design and implement
Ubiquitous and Pervasive applications: the adaptive Services-
to-Client Paradigm (SCP) and the Spontaneous Service
Emergence Paradigm (SEP). The adaptive Services/Client
Paradigm (SCP) can be considered as the opposite to CSP.
Indeed, with the traditional CSP paradigm, it is the user who
should initiates a request, should know a priori that the
required service exists and should be able to provide the
location of a server holding that service. With the alternative
SCP paradigm, it is the service that comes to the user. In
other words, in this paradigm, a decentralized and self-
organizing middleware should be able to provide services to
users according to their availability and the network status.
As pointed out in [2], such a middleware can be inspired, for
example, from a biological system like the natural immune
system. More precisely, unlike the classical Client/Server
approach, each user request is considered as an attack
launched against the global network. An immune networking
middleware reacts like the natural immune system against
pathogens that have entered the body. It detects the infection
(i.e., user request) and delivers a response to eliminate it (i.e.,
satisfy the user request). Recently, agent-based approach,
with self-adapting and self-organizing capabilities, has been
proposed in [3,8] to implement the SCP paradigm for UC
applications. This approach, inspired by the human immune
system, provides scalable and adaptive service discovery and
composition systems for ubiquitous computing environments.

The second alternative SEP paradigm to the Client/Server
one is more adequate for pervasive applications. It involves
the concept of spontaneous emergence service composition
that suits pervasive environments. More precisely,
spontaneous services can be created on the fly and be
provided by mobiles that interact by ad hoc connections [2,3].



The SEP could be also implemented by a natural system that
involves self-organizing and emergence behaviors [2,3].
Natural and biological systems like the human immune
system [10] has a set of organizing principles such as
scalability, adaptability and availability that are useful for
developing a networking model in highly dynamic and
instable setting [2,7]. In this paper, an approach to implement
the second paradigm is presented.

The rest of the paper is organized as follows. In section 2,
we present a related work. Section 3 presents the proposed
agent-based approach. Section 4 presents the results of the
simulation. Conclusion is given in section 5.

2. Related Work

In ubiquitous and pervasive computing, service
composition plays a fundamental role, and automation will be
essential to improve speed and efficiency of users’ responses.
Service composition is a process that takes several
component products or services, and hands them together to
meet the needs of a given user. Generally, in UPC, automatic
service compaosition requires dealing with four major research
issues: service matching and selection, service coordination
and management, scalability, and adaptiveness. The service
matching and selection is the first step in creating any
composite service and requires a service discovery system to
locate the service components that provide functionalities to
be placed in the new service. Service discovery systems
should be able to find out all services conforming to a
particular functionality, irrespective of its way of invocation.
To achieve this requirement, semantic level reasoning of
describing the functionality of service is required. This is
why the Web service community has developed a humber of
languages to formally describe services in order to facilitate
their discovery [14,15,16]. The discovery system should be
also scalable across large-scale networks and adaptable to
dynamic changes especially when services dynamically join
and leave the network. To implement this process, most of
service discovery systems like SLP [11] and SSDS [12] are
centralized and require that information about service
components must be stored in component directories that can
be accessed at runtime. These centralized systems cannot
meet the requirements of both scalability and adaptability
simultaneously. Several decentralized systems are proposed
to address these issues. A survey and a classification of
service discovery systems proposed in the literature are
presented in [8].

Service coordination and management is the second issue
to be addressed in automatic service composition. More
precisely, composition platforms must have one or some
brokers that coordinate and manage the different services
involved in the composition. The problem of coordination
and management becomes difficult when the entities are
distributed across the network and poses a scalability
problem, especially when numerous users are concurrently
making composite service requests. For example, if
elementary services are distributed across the network, the
use of centralized broker requires a lot of CPU cycles to
process users’ composition requests. In dynamic networks,
where services are coming up and going down frequently, the
service composition platform should be able to adapt its

composition by taking maximum advantage of the currently
available services. This increases the composite service
availability in a dynamically changing environment.

These important issues can be classified into two major
directions in dynamic service composition research. The first
direction addresses languages to specify and describe services
including complex planning mechanisms that utilize these
descriptions to generate composite services. In other words,
this research direction is trying to define languages to specify
services, invocation mechanisms and composite services. The
second direction aims to develop architectures that enable
scalable, fault tolerance, and adaptive service composition. A
survey and classification of service composition approaches
proposed in the literature is presented in [18].

Service composition
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Fig.1. a classification of services composition approaches

Figure 1 presents a classification of service composition
approaches into  three categories:  workflow-based
approaches, Al planning-based approaches, and learning-
based approaches [18]. Workflow-based approaches are
classified into two categories: orchestration methods and
choreography methods [21]. Orchestration methods use a
central coordinator (i.e., broker) to describe, combine and
invoke services. Several Web service flow specification
languages like BPEL4WS (Business Processes Execution
Languages for Web Services) have been proposed to
compose Web services [23]. Unlike orchestration methods,
choreography methods do not assume the exploitation of a
central coordinator to control the order of the execution of the
participating services. These methods define the conversation
that should be undertaken by each participant. In other words,
the composition is achieved via peer-to-peer interactions
among the services. Therefore, choreography methods are
more collaborative by allowing each involved party to
describe its part in the interaction [22]. For example, Web
Service Choreography Interface (WSCI) is an XML-based
description language, proposed by BEA Systems, Intalio,
SAP AG, and Sun Microsystems, for choreographing
message flow between Web services.

Al planning-based approaches are also classified into two
categories: models-oriented analysis and verification and
models-oriented matching and service selection. Model-
oriented analysis and verification are proposed mainly to
translate service composition descriptions (e.g., Darpa Agent
Markup Language for Service description, DAML-S [25]) to
formal description using formal methods like Petri net [24].
The objective is to describe, simulate, and verify the behavior
of the service composition at design time. However, they do



not deal either with the location of services nor the
recognition or the selection of those that match to the
requested service and create thus the suitable. Unlike the
specification and the correctness verification of the
composition process, the aim of models-based matching and
service selection is how to identify candidate services,
compose them, and verify how closely they match a request.
Recently, an approach classified as model-based matching
and service selection strategy is proposed in [5]. In this
approach, called COCOA (COnversation-based service
COmposition middleware), the DAML-S specification is
complemented in one hand by an execution model that
preserves the DAML-S semantics and on the other hand by
an implemented computational architecture that enables and
ensures dynamic, run-time semantic service discovery,
interaction, and composition across the Web. This approach
permits to select arbitrarily one among the resulting
composite services as they are all conform to the target user
task. However, it not allows the selection of the most
effective composite service among the eligible ones.

In general, most of research works to date in service
composition are based on a broker that chooses the composite
service after calculating all the candidates. Client/Server
strategy based on a broker is not scalable due to the large
amount of available services and the dynamic change of the
environment. To set up self-adaptive service composition
systems, learning mechanism could be used [2,3]. Itao et al.
in [9] have proposed a platform, called Ja-Net, for service
composition in ubiquitous and pervasive computing
environments. Ja-Net architecture is motivated by the
observation that the above desirable properties, such as
scalability and adaptability, have already been realized in
various biological systems like the bee colony. However, Ja-
Net is not adaptive to pervasive computing environments.
This is because, if a node fails or leaves the network, mobile
agents, called cyber-entities, residing in it is destroyed and
their state information is also removed. Consequently, agents
could be being misinformed about the presence of some
services at particular nodes. Thus, since agents’ collaboration
requires global information state maintenance, this platform
does not address pervasive environments (e.g., mobile ad hoc
networks) where nodes are mobiles and could be partially
connected. An approach inspired by immune system with the
intention to extend the Ja-Net approach for service discovery
and composition for pervasive computing environments has
been proposed in [4].

In this paper, an agent-based learning approach, with self-
adapting and self-organizing capabilities to involve the
concept of spontaneous emergence service for pervasive
environments is presented. This approach offers the
possibility to nodes to recognize, learn and create affinity
relationships to their network neighborhoods having similar
interests. More precisely, when two users come in a close
physical proximity their respective interests enable their
personal mobile nodes to interact and exchange information
and access each other services. This ability to establish
relationships among users’ nodes can be used to facilitate and
augment users’ interactions without a priori knowledge about
the presence of other users sharing common interests. For
example, in real-time collaboration and face-to-face game

play, this approach offers the ability for users to find other
gamers with similar interests and play a game together. In
other words, a gamer can set up an ad-hoc game among users
sharing similar interests. The game service emerges without a
priori intention of users to request this service.

3. Learning-based approach

As stated by Gaber in [2, 3], the second alternative
paradigm to the Client/Server one for service composition
that suits pervasive environments should involve the concept
of spontaneous emergence. This paradigm can be carried out
by an inspired natural immune middleware that allows the
emergence of ad hoc services on the fly according to
dynamically changing context environments such as
computing context and user context [2]. In this model, a
service is represented by an agent. The service is
characterized by the set of functionality that is provided,
while the agent represents the behavior and activities of the
service and its capability of performing tasks as a component
of an ad hoc network (i.e., an ad hoc coalition). Like in the
immune system, agents correspond to the immune system B-
cells. Agents establish relationships based on affinities to
form communities. Communities are groups of users who
share a common purpose, interest, or goal. A community of
agents corresponds to the idiotypic network in the human
immune system [3]. The emergence and the behavior
evolution of services depend on the agents’ internal states,
the agent-to-agent interactions and on the context sensed by
the agents during their interactions [2]. More precisely,
agents ‘interactions, i.e. B-cells, act like the idiotypic
network of the immune system by stimulation/suppression
chain to influence the emergence of an immune response
against antigens i.e., the ad hoc context [4]. It should be noted
that in immune system there are two strategies to create
affinity networks: a proactive strategy and a reactive strategy.
In the first strategy, affinity networks are emerged by the
introduction and the stimulation of the antigen. However, in
the second strategy the affinity networks are emerged without
the introduction of the antigen but through
stimulation/suppression chains between B-cells [10]. The
first strategy has been applied in [4] for service discovery and
composition in pervasive computing environments.

In this paper, the reactive strategy is applied for the service
emergence without a priori intention of users to request these
services; no prior planning on behalf of users. More
precisely, agents together with their affinity relationships as a
whole form a propitient multi-agent system (PMAS) [6]. A
propitient system is a system with the ability to self-organize
in order to adapt towards the most appropriate agent
organization structures according to unpredictable changes in
the environment and users” interests. An emergent behavior is
delivered as a result of agents-to-agents and agent-to-
environment interactions that adapt until the system reaches a
most suitable affinity network [4]. In other words, a
propitient multi-agent system implements the SEP for
pervasive applications. To achieve this, agents that represent
services can accomplish the following steps or phases. The
first phase, called “building affinity relationships”, allows for
an agent to find appropriate agents to interact with. The
second phase, called “learning affinity relationships”, allows



an agent to learn from its satisfaction the appropriate
established relationships. The third operation, called
“dropping affinity relationships”, permits for an agent to drop
its or their relationships with other agents. These phases
allow agents to adapt to dynamic environment conditions
through the establishment of affinity relationships to other
agents. These phases are described in next sections.

3.1 Building affinity networks

During this phase, agents representing services search for
other agents in order to construct affinity relationships.
Affinity corresponds to the adequacy in which two similar
services to bind. Each service is represented by an agent and
each node can provide one or several services. To determine
this affinity, services can be expressively described by a
language description in order to obtain effective matches
between their capabilities. We can use a semantic language,
such as OWL or DAML-S [15] to determine the exact
matching between their provided services. In the discovery
affinity algorithm, semantic keywords are used for matching
relevant keywords to each nearby agent. Hence, an agent will
co-operate only with selected and suitable co-agents. Also, an
individual agent can be a member in parallel of several
affinity networks.

Let us consider two nearby agents, A; and agent A;. The
agent A, represents the service s; described by d;. The agent A;
represents the service s; described by d;. The semantic
keywords matching technique used in the discovery affinity
algorithm takes d; and d; as an input and produces an affinity
value that corresponds to portion of matching between the
service s; and the service s; based on their set of semantic
keywords K; and K; respectively. More precisely, this value is
calculated as the number of keywords that are in common

between s; and s; as follows: m; (t) = match(s;,s;) , where

the initial step t is equal to 0. match(s;,s;) is the number of

intersection set |Ki N KJ-| between the set K; describing the
service s; and the set K; describing the service s;. In the

discovery algorithm, if this value m; (t) is greater than O a

relationship will be established in two directions between the
agent A; and the agent A;. This means that one at least of

keywords should be similar. Therefore, initially m;(t) and

m;; (t) could be set to an equivalent value. For example, as

depicted in figure 2, the agent A; provides a service s;
described by three semantically keywords (kikoKs)
establishes a relationship with the agent A; holding a service
s3 described by three semantically keywords (ki,ks,ks). The
affinity values my3 and mg; are initialized by the value 2 that
corresponds to the number of similar keywords (i.e., ki, Ks)
between the service s; and the service ss.

(Kz,ks,k7)

(kskako) °
(K1, Ka,ks)
My3=1
(ka,ka2,ks)
my,=1
Ag
Mes=
m55:2

(k21k51 k7)

(kll k31 kG)

Fig. 2. An affinity network created between six agents
based on keywords similarity. Two services are emerged, one
between the agent A; and Ag and other between the agent A,
and the agent A,

After building the affinity relationships, agents inform
their users that some similar interests are found and they can
start to learn the utility of relationships. Until now there are
no emerged services, but after the agent A; establishes an
affinity relationship with an agent A;, the agent A; takes the
interest of the agent A; and tries to select the most suitable
agent in his community. During this phase, the interest of
agent A; is considered as a request and the agent A; forwards
it to the members of the community seeking agents that are
more relevant to this request. For example, as depicted in the
figure 2, the agent A; has a service that the agent Az does not
have. Thus, the agent A; in turn asked the agent As holding
similar service than A;. The agent As asked the agent Ag
holding similar service than A;. After this phase, the agent A;
and Ag inform their users and start the global adjustment of
the selected path as described in the next section.

Since agents have affinity relationships to other agents
with at least one similar keyword, this guides some them to
locate other ones that possess similar keywords. This
behavior emerges through the establishment of the affinity
networks.

3.2 Learning affinity Networks

In this phase, a reinforcement learning mechanism,
presented in [4], is used to allow adjusting the affinity values
according to users’ satisfactions. More precisely, the affinity
m;; between an agent A; and an A; is a real variable that is

adjusted or reinforced based on two levels of satisfaction.
The first level, called local satisfaction level, is determined
by services offered by neighboring agents. The second level,
called global satisfaction, is determined by the user
satisfaction (i.e. user context) with respect to the emerged
service.

Let’s consider uf (resp. uf) denotes the local satisfaction

value of the agent A; (resp. A;) according to its potential
cooperation with a neighboring agent A; (resp. A;). Using the
local satisfaction value, the agent A; adjusts, at a step t, the
affinity value of the relationship with the agent A; using the
following equation:




m;; (©) = my (=1 + 7(uf uj - g(my (t-1))) (1)
where 7 is a positive value between 0 and 1. The value u/

(resp. uf) is determined as the ratio between the number of

similar keywords over the total number of keywords
described the service provided by A; (resp. A;). For example,
if all keywords are similar, the satisfaction is set to 1. The
affinity value m;; is mapped to a value between 0 and 1 by

using the logistic equation g(mj (t)) =1/1+ e ™" \When
a user is satisfied with an emerged service provided by other
users, the value of a global satisfaction denoted by u? is set

to 1; otherwise the satisfaction value is set to ratio between
the number of similar keywords, between the agent A; and the
last agent Ay in the path. This satisfaction value is then
forwarded to all agents (i.e., participating agents) that interact
with to provide the emergent service according to the
following equation:

m; (1) = my (t-1) +7(u? —g(m; (t-1))) (2

To show the impact of local users’ satisfaction on the
strength of affinity relationships (Eg. 1), let us consider the
link between two agents, A and A; , inside a given

community. At each step, for example, the agent A, interacts
directly with the agent A; without intermediary agents. There

are three possible cases. In the first case, A; holds a similar

service required to A;. In the second case, there are some of

keywords that are similar between services provided by
A and A; respectively. In this case, we assume that the

satisfaction values, uf and uj , depend on how many

keywords are similar. Figure 3 shows results of affinity
adjustment of 50 satisfaction feedbacks, where the

satisfaction values, u and uj are set to 1, 0.7, 0.1. In the
case when u; and uj are set to 1, the satisfaction value
m;; increases quickly when it is near to 0. We can see also
that when u;’ and u? are set to 0.7 or 0.1, the affinity value

m;; decreases quickly when it is near 0.
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Fig. 3. the variation of the affinity value, mj;, between A;
and A; when their local satisfaction values are set to 1, 0.7,
and 0

To show the impact of the global users’ satisfaction on the
strength of affinity relationships (Eg. 2), let us consider the
link between Ajand A; inside a given community. Similar to

the local satisfaction, figure 4 shows results of affinity
adjustment of 50 satisfaction feedbacks where the global

satisfaction value u?is 0, 1, or a random (between 0 and 1).
With random value of the satisfaction, the affinity value
m;; increases and decreases in function of the value ofu?.

For all this case the value of 7 is set to 1 and the initial value
of mjis equal to 2.
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Fig. 4. the variation of the affinity value, mj, between A,
and A; when the global satisfaction values are set to 0, 1, and
random (0 or 1)

It is worth notice that this learning mechanism is similar to
the immune system-based learning mechanism. More
precisely, the immune response to eliminate foreign antigens
is offered by the entire system in a collective manner. This
immune response is called an emergent phenomenon as a
result provided from the interaction and the cooperation
between these entities that show particular behavior that the
individual entities (i.e., B-cells) cannot achieve on their own
behavior. In addition, the immune system entities are
distributed throughout the body and interact frequently using
their own lymphatic network and blood vessels without any
central controller. The immune system entities work
continually to learn and remember from past and adapt to
environment changes. In other words, the immune memory
greatly speeds up the response to the pathogen that has been
previously encountered. When a new pathogen is
encountered, the immune system mounts a primary response
during which affinity maturation is used to learn the structure
of this pathogen; the primary response can take some time to
clear the infection. If the body is re-infected with a previously
encountered pathogen, it will have an adapted subpopulation
of B-cells to provide a very specific and rapid secondary
response.

3.3 Dropping affinity relationships

Using the reinforcement learning mechanism agents can
drop relationships to unsuitable agents based on their
accumulated satisfaction values generated by emerged
services. An affinity relationship between an agent A; and an
agent A; is considered valid or useless at each step

if m; (t) = —match(s;, s ;) , otherwisg, it is discarded and could



be removed from the affinity relationship set of the agent A; if
m;; (t) < —match(s;, s;) -

maintains its relationship to an agent A; means that the
service provided by the agent A; is available and has similar
interest with the agent A;. In some time, the agent A; has just
some interest by the agent A; but it has other affinity
relationships to other agents having common interests with
the agent A;. In this case, the agent A; plays just an
intermediary role between the agent A; and other agents
sharing similar interests. The affinity relationships can be
maintained because of the accumulated global satisfaction
values.

Recall that the reinforcement learning mechanism allows
agents to select suitable agents or dropping inadequate ones
according to its affinity relationships values. The affinity
network resulting from this behavior constitutes an
organizational memory that permits to the system to adapt to
the environment changes, similar to the adaptive memory of
the immune system. More precisely, each relationship is
characterized by a weight, the affinity value that summarizes
history on how the relationship is performed in the past and is
adjusted according to its utility. Thus, agents used affinity
values to distinguish which of relationships to other agents
are more likely to be useful for satisfying its interest.
Acquiring new or dropping current agents through
establishing or deleting affinity relationship allows the
emergence of new services. In other words, the change of the
organizational structure of the multi-agent system influences
the emerged services but also the future organization
structure. These organizational structures are created through
interaction between agents according to their affinities (i.e.,
common interests). Consequently, several services emerge
through dynamically adding and removing agents according
to the dynamically changing environment.

In other words, an agent A,

4. Simulation Result

The agent-based approach presented in this paper is
evaluated by a simulator implemented with NS2 [20]. A
network of 100 nodes is generated randomly. Each node
provides one service described by a randomly keywords form
ten kinds of keywords. Figure 5 shows the percentage of
agents’ satisfaction with and without reinforcement learning.
This result shows that without reinforcement learning, each
agent has no priori knowledge, accumulated in the affinity
values, of services provided by other agents. Consequently,
each agent selects one neighboring agent randomly and its
satisfaction depends of this random choose. In contrast, with
reinforcement learning, at the beginning of the simulation,
there is no knowledge about users having common interests.
As more simulator time elapses and progress and using the
affinity adjustments, agents select and interact with agents
having the highest affinity value and a selected service will
emerge leading to better satisfaction.

—— With reinforcement learning
188 —— Without reinforcement learning
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S 70 )
5 60 H n'l\‘
S 50 1[ ~w ’
‘% 40
F 30
? 20
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0
1 12 23 34 45 56 67 78 89 100
Simulation time (s)

Fig.5. the users’ satisfaction during the simulation time in
the two cases: with and without the reinforcement learning
mechanism

5. Conclusion

In this paper, an agent-based approach to carry out the
spontaneous service emergence paradigm in pervasive
computing environments is presented. Add hoc emergent
services are created spontaneously on the fly for a user or
between groups of users in unpredictable manner; without a
priori intention. The learning mechanism is used to adjust the
affinity relationships between agents representing the
services to cope with the user context and provoke or produce
emergent services. In this approach, the mechanism of
establishing affinity relationships is based on keywords
similarities. Other mechanisms, based on ontologies, can be
introduced to increase the rate at which the agents acquire the
relationships that meet the desired and required interests.
Current work will address the integration of context-
awareness parameters in the decision process together with
additional simulations.
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