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Preface

This technical report describes results from research activities within the AVANTEL project. The first
author of this report, Otto Wittner, was engaged as researcher for the project for a period of 8 months,
ref. contract titled “Sverm-intelligens for optimal konfigurasjon av distribuerte teletjenester” signed
by Item, NTNU 2001-01-07 and Telenor 2001-01-09. A description of the major results from the
engagement follows this preface. The description is presented in the format of a paper suitable for
publishing in a conference or a journal. Other contributions in the AVANTEL project made by the first
author are as follows:

·  Development of example user scenarios for AMIGOS (see AMIGOS document repository)
·  Development of example profile descriptions in XML. Profile suggestions for users, services

and terminals were developed (see AMIGOS document repository).
·  Participation in misc. meeting and discussions where basic concepts and principle of the

AMIGOS service were treated.

The major results, i.e. the paper following this preface, is intended to be submitted to a suitable
conference before end of January 2003.





Swarm Based Distributed Search in theAMIGOS
Environment

Otto Wittner, Poul E. Heegaard and Bjarne E. Helvik

December 9, 2002

Abstract

Future user controlled development of telecommunication services combined with powerful terminal
equipment results in many heterogenous services running in a peer-to-peer execution environment. Lo-
cating a desired service in such an environment is challenging. In this paper a swarm based optimization
algorithm ispresented capableof � nding pathsof resources in acomplex network environment. Thealgo-
rithm isfully distributed and may beimplemented using simpleant-likemobileagents. On thecontrary to
existing localization mechanisms for peer-to-peer systems the algorithm considers all accessed resources
between (and including) the client side and server side when a resource path is evaluated. Scalability
is achieved by enabling agents to cooperate during search when they have overlapping search pro� les.
Results from simulations are promising. The expected cooperative behavior is shown to be present, i.e. a
set of near optimal resource paths conforming to aset of different but overlapping search pro� les may be
found without performance degradation.

Keywords Telecommunications, distributed optimization, resourcepaths, ant-likeagents, peer-to-peer.

1 Introduction

As the number of user categoriesand terminal equipment typesare increasing steadily, telecommunication
operatorshaverecognizedapotential for arangeof new telecommunicationservices.1 Oneservicecategory,
whichhasquickly gain popularity, ispeer-to-peer systemswhereusersdevelopand provideservicesto other
users with little or no centralized management. User controlled development of services quickly produce
a large range of services where both the number of services and service categories are highly dynamic.
Users with powerful terminals take the role as service providers, while other users may chose to initiate
their services on dedicated servers in the network. The combination of a dynamic set of services and a
peer-to-peer environment for serviceexecution makes locating a relevant servicechallenging.

Many directory systems for peer-to-peer environmentshave been developed during the last decade [3].
Common for these systems are limited functionality for specifying quality of service (QoS) parameters in
servicelookup requests. In most casesonly someidentity of theservicerequested can bespeci� ed and very
few (or no) parameters indicating minimum requirements to resources needed to access the service. The
result is often an over all uninteresting service offer. For instance when requesting a multimedia stream,
access to a high quality version of the stream may be offered but due to lack of network bandwidth the
stream becomesuninteresting.

Several bio-inspiredalgorithmhaveshownpromisingresultswhenapplied to telecommunicationrelated
problems. A class of bio-inspired algorithms known as swarm intelligence systems [4] are potentially
robust and may scaled well due the their use of distributed autonomous components. In this paper we
present a swarm intelligence based algorithm which enables implementation of improved QoS controlled
service lookup and access. Related work on bio-inspired methods for service component management can
be found in [5, 6, 7, 8, 9]. Our algorithm expects a service lookup request to contain a pro� le which in
addition to indicate constraints and preferences for the service type being requested, indicate constraints
and preferences for other resources necessary to access the service. The algorithm seeks to � nd a path of
resources from a client terminal to a service providing server such that all resources in the path conforms
(aswell aspossible) with theconstraintsand preferencesof the request pro� lespeci� ed by theuser.

1To enable rapid realization of new heterogenous services, Telenor, Ericsson and NTNU have chosen to move from the traditional
call centric approaches to a more service centric approach as well as involving users and user innovation in the service development
process [1]. Peer-to-peer is adopted as a potential environment for distributed service execution. Theoverall initiative has resulted in
theAVANTEL project [2]. This paper presents results form research sponsored by the AVANTEL project.
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Our algorithm isbased on theconcept of swarmintelligencewhich inheritsbehavior aspectsfrom social
insects and animals. Swarm intelligence has successfully be applied to a range of optimization problems
[10], some typical in the domain of telecommunications [11, 12, 13, 14]. Swarm intelligence systems use
a high number of simple autonomous agents to search for problem solutions. Groups of (or all) agents
cooperate by sharing experiences gained during search. Information is shared by asynchronous indirect
communication, i.e. messages(pheromones) left in shared databases in thesearch environment.

Our algorithm is based on work previously published in [15, 16, 17]. Scalability in terms of number
of parallel tasks handled by agents has so far only been addressed to a limited extent. In this paper we
introducesmechanismsto manage largescale useof our algorithm. On the assumption that service request
pro� les in many cases will be overlapping, i.e. contain similar constraints and preferences, we let agents
share information about the overlapping parts of the pro� les. Assuming a limited total number of possible
constraints and preferences the new sharing strategy reduces the total amount of storage space required
for pheromones to a manageable level, and increases the search ef� ciency. To � nd a desirable ranking of
solutionscost functionswith implicit constraintsaredevelopedwhich output aquality measureof how well
apath of resourcesconform with apro� le request.

The reminder of this paper has � ve section. Section 2 presentsbackground information and introduces
thesearch domain with related terminology and formalisms. Section 3 introducesthebehavior foundations
for the agents, describes the cost functions which evaluates criteria during the search process, presents
reformulationsand additionsrequired to realizeextended pheromonesharing between agents, and describes
thenew agent algorithm. Section 4 describesour experimental setup consisting of � vesimulation scenarios,
and reportsand discusssimulation results. Finally Section 6 summarizeand indicate futurework.

2 ResourcePathsand Pro� les

In this paper we view all components in a network environment as resources with individual pro� les, i.e.
servicecomponents(created by usersor operators) aswell aslinksand network nodesfor network transport
areview as resourceswith a related pro� le. An ordered sequenceof resourcesaredenoted a resourcepath.

2.1 Motivation

The motivation for adopting a resource view is the heterogeneity of the expected network environment
whereoneof theAVANTEL project's root services, AMIGOS[1], is running.

2.1.1 AMIGOS

Advanced Multimedia In Group Organized Services (AMIGOS) provides the basic functionality required
for users to manage and visit a Meeting Place (MP). A meeting place is a user (or operator) composed
and con� gured telecommunication service providing a connection point between a speci� c set of users. A
meeting placemay also act asarepository for multimediaobjectsto beshared between theusersvisiting the
meeting place. Technically a meeting place is a software process running on some server in the AMIGOS
network environment.

2.1.2 The AMIGOS Environment

Figure 1 illustrates the expected heterogeneity of the environment where the AMIGOS service will be
running. Software processes provide MP service resources which again providing access to multimedia
objects. A mix of terminals controlled by different users and a mix of servers own by different operators
provide processing power. And � nally a range of transmission technologies provide transmission links
interconnecting terminalsand servers.

Both terminals and servers shown in Figure 1 are typically connected (by different transmission tech-
nologies) to several other terminals and/or servers, i.e. network nodes in the AMIGOS environment often
havea connection degreegreater than one. A degreegreater than one enablesa node to act as a router or a
relay in addition to itsother capabilities.

All terminals, users and services in the AMIGOS environment are expected to have individual pro� les
which describe their capabilitiesand limitations in the form of QoSparameters.

Figure 1 does not illustrate the expected scale of the AMIGOS environment. The following rough
estimations indicatea morerealistic scale considering potential users in Norway only:
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Figure1: A examplenetwork environment whereAMIGOSisexpected to run.

� Total number of users:
�������	��


(i.e. in the sameorder as thenumber of GSM subscribers)
� Number of signi� cantly different terminal / server / router types:

���
�������

� Number of network transport services:
�����������

In the following sub-sections we establish formal terms for describing components in the AMIGOS
environment.

2.2 Resource Paths

We view the AMIGOS environment as a composition of telecommunication resources. A resource is de-
noted � . In a real instance of the environment, resources we consider will be only those which can be
accessed, con� gured and controlled (see Section 5 for detailson implementation issues).

When users are active in the network environment they will access a set of resources. We denote such
an ordered set of resourcesa resourcepath

�����

�������
���! ! ! "�#�%$%&('

�

�#�)$�&�'*��+

where
��,

is thenumber of resources in thepath.
Wehavechosento dividetheindividual resourcesfound inapath into threecategories: Client, Transport

and Peripheral resources.

A client resources, the � rst resource �)�.-0/21 in a path, enables a user to access other resources in the
environment by providing a suitable interface.Typical client resources are terminals running client
applications(e.g. a browser). /

1 is the set of all client resources.

A transpor t resource, an intermediateresource �
3)-4/

�

where 5

�

�76!6869�
,2:<;

, providesatransport ser-
vice of somequality. Typical transport resourcesare internal and external transmission links (clouds
in Figure1) and network nodesacting as routersor switches. /

�

is the set of all transport resources.

A per ipheral resource the last resource �
$%&='*�>-4/@? in apath, providessomevalueadded service. Users
will normally desire to accessaspeci� c typeof peripheral resource. Typical peripheral resourcesare
AMIGOS meeting places, multimedia libraries, processing power, multimedia sensors, positioning
sensorsetc. />? is theset of all peripheral resources.
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In our view access to minimum two resource will be required for any user activity, at least one client
resourceand oneperipheral resource. Thus

���������
	���
���	�������������� where ���! #"!$ and ���% #"'&

In general aresourcepath will only contain asingleclient and asingleperipheral resource, but may contain
asequenceof transport resources. Thus �  �( where

()	*���+���,�-�.�/�10�0+02���.3�46527,����3�4658�+�:9.���! �"!$��;���=< < < 3�465>7? #"%@A�;��3�4B52�% �"C&D�

is theset of all resourcepaths. � �E �/� �DFD�;GH�1I1I�I � is the total number of resources in apath.
A common limitation of today's lookup services for peer-to-peer systems is that the complete resource

path required to access a peripheral resource is not taken into account during search. In formal terms this
means ignoring the sub-path � ���6�����+�1010108�-��3�4�5 7 � or parts of it. Our algorithm in this paper takes into
account thecompletepath of resources, i.e. � �.�,�-�����+0�0102����3�4B5 7 ���.3�4652��� .

2.3 Pro� les and QoSObjectives

In the AMIGOS environment, users, terminals and services are expected to have individual pro� les con-
taining QoS parameters. When a user J initiates a requests K for a service, a user request pro� le L

MON�P

J;Q is
generated. For a resource ��R in the environment we denote L

MHP

��R

Q the pro� le of the resource. Thus there
are to classesof pro� les:

S Pro� les of the user request class contain QoS parameters specifying constraints and preferences in
the request, i.e. QoSobjectives.

S Pro� les of the resource class contain QoS parameters specifying limitations and capabilities of a
resource �

R .

2.3.1 User Request Pro� le

In general, a user request pro� le may include a large set of QoS parameters. To maintain scalability, we
have de� ned a � nite and ordered set T of QoS objectives from which a speci� c request pro� le may be
constructed. Each element U+V in

T
, where W

	YX
�+IZIZI��+[

T

[ , is aspeci� c QoSrequirement, e.g.

S

U1\

�
I�I1I

�

UO] may bea rangeof maximum end to end delaysof ��^

\

�
I�I+I

�
^

]

� seconds,

S

U

N

�1I1I1I��

U1_ may bea rangeof minimum bandwidth of ��`

N

�+I�I1I��
`

_

� bits/s,

S

U1a

�1I1I�I1�

U�b may bespeci� c typesof resources ��c

a

��I1I1I1�
c

b

� , e.g. typesof peripheral equipment.

A user request pro� lemay now beexpressed as L

M
N

P

J;Q

	d��e
�/�

I�I1I
�

egf hif
� . In this investigation, abinary user

request pro� le isused, i.e.,

e

V

	kj

Xl9 when requirement W should bemet
m

9 otherwise

however in general (Section 3.3) arbitrary values e

V�n

m

may be used to balance the importance of the
variousrequirements.

In thecaseswherewe havea rangeof QoSparametersof thesame kind to choosefrom, e.g. thedelays
and bandwidthsabove, only onevalue in the rangeshould beset.

2.3.2 ResourcePro� le

When used, a resource �
R may introduce QoS impairments with respect to the QoS requirements of a

user request K�\ . These impairments may for instance be excessive delays, limited bandwidth, processing
or storage capacity, or lack of required peripheral equipment, services or information. Impairments are
denoted the loss o

V

P

�
R

Q introduced by resource �
R with respect to a QoS parameter W in the user request

pro� le. Hence, the resourcepro� le L

MHP

�
R

Q associated with resource ^ is represented asa lossvector

L

M;P

�
R

QqprL
o

P

�
R

Q

	d�

o

�

P

�
R

Q

�

o

7

P

�
R

Q

�
I�I+I

�

o
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where ���������
	���
�� . Resource pro� le and loss vector are used interchangeably throughout the rest of this
paper.

Examplesof how the various losselements ��� � ���
	 may bedetermined arepresented in Section 4, how-
ever we consider two extreme values already here. In cases where a QoS requirement � � is irrelevant with
respect to resource � � , wesimply have � �

� � � 	���� . In caseswherea resource � � refusesto reveal (e.g. for
security reasons) its lossvaluerelated to a QoSrequirement � � , wehave � �

� � � 	���� .
Assuming that in� nite loss is in general undesirable, wemay now de� nethesearch space ����� �! "� for

auser request pro� le #

$

�%�'& 	 by

� ��� �)(+*�,.-�/

���0� � ���1	32"�546�7�8�

,

4

/

��� #

$

� �'& 	94;:��

*1<

4�=�=�=94�> ?)> @1@

i.e. the set of all resource paths consisting of resources which reveal all loss values relevant for the user
request. The subscripts

&
and A of � are left out for readability in the remaining of the paper unless this

causesambiguity.

2.4 Environment Simpli� cation

Recall that
,

�B� and

,B(+* �7CD4���EF4�G�G�GH4I��J�K
LNM%4I��J7K%LOEF@

In general, resources �
� where P

(Q<

40G�G0GH4;RTSVUXW can be alternating transmission linksand router nodes
in any combination. Although, in a future dynamic network, a probable scenario will be to have several
alternativelink resourcesbetween two different router nodes, wesimplify by assuming that only oneunique
transmission link between apair of router nodesexists. Asa resultsof thissimpli� cation for therest of this
paper weconsider �

� to represent the : th router nodetogether with itscorrespondingoutgoing transmission
link, i.e. �

� representsa pair of resources, onenoderesourceand one link resource.

3 Agent Behavior

Our search algorithm isbased on swarmintelligencewhich can bede� ned as: “ ... algorithmsor distributed
problem-solvingdevicesinspiredbycollectivebehavior of social insect coloniesandother animal societies”
[4]. Our algorithm mimics the foraging behavior of ants, thus:

Y usesa high number of agentswith simple behaviors.

Y generates one species of agents (i.e. one type of agent) for every user request. A species of agents
havetheonly mission of searching for resourcepathsconformingwith thecriteriagiven by thepro� le
of a speci� c user request.

Y letsmultiplespeciesof agentssearch in parallel.

Our algorithm providesageneral method for generating solutionsto combinatorial multi-criteria optimiza-
tion problems (CMCO problems). A range of nature inspired systems for CMCO exist where many are in
thecategory of evolutionary programs[18, 19].

A few CMCO systems are base on swam intelligence [20, 21, 22]. Most of these build on Dorigo &
al.'s Ant Colony Optimization system [10] which requires centralization and batch oriented operations to
generatesolutionsef� ciently. Our algorithmhowever, isfully distributedwith nocentral control component.
All agentsarecreated, executed and terminated asynchronously of each other, and haveweak dependencies
to each other. Section 3.1 describesthe behavior foundationsof our agents in moredetail.

Recall that to ensure scalability our algorithm is based on the existence of only a limited number of
unique QoS parameters for describing resources and specifying user request. By taking advantage of this
limitationour agentsareableto cooperateinbuildingashareddistributed“roadmap” which indicateswhere
to � nd resourceswith speci� c QoS parametersand what quality the resource has. Section 3.3 describes in
detail thebehavior componentsrealizing this inter-agent cooperation.
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3.1 Foundations

Theconcept of usingmultipleagentswithabehavior inspiredby foragingantsto solveproblemsin telecom-
municationnetworkswasintroducedby Schoonderwoerd& al. in [11] and further developed in [12, 23, 24].
Schoonderwoerd & al.'swork buildson Dorigo & al.'swork on Ant Colony Optimization (ACO) [25]. The
overall idea is to have a number of simple ant-like mobile agents search for paths between source and
destination nodes. While moving from node to node in a network an agent leaves markings imitating the
pheromone left by real ants during ant trail development. This results in nodes holding a distribution of
pheromone markings pointing to their different neighbor nodes. An agent visiting a node uses the distri-
bution of pheromone markings to select which node to visit next. A high number of markings pointing
towards a node (high pheromone level) implies a high probability for an agent to continue its itinerary to-
ward that node. Using trail markingagentstogether with aconstant evaporationof all pheromonemarkings,
Schoonderwoerd and Dorigo show that after a relatively short period of time the overall processconverges
towardshaving the majority of the agents following a single trail. The trail tends to be a near optimal path
from thesourceto thedestination.

3.1.1 The CrossEntropy Method

In [26] Rubinstein developsa search algorithm with similarities to Ant Colony Optimization [10, 27]. The
total collection of pheromone markings in a network at time � is represented by a probability matrix ���

wherean element � ��� ��� (at row 	 and column 
 of thematrix) re� ects the intensity of pheromonespointing
from node 	 towards node 
 (one of 	 's neighbor nodes). An agent's stochastic search for a sample path
resemblea Markov Chain selection processbased on �

� .
In a large network with a high number of feasible paths with different qualities, the event of � nding

an optimal path by doing a random walk (using a uniformly distributed probability matrix) is rare, i.e. the
probability of � nding the shortest Hamiltonian cyclic path (the Traveling Salesman Problem) in a 26 node
network is �

��
����������

���

. ThusRubinstein developshisalgorithm by founding it in rareevent theory.
By importance sampling in multiple iterations Rubinstein alters the transition matrix, i.e. �

���
�

���

�

,
and ampli� es certain probabilities such that agents eventually � nd near optimal paths with high probabil-
ities. Cross entropy (CE) is applied to ensure ef� cient alteration of the matrix. To speed up the process
further, a performance function weights the path qualities (two stage CE algorithm [28]) such that high
quality pathshavegreater in� uenceon thealteration of thematrix. Rubinstein'sCE algorithm has4 steps:

1. At the � rst iteration ���

� , select a start transition matrix � ��!#" (e.g. uniformly distributed).

2. Generate $ paths from �
� using some selection strategy (i.e. avoid revisiting nodes, see section 3).

Calculatetheminimum Boltzmann temperature %&� to ful� ll averagepath performanceconstraints, i.e.

')(+*

%
� s, t ,.-0/1�

�32
%

�54��

�

$
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2
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�DCFE G�HJI

K�L

is the performancefunction returning the quality of path :

8 . MN/;:

8

4
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8 (see
Section 3.2 and 3.3). �O�

�

�QP

>

P

���

�

�

is a search focus parameter. The minimum solution for %R�

will result in a certain ampli� cation (controlled by
>
) of high quality paths and a minimum average
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where �
�

�

a b is the transition probability from node g to h at iteration � . Thesolution of (2) isshown in
[26] to be

�
�

�

�
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�
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8

4

9
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4
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/;:

q
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(3)

which will minimize thecrossentropy between �s� and �����

�

and ensurean optimal shift in probabil-
itieswith respect to %

� and theperformancefunction.
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4. Repeat steps2-3 until �����

���	��

���

�����

���
��
������ where �

� is thebest path found.

3.1.2 Distr ibuted Implementation of theCrossEntropy Method

Rubinstein's CE algorithm is centralized, synchronous and batch oriented. All results output from each
step of the algorithm must be collected before the next step can be executed. In [15] a distributed and
asynchronousversion of Rubinstein'sCE algorithm isdeveloped. By afew approximations(3) and (1) may
bereplaced by theautoregressivecounterparts
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and K-L

.

LMF . Step 2 and 3 in the algorithm can now be performed immediately after a single new path
�C
 is found and a new probability matrix

�



�N� can begenerated.

Thedistributed CE algorithm may beviewed asan algorithm wheresearch agentsevaluateapath found
(and calculate �


 by (5)) right after they reach their destination node and then immediately return to their
source node backtracking along the path. During backtracking pheromones are placed by updating the
relevant probabilities in the transition matrix, i.eapplying ���

�



�	�



� through (4).
Thedistributed CE algorithm resemblesSchoonderwoerd & al.'soriginal system. However Schoonder-

woerd'sants updateprobabilitiesduring their forward search. Dorigo & al. realized early in their work on
ACO that compared to other updating schemes, updating whilebacktracking results in signi� cantly quicker
convergence towards high quality paths. Dorigo & al.'s AntNet system [12] implements updating while
backtracking, thus is more similar to the distributed CE algorithm than Schoonderwoerd & al.'s system.
However none of the earlier systems implements a search focus stage (the adjustment of �C
 ) as in the CE
algorithms.

3.2 Cost Functions

Cost functions applied in this paper output a measure for the level of QoS loss introduced by none-
conformance between a speci� c QoS parameter in a user request and service capabilities of a sequence
of resources in a resourcepath.

Recall that O

!

�
��P

O is denoted the search space of a request Q for user & . In this section we use
solution and resourcepath interchangeably. Both indicateelements in a relevant search space.

3.2.1 Constraintsand Order ing

The set of valid QoS parameters R is divided into to subsets: Constraintsand best-valueparameters. Con-
straint parameters, of theset denoted RTS , requireaserviceto havea level of quality within aspeci� c range,
i.e. a minimum and/or a maximum acceptable QoS level is speci� ed. Best-value parameters, of the set
denoted R�U , indicateonly that better QoS levelsarepreferred (no upper or lower limitsaregiven).

In the next section we compose an overall cost function which measure impairments to constraint as
well asbest-valueQoS parameters. To achievethiswe require two classes of terms in the function.

Implicit constraint checks Theseare terms that implicitly checksconstraintsgiven by theconstraint QoS
parameters, i.e. termswhich perform aclose to binary conformity check between the requested level
of QoS and the service capabilities offered by resources. By returning a high penalty (a high loss
value) whenever a resource violates a constraint given by a constraint QoS parameter, the implicit
constraint terms will provide a rough sorting of the search solutions in feasible and infeasible so-
lutions. High penalty will contribute to that infeasible solutions rapidly become uninteresting and
disappear from the search focus area of solution space. Due to the fact that infeasible solutions are
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not totally excluded, there is, in a transient phase, a none-zero probability for ending up with search
results (resourcepaths) where some relevant constraint QoS requirementsare violated. However, as
shown in [16] for swarm based system and in [18] for evolutionary algorithms, the strategy of al-
lowing infeasiblesolutionsmay provideimportant intermediate“stepping stones” in thesearch space
and help thesearch processconvergefaster and towardsbetter solutions.

Solution order ing These terms provide a � ne grained and continuous measure for the quality of confor-
mancebetween requested level of QoSspeci� ed by best-valueQoSparametersand theprovided level
of QoS. Thus the termsenablea detailed ordering of thecandidatesolutions found.

To realize implicit constraint checksand solution ordering, wede� netwo support functions. Both functions
perform a sense of rough normalization by mapping values onto the domain ����� ���	��
 . By applying these
function, weavoid theneed for individual rescaling of QoSlossvalues, thusvaluesof very different original
scalemay becompared and/or summarized.

To enableordering of solutionson a common scale we de� ne

��
������

�

����������� �

�

�! 

� (6)

which normalizeany real value
�

to the range � �"� � � ��# where $ is a general scaling parameter. Further we
de� ne %


�&��'�)(

� if
&* 

�

��� � otherwise
(7)

which mapsany real value
&

into � or ��� � , i.e. the upper and lower limitsof the rangeof
�+
,���

. Hence

%


,&-�

may work as an implicit constraint check by introducing a normalized penalty when undesirableQoS loss
isexperienced.

3.2.2 Search Space Smoothnessand Overall Cost

Since our algorithm is of a stochastic nature and is based on cross entropy, good performance is ensured
by making the search space . “smooth” , i.e. ensure that . contains a wide range of resource paths of
different qualities. To realize smoothness we enforce additivity (as shown ef� cient in section 5.1 of [26])
when deriving an overall quality measure for a resourcepath.

Hence, during asearch for aresourcepath / , weaccumulated an overall lossvector with onecost value
for each QoSparameter speci� ed: 0
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whereadditivity ispreserved by having 0
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Further to createan overall cost measure for theQoSlosswith respect to the requirements, wesumma-
rizeall elementsin
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and produceascalar cost
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very different QoS parameters, we apply our support functions (6) and (7) appropriately to normalize and
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where, as presented in Section 2.3, the various
b

O are specifying the QoS parameters of the user request
pro� le

0

\
]


�_��

which initiated the search for a resource path.
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z1(x) = {     ,    }

z1(y) = {     ,    }

z1(z) = {     ,    }

Agent spieces x: 
Agent spieces y: 
Agent spieces z: 

D

E

F D

E

F

A

B

C A

B

C

Unique
pheromone
per species

Unique
pheromone
per QoS parameter

Figure2: Moving from uniqueid based (scalar) pheromonesto vectorsof pheromoneswhereeach elements
relate to a uniqueQoSparameter that may beshared by user requests.

for the level of conformance between the request pro� le �

�������	�

and all the resource pro� les �

�	��

���

for all

������

.
The rationale for accumulating all loss values in the vector �

�����
�

during a search and not use (11)
directly, is that this enables a more ef� cient collection and dissemination of QoS information through
pheromonevalues in thenodesas further outlined in thenext section.

3.3 Path Quality Vectors

As mention in section 2.3.1, our algorithm ensures scalability by taking advantage of the assumption that
only a limited set of uniqueQoSparametersareavailable for building request pro� les. In earlier published
work [15, 16, 17] the distribute CE algorithm allocated one uniquepheromonetype to every agent species
in operation. Reapplying this allocation strategy would mean on unique pheromone type for every user
request. In theAMIGOSenvironment thenumber of uniqueuser requests to bemanaged may bevery large
(c.f. scale indication in Section 2.1.2). Allocating uniquepheromoneswill result in:

� a largeamount of pheromonedata to be managed by each resource in thenetwork.

� a need for a large number of agents per species to ensure convergencetowards relevant solutions in
reasonable time.

� a largeamount of network traf� c generated by agents (c.f. previouspin).

To managescalability wemakedifferent agent speciescooperate(on thecontrary to work in [17]) in updat-
ing ashared set of pheromonevalues. Instead of auniqueid identifying auser request (and acorresponding
agent species) we construct a vector containing an element for each QoS parameter in the user request
pro� le. Figure 2 shows how three ant-like agent species (generated by three user requests) may place
pheromonesin anetwork. The left � gure illustrateuseof traditional uniquepheromonesper species, while
the right � gure illustratehow lessuniquepheromonesare required when pheromonesrelate to QoSparam-
eters. Two relevant QoS parameters exist in the scenario of Figure 2. Both parameters apply to species y
whileonly a singleparameter apply to x and z.

By controlling the total number of unique QoS parameters � ��� available, we can keep the number of
uniquepheromonesrequiring storage space in resources to a manageable level. Note that the total number

9



of possibleuniquepro� les ���

� will bestill be large,

���

�����
	 ��	�
��

e.g. to enablea total of ���

� ����������� different pro� lesonly � ����������� uniquepheromonesare required2. In
reality less than ���

� pro� leswill be valid since (asmentioned in section 2.3.1) several QoS parameterswill
bemutually exclusive, e.g. “maximum delay = 70 ms” excludes“maximum delay = 80 ms” .

The basis for generating pheromones are cost values output from the cost functions described in the
previous section. Now recall the algorithmic step calculating the temperature, i.e. (5). The existence of
a unique pheromones for each QoS parameter implies that a separate temperature parameter  
! must be
calculated for each cost value. Thus two vectors, one with temperaturesand one with performancevalues,
aregenerated by applying (5) for each cost value "�#

$&%('
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for reasonsdescribed below.
Path backtracking and pheromone placing activities performed by agents, i.e. step 3 of the algorithm

from Section 3.1.1, now generatesan updated vector of probability distributions, i.e. (4) becomes
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During forward search however the agents require
L

!NM

�

to select which node to visit next (step 2 from
Section 3.1.1), i.e. the probability matrix built from the over all scalar cost measure "

%
'`8

)
applied in (13).

By (13) and (11) we have
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thus just by carrying
+

 

! ,
 

! and the request pro� le
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agents can reproduce
L

!
M

�

during forward search.

3.4 Discovery of Destination Node

Recall that an agent builds a path in a Markov Chain fashion. After adding one resource X to the path, the
next resourceto includeisselected (using theprobability vector

L

!.-
O
) from theset of neighbor nodesof the

last resource added. Since a user request pro� le
+

e

O

%
f

)
do not specify a speci� c destination resource, we

have connected a loopback link resource to every potential destination node, i.e. every peripheral resource
is connected to themselves by a link resource ikjml where

+

e

%

injol
)qp

+

� . If an agent traverses a loopback
link and visits thesameperipheral resourcetwice in arow, theresourceisselected as theagentsdestination
resource, and thepath found is considered complete.

This “ trick” of introducing loopback link resources is equivalent to adding one unique destination re-
source inr to the environment and connecting all peripheral resources to ikr by zero cost link resources
(similar to i

jml ). Hencethe formal foundationshold.

2By introducing none-deterministic requirements, i.e. weighting of alternatives by having s
t`uwv6xzyW{}| , the pro� le space becomes
even richer/larger.
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3.5 Agent Algor ithm

The most intuitive implementation of our algorithm requires to types of components: mobile agents and
network nodes running mobile agents platforms. See section 5 for a technical discussion. The nodes are
only required to provide storage for pheromone values �

�������	�

�




���

with their related autoregressive history
variables (see [15] for details on autoregression), and basic arrival, departure and execution functionality
for the mobile agents. Rest of the algorithm is implemented in agents. An agent roughly performs the
following steps after being created at its client resource (home node) 
�� with user request pro� le �

��� �����

describing its search mission:

A: Forward search

1. Clear tabulist containing resources already visited. Clear �

� ��� � �

. Fetch
�




�

, 


�

, and ���������! #" from
client resource'sdatabase.

2. Record visit to current resource 
%$ in tabulist. If current resource has been visited twice in a row,
proceed with step B-1, path evaluation and backtracking (seebelow).

3. Reconstruct relevant row &

�('*)�+

$ of &

��'*)

by (15) using
�




�

, 


�

, and ���

� �,�- 	" . Build a next-hop
probability tablebased on &

� '*)�+

$ . Use the tabulist to avoid revisiting none-peripheral resources.

4. Select next resource 
�$

'.)

to visit using the next-hop probability table.

5. Update �

�/�(�
�

�

by adding �

�
�



$

'*)

�

, i.e. implement (9).

6. Moveto resource 

$

'*)

and proceed with step A-2.

B: Path evaluation and backtracking

1. Calculate � nalepath cost values �

�10
�(�

�
�

by (10).

2. Increasesearch focus, i.edecrease 2 , if no new best path was found among the last 3 paths.

3. Calculate new temperatures
�




�
'*)

and 


�
'*)

using (5), cost values in �

�40
�����

'*)
�

and (11).

4. Backtrack every hop towards the client resource. At each hop update the transition matrix (leave
pheromones) by use of (12) and (14)

5. When backtracking has completed, fetch and recalculate the temperatures
�




�
'*)

and 


�
'*)

(in case
other agents have updated the client resource's database while this agent was searching forward).
Store thenew valuesof

�




�('*)

and 


�('*)

.

6. Goto step A-1 and start anew search.

Minimum one agent is required to complete a search mission speci� ed by a certain user request pro� le.
However thealgorithm allows for many agents to search in parallel for pathssatisfying thesame(or differ-
ent) user request pro� le(s) as long asatomic updateoperationsfor resourcedatabasevariablesareprovided
by all resources.

When the search mission converges, paths found by the agents driven by the same user request pro� le
will appear aspathsof high probability valuesin thetransition matrix (i.e. an intensetrack of pheromones).

4 Exper iments

To investigate the performance of our algorithm a simulator has been implemented based on an Active
Network (AN) [29] enabled version of “Network Simulator 2” (NS2). NS2 is an open source simulator
package capable of simulating realistic IP-based scenarios [30]. The AN extension makes it convenient
to implement simulation scenarios where multiple mobile ant-like agents solve problems by exploring a
network topology [31]. AN is in addition a potential technology for implementing the algorithm in a real
world system (section 5).
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Figure3: The test environment which isagraph representation of theenvironment illustrated in Figure1.
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4.1 The Test Environment

All our test scenarios described below where run in a test environment based on the illustration in Figure
1. In Figure 3 the same environment is shown as a graph where link bandwidths, link delays and node
RPI/RPQs (see next section) of links and nodes are indicated. All nodes with connection degree greater
than one where enabled as routing nodes, i.e. they forward traf� c destined for other nodes. Some classes
of node resources, e.g. battery powered terminals, would in a real situation not wish to use energy on
forwarding traf� c. We have chosen to ignore this fact because most simulation scenarios would become
uninteresting if we disable routing in only a few nodes in our relatively simpleenvironment.

4.2 QoSParameters in theTest Environment

For our simulation test scenarios we have chosen to apply user request pro� lescontaining six QoS param-
eters, i.e. for all requests �������

���
	 . In all cases the six parameters include a precision criteria for the
peripheral resource (have we found what we are looking for), a quality index for the peripheral resource
and four criteria describing the required quality of the client and transport resources. More speci� cally a
parameter �

� from oneof each of the following parameter groupsexist in a request pro� le.

�

�
��������� , resourcecorrectness: - is a requested resource pro� le index (RPI) which acts as a summary
index for some set of resource capabilities. In our test environment, RPIs are irrelevant for all re-
sourcesexcept for peripheral resources. An RPI classi� esaperipheral resource, e.g. all web cameras
havesimilar RPI. �

�������
� is theset of all valid RPI parameters. RPI parametersareinteger values.

Two similar RPIs which may substitute (in part) for each other, havesimilar values, i.e. the absolute
differenceis small.

�

�
����� , delay constraints: - is the maximum accepted delay induced by a resource path. In our test
environment only link resources inducedelay. ���

�

� is theset of all valid maximum induced delay
parameters.

�

�
����� , bandwidth constraints: - is the minimum accepted bandwidth provided by a resource. In our
test environment only link resourceshavelimited bandwidth. ���

�

� is theset of all valid minimum
accepted bandwidth parameters.

�

�
���

����� , resourcequality: - is thepreferred resourcepro� lequality (RPQ) which isavalue indicating
the quality of an RPI, e.g. several web cameras my have the relevant RPI, however cameras with a
quality (e.g. resolution) closeto RPQ arepreferred. �������

�
� istheset of all valid RPQ parameters.

An RPQ parameter hasan integer part equal to the relevant RPI and a decimal part indicating a level
of quality, i.e. �

�
�����
��� is a real value. Low decimal values indicategood quality.

�

�
���

� � , relativedelay: - is thedelay expected to beexperienced when relativedelay (expected v.s. mea-
sured) equalsone. �

�!�"�
� is theset of all valid expected relativedelay parameters.

�

�
���

�
� , bandwidth utilization: - is the bandwidth expected to be provided by a resource when 100%

bandwidth utilization is experienced. �
�#�$�

� is the set of all valid expected bandwidth utilization
parameters.

Table1 showstheset of all QoSparameters(i.e. � ) used in our simulation scenarios. The� rst column lists
valid parameter indices, the second indicate which group a parameter belongs to, the third shows the value
of aparameter, the fourth indicatewhich category aparameter belongsto and the � nal column givesashort
description of theparameter.

Consider an exampleof a user request pro� le for request %�& with six QoS parameters. Let RPI be ')( , *

and *)+ be ,)(�-�. , / and /�+ be 01(�243156. , and RPQ be '7(98:0 , which result in thepro� le
;
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Table 1: Theset � of all valid QoS parametersused in thesimulation scenarios.

Index � Group Value, ��� Categori Description

1 ���	��
 12 Constraint, �
� MP multimedia resource
2 ���	��
 40 Consraint, �
� Sensor resource
3 ���	��
 20 Consraint, �
� Animation output
4 ��� ������� Consraint, �
� Long delay
5 ��� ��������� Consraint, � � Longer delay
6 ��� ������� Consraint, � � Medium delay
7 ��� ����������� Consraint, � � Low bandwidth
8 � � �����
������� Consraint, � � Low+ bandwidth
9 � � �! "����� Consraint, � � Medium bandwidth
10 � �	�!# 12.1 Best value, �
$ Top quality MP multimedia resource
11 ���	�!# 40.1 Best value, � $ Top quality sensor resource
12 ���	�!# 20.1 Best value, � $ Top quality animation output
13 �%�'& ������� Best value, � $

Long delay
14 �%� & ��������� Best value, � $ Longer delay
15 �%� & ������� Best value, � $ Medium delay
16 ��� & ����������� Best value, � $ Low bandwidth
17 ��� & �����
������� Best value, � $

Low+ bandwidth
18 ���

&
�! "����� Best value, �

$
Medium bandwidth

are the loss vectors for router/link resource (*) (where +-,/.10�2324230'57698;: ) and a peripheral resource (=<

(where >?,-576@8BA ) respectively. Notehowever that in our test scenariosonly lossvaluescorresponding to
the QoS parametershaving C=D

,EA
in the request pro� le are considered. Thisminimum processing of loss

elements (i.e. processing only elements relevant for an agent's search mission) is implemented as part of
theagent behavior. Thuscontinuing theexampleabovewe may reduce(16) and (17) to
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In general, as captured by (9) and (11), the whole range of loss elements may be process by an agent,

i.e. an agent may calculateand carry loss information related to QoS parametersnot relevant for its search
mission and its request pro� le. Thiswould implement atypeof “ super cooperative” behavior whereagents
not only cooperate with agents having similar request pro� les, but even help other agents with potentially
disjoint request pro� les. Creating test scenarios for “ super cooperative” behavior is futurework.

4.3 Cost functions

Asindicated in Table1 QoSparametersin the� rst threeparameter groupsdescribed in theprevioussection,
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By (9) and (10) we may derive the general cost vector applied on a path p in our test scenarios. For all
best valueQoSparametersweset qr,MA in (6). The A�s elementsof thecost vector
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The calculations required to derive a loss value ���������
	 for the resource pro� le of a resource ��� imple-
mentsan interpretation of QoS parameter �
� . In our test scenarioswe interpret and implement thedifferent
QoSparametersdescribed above( �
����� ) as follows:

� � ��������� , resourcecorrectness: A peripheral resource � � in our scenarioshavea resourcepro� levalue
���������

registered. The RPI part of
��� �����

is checked against the requested RPI given by � � . In the
current implementation, the absolute distance between ��� and the integer part of

�����

� �

is returned
as the lossvalue,

� �

� � � 	"!$# � �&%('

�����)���+*

# (18)

�+����� � ��,
, resourcequality: The ratio of the distance between requested RPQ value �-� and

��� �

� �

of
resource ��� , and thedecimal part of �+� is calculated,

�+� � ���
	 !

# � � %

���������

#

� � %.'

� �

* (19)

� � ���0/ , bandwidth constraints: The capacity 1 � of a router-link resource � � is checked against the
minimum bandwidth requirement given by � � . If the capacity is below � � a non zero contribution
equal to theexceeded capacity is returned as loss. Otherwise, zero loss is returned. This losselement
adds signi� cant value to the � nal cost function when the absolute bandwidth requirements are not
met, i.e. the path 2 is not feasible

�
�

�
�

�
	

!$3
�

��%
1

�-465 (20)

�+�����
/�7 , bandwidth utilization: The utilization of a route-link resource ��� is estimated by the ratio be-
tween the minimum bandwidth requirement ��� and the router-link capacity 1�� . Observe that due to
thesummation in (9) we givea preferenceto short pathswith high capacity

�
�

�8�
�

	9!:�
�<;

1
� (21)

�+������= , delay constraints: Thedelay induced by router-link resource �"� isestimated by adding theprop-
agation delay >�� of the link and thetimeit takesto transmit ?A@CB-D bitson to a 1�� capacity link. ?E@CBFD

is thenumber of bits in an activepacket containing oneof our agents. Total delay G
� isestimated by

G
�

!:>
�IH

?
@CBFD

1J�

(22)

Wewant thecost element K
�

�L2
	 to represent acomparisonof thesum of all induceddelays, M

����NPO

GA� ,
and themaximum delay requirement given by �
� , thus

�Q�
�

�R�
	"!

S

GE�

%

�Q�

?

O�T

=�U

5

(23)

where ?

O�T

/ is the number relevant delay constraints for path 2 . Thus if M

����N
O

GE� exceeds the
maximumvaluegiven by �
� , path 2 isnot feasibleand asigni� cant valueisadded to thecost function.
Note that knowledge of the complete path 2 is required to apply (23), hence in practice �-�V�8�0�
	 will
return only G

� and further calculationsarepostponed until the agent reaches theperipheral resource
of path 2 .

�+������= , relativedelay: Wewant thecost element K
�

�L2
	 to represent theratio between thesum of induced

delaysby all resources in the path, i.e
M

���
N
O

G
� , and the maximum delay requirement given by �

� ,
thus

�
�

�
�

�
	

!

G
�

�+�

(24)

where GA� is estimated asdescribed above.
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Table2: Simulation scenariosparameters

Scenarios No of
species

No of
ants /
species

Client
resource
(node #)

User request pro� le ���������

A 1 12 4 { 1,0,0,1,0,0,1,0,0,1,0,0,1,0,0,1,0,0}
B 1 12 1 ———-“———
C 1 12 5 ———-“———

4 4 ———-“———
D 3 4 1 ———-“———

4 5 ———-“———
6 4 { 1,0,0,1,0,0,1,0,0,1,0,0,1,0,0,1,0,0}
6 	�
 { 0,1,0,0,1,0,0,1,0,0,1,0,0,1,0,0,1,0}

E 6 6 �

 { 0,1,0,0,0,1,1,0,0,0,1,0,0,0,1,1,0,0}
6 �
	�
 { 0,0,1,1,0,0,0,1,0,0,0,1,1,0,0,0,1,0}
6 	���
 { 1,0,0,0,0,1,0,0,1,1,0,0,0,0,1,0,0,1}
6 	��

 { 0,0,1,0,1,0,0,0,1,0,0,1,0,1,0,0,0,1}

4.4 Scenar ios

To verify correctness of the implementation of the algorithm, we � rst created a simple scenario where a
set of agents of the same species search for one type of peripheral resource. Since discovery of peripheral
resources do not introduce new moments (section 3.4) this scenario should produce results comparable to
scenariosfor previousimplementationsof thealgorithm. A set of simulationsgavesuch comparableresults.
Theresultsareomitted from thispaper.

Further, to get an impression of the algorithmsstability, i.e. to verify that pheromonesharing results in
cooperativebehavior (andnot interferenceor disturbance) betweenagent species, wecreated � vesimulation
scenario. The following sectionsdescribe two test casesusing the � vescenarios.

4.4.1 Full Over lap in Pro� les

The � rst four scenarios, A,B,C and D, test cooperation between three agent species. Table 2 shows the
parameters in use for the scenarios. Scenario A,B and C are similar. Oneagent speciessearch for resource
paths by applying a speci� c user request pro� le. The same request pro� le is applied by A,B and C, i.e.
full overlap in pro� les, however search is initiated from threedifferent client resources. In scenario D three
speciessearch simultaneously. They all still apply the sameuser request pro� leas in A,B and C.

For all scenariosthetotal of agentsreadingand updatingarelevant QoSparameter is12, i.e. in scenarios
A, B and C thereare12 agentsper specieswhile in scenario D thereare4 agentsper species.

If full cooperation between theagentsspeciesexist, results form scenario A,B, and C should becompa-
rablewith results from D, i.e. thereshould be littledifferencein convergencespeed and quality of thepaths
found.

4.4.2 Par tial Over lap in Pro� les

The last scenario, scenario E, tests how the algorithm performswhen only a partial overlap in user request
pro� les exist. Table 2 shows the parameters used in the scenario. Six agent species search in parallel
applying amix of user request pro� les. The � rst species, which wedenoteE� , has thesameclient resource
(node 4) and request pro� le as the species in scenario A. The other � ve species differ from E � , as well as
among themselves, in both client resourcesand request pro� les. However for every QoSparameter relevant
for species E� , one of the � ve other species has a pro� le containing that same parameter (see bold face
pro� le bits in Table 2), i.e. for all QoS parameters relevant for E� there are in total two agent species
reading and updating pheromones related to the parameter. To ensure that the comparison of the species
of scenario A and species E� is as correct as possible, 6 agents per species is created, i.e. again 12 agents
will bereading and updating relevant QoSparameters. Further, an effort wasmadeto ensurethat theresults
obtained for E� are at least to some degree independent of which client resources the � ve last species of
scenario E use. The“order” of theclient resources(marked with a* in column 4 of Table2) whereshuf� ed
for every simulation initiated while the related request pro� les (column 5 in Table 2) are kept in the same
order. Theresultswereaveraged over 20 simulationsbased on 20 different ordersof theclient resources.
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Table3: Simulation results

Scenario
Client
resource
(node #)

Average con-
vergence time

Average path
cost

Best path
cost

Convergence
to best in
simulation

A 4 ������� �	��

����� ��� ��� ������������� ����
���� ��� ����������
���� 
�������� ���������

B 1 ������� �	��������� ��� ��� ������
������ 

������� ��� ������������� ������� ��
������

C 5 
������ �	��

����� ��� ��� ������������� 

������� ��� ������
���

��� 

�	����� ���
� 
��

4 � ����� �	������
�� 
�� � � ������������� ��������� � � ����������
���� 
 � ����� ������
��

D 1 ������� ����������� ��� ��� ������������� ��������� ��� ������������� ������� ���������

5 ����
�� 
!��������� ��� ��� �������	����� ������
�� ��� ������
���
���� 
�������� ����
����

E 4 ������� ����������� ��� ��� ��
"���	����� 

������� ��� ������������� 
�
������ ���������

If cooperationbetween thespeciestakesplaceevenwhen only apartial overlap in request pro� lesexists,
performanceresults for species E# should be comparablewith results for the species in scenario A and the
� rst species (with client resourceat node4) in scenario D.

4.4.3 Agent Parameter ization

Our algorithm, as earlier versions, requiresa small set of general parameters to be con� gure. All scenarios
werecon� gured with the following parameter values:

Initialization phase $&%('�) ) . To initializepheromonelevels(buildand initial probability matrix) all agents
start off with a random search behavior, i.e. after excluding previous visited resources they choose
their next resource using a uniform random distribution. After an agent species collectively have
found $ paths, all agentsof that specieschangebehavior and continuesearching now guided by CE
(pheromones).

Search focus, *+%-,�)/.10 . The search is concentrated towards the approximate ,�2 best of the paths found
and “remembered” (see 3 parameter), i.e. a tight focus.

Search focusadjustment,
*54

%6)87 9:' . Search is tightened by ' 2 by applying
*

%
*<;�*=4

if no new best
solution existsamong the last $ solutions found.

History, 3>%?)87 9 9 ' . Thesystem “remembers” a collection of paths found. However as the “age” of apath
increases the quality decreases following a geometric distribution controlled by 3 , i.e. about @�A

)

pathsare “clear” in memory (weighted by BC)87 D ) at any time.

Convergenceprobability, EGF
%?)/7 9 . Convergencefor an agent is de� ned to be completewhen the proba-

bility of re-traversing the last path found by the agent isgreater than )57 9 .

Thevaluesareheuristically chosen to avoid prematureor slow convergence.

4.5 Results

Table 3 summarizes results from the simulation scenarios described above. Results are based on 20 simu-
lation runs for each scenario. The two � rst columns identify the scenario and the relevant client resource.
Column 3 and 4 presentsaverage convergencetime in seconds (simulated real time) and averagepath cost
of � nal path found respectively, both with standard deviations in brackets. Column 5 presents the cost of
the overall best � nal path found during all simulations, with the number of simulations that converged to
this path in brackets. The last column presents the number of simulations that converged to the best path
found during the simulation, i.e. how often agents report the best path they can � nd as the � nal path. The
averagedifferencein cost between � nal paths reported and the best path found isgiven in brackets.

4.5.1 Full Over lap in Pro� les

Resultsfor scenariosA, B and C arecomparablewith resultsfor scenario D. Averagepath costsdiffersonly
to a little extent and they are all close to the best values found. Low standard deviations indicate limited
spread among the solutions found. For most simulations the � nal path found after convergence is also the
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best path found during simulation (last column). For all simulations the average difference between � nal
and best pathsarevery small, .i.e � nal paths in general tend to be good solutions.

Average values for convergence times differs more than the cost value, and large standard deviations
indicate signi� cant spread. Figure 4 compares the convergence progress of scenarios A, B and C with
scenario D. Both diagramsshow averagevaluesasstraight vertical lines, and theaccumulativeconvergence
as lines increasing by steps. In both diagrams it can be observed that 60-65% (12-13 out of 20) of the
simulations have converged before the average convergence times. The last 10-20% of the simulations
producea long tail in the distribution of convergencetimes. This is moresigni� cant for the scenariosA, B
and C than for scenario D. Thelong tailsaremuch dueto thesimpleconvergencecriterion wehavechosen.
As shown in Figure 5, when two very similar near optimal solutions exists in the search space, agents can
oscillatebetween � nding theoneor theother solution for quiet a few iteration beforeonesolution ischosen
as the better one. Thusour (too) simpleconvergencecriterion forcestheagents to chooseonly oneout of a
set of solutionswhich in practiceshould all bepresented to theusersaspotential resourcepaths.

Average convergence times increase by around 100% when we compare A,B and C with D, i.e. they
double. However considering that there are in total three times as many agents in operation in scenario
A,B and C as in D, our simulations indicate that ef� ciency is preserved, and even improved, when unique
pheromonesper species are replaces by a pheromoneper QoS parameter. We observe a 33% reduction in
“agent seconds” (no. of agents in operation multiplied by convergence time). Thus reduction in the total
number of uniquepheromonesrequired ispossiblewithout lossof performancewhen full overlap in request
pro� lesexists.

4.5.2 Par tial Over lap in Pro� les

Only results for species E� , the species using node 4 as client resource, from scenario E are show in Table
3. (Results for the other 5 species in scenario E have little value due to the shuf� ing of client resources.)
Again resultsarecomparable. Averagepath cost issomewhat higher for E � than for scenario A and D � (the
speciesin scenario D using node4 asclient resource), however 45% of thethesimulationsfor E � converges
to thesame best solution as found in A and D ���

Figure 6 shows a comparison of the convergenceprogress for scenario A, D � and E� . Similar to what
we observed in the previoussection, 60% of the simulations have converged before average convergences
times, and theslowest 10-30% of thesimulationscreatea long tail in thedistribution of convergencetimes.
As in theprevioussection, long tails results from thesimpleconvergencecriterion.

Examining the ratios between the averages convergence times, again it can be observed that a less
than 100% increase exist when scenario A is compared with D � and E� . Again this can be interpreted
as preservation of performance considering that in A all twelve agents contribute in � nding solutions to
one request while in D twelve agents contribute to three pro� les and in E eighteen agents contribute to six
pro� les, i.e while performance is less than halved, the number of pro� les covered is increased by a factor
of 3 and 4, implying a reduction in “agentsseconds” by 33% and 50% respectively.

Hence we can with reasonable con� dence conclude that cooperation between species take place both
when there is full overlap and partial overlap in user request pro� les. For � rm conclusions more tests are
required. However our simulation scenarios indicate that pheromonesharing may contribute in realizing a
fully distributed and scalable resource locationssystem.

5 Implementation Issues

Even if the formal foundations for our algorithm may seem complex, a limited effort is required for im-
plementing an ant-like agent. The agent behavior presented in Section 3 is simple, and the set of services
required for an agent to beable to visit a resources isvery limited.

The following areexamplesof technologieswhich may besuitable for implementing an ant-likeagent:

� A message containing only agent state. Agent code must be preinstalled or loaded on demand by
resourcesto bevisited, e.g. a Java class.

� Mobile agent technology, i.e. both code and state is encapsulated in an object which transmits itself
from host to host. This technology requires dedicated mobile agent platforms to be running in all
resourcesto bevisited.
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� Active packets, i.e. state and a limited amount of code is wrapped in an tagged IP packet. This
technology requiresresourcesto beactivenetwork enabled.

� Ericsson' sJavaFrame, which extendsJavaand providesmechanismsfor ef� cient encapsulation and
migration. JavaFramecan easily be extended to implement an mobileagent platform.

An ant-likeagent system may beoperativeeven if only alimited number of resourcearecapableof handling
agent visits. The number of resources seen by the agent, i.e. the search space

�

, would simple be the
capableresources. Independent upgradingof individual resourcesin anetwork should bepossible, and may
beperformed whenever a resource isconsidered relevant for thesearch space.

However a less straight forward part of putting the system into operation within a realistic setting are
the de� nition of loss functions (c.f. Section 2.3.2). Each class of resource require a customized loss func-
tion. To provide a smooth and ef� cient search space as possible, loss functions should be continuous and
preferably return values with a physical relation to the resource in question. Establishing a design process
for composing such function is futurework.

6 Summary

As the overall heterogeneity of user equipment and provided services in telecommunication environments
increase, the need for new management techniques are required. As more users take the role as service
providers, a peer-to-peer type of execution environment will continue to emerged. Locating speci� c re-
sourcesor sets of resources in a manner which captures requested levels of QoS has so far been addressed
only to a limited extent.

In thispaper weproposeaswarm based distributed multi-criteriaoptimization algorithm which iscapa-
bleof searching, in an ef� cient manner, for near optimal pathsof resources in a largeand complex network
environment. The algorithm inherits its formal foundations from Rubinstein's work on cross-entropy and
combinatorial optimization, and from extensionsof Rubinstein'swork introducedby Helvik and Wittner. In
thispaper anew pheromonesharing scheme is introduced to improvescalability. On thecontrary to earlier
version of thealgorithm, theproposed version letsagentssharetheknowledgestored in pheromonesacross
the network to a greater extent. Care is take not to invalidate the formal foundations, and to construct cost
function providing an ef� cient search space.

Results from aset of test scenariosindicatethat pheromonesharing lead to cooperation between agents.
Compared to a none-pheromone-sharing system, a lower total number of unique pheromonescan be used
without lossof performance. Indicationsexists that cooperation even lead to increased performance.

Thetest scenariosin thepaper only evaluate thealgorithm to a limited extend, thusfurther testing is re-
quired. Firstly, larger network environmentsmust beconstructed to enableabetter evaluation of scalability.
Secondly, scenarios testing search in dynamic networks where resources come and go should be imple-
mented. Injecting simulated user traf� c into the network is also relevant when examining the algorithms
adaptability.

Finally, taking the step from simulations to a real world implementation of the algorithm is on our list
of futureresearch activities.
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