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tThe Intelligent mobile agent paradigm 
an be applied to a wide variety of intrinsi
ally parallel anddistributed appli
ations. Network routing is one su
h appli
ation that 
an be mapped to an agent-basedapproa
h. The performan
e of any agent-based system will depend on its agent population. Althougha lot of resear
h has been 
ondu
ted on agent-based systems, little 
onsideration has been given tothe importan
e of agent population in dynami
 networks. A large number of 
onstituent agents 
anin
rease the resour
e overhead of the system, thereby impeding the overall performan
e of the network.Hen
e, it is imperative to �nd the optimal number of agents in the system that would maximize theeÆ
ien
y of the agent-based me
hanism in the network. This optimal value 
annot be determinedmanually, thereby emphasizing the need for an adaptive approa
h that manipulates the number ofagents in the system based on its resour
e availability. This paper dis
usses an agent-based approa
hto Distan
e Ve
tor Routing, referred as Agent-based Distan
e Ve
tor Routing and also des
ribes anadaptive approa
h 
ontrolling the number of agents in the network using pheromones and dis
ussestheir limitations. 1. INTRODUCTIONAgents, Software Agents, and Intelligent Mobile Agents are terms, whi
h des
ribe the 
on
ept of mobile
omputing or mobile 
ode. The mobile agent paradigm has attra
ted attention from many �elds of 
om-puter s
ien
e. The appeal of mobile agents is quite alluring - mobile agents roaming the network 
ouldsear
h for information, meet and intera
t with other agents that roam the network or remain bound to aparti
ular ma
hine. An agent manifests four distin
t 
hara
teristi
s, namely, Intelligen
e, Communi
ation,Autonomy, andMobility [Minar et al. 1998, Di Caro & Dorigo 1997℄. Intelligen
e is the ability of the agentto adapt itself and/or 
hange its environment based on the information available to it. Communi
ation isthe property of an agent whereby it 
oordinates with other agents residing on the same node in ex
hangingdata, making de
isions to merge itself [Mikler & Chokhani 2001℄, or planning its future strategies. Throughautonomy, the agent has the authority to 
ontrol its a
tions and strategies without the ne
essity of human
ontrol. Mobility is the property of the agents that make them 
ondu
ive for distributed network appli
a-tions. Mobile agents have the ability to migrate throughout the network, performing spe
i�
 tasks at ea
hnode rea
hing towards a global goal.The agent-based paradigm 
an be applied to many intrinsi
ally parallel network appli
ation. A largenumber of appli
ations in 
ommuni
ation networks have been identi�ed that 
an bene�t from an agent-based approa
h. Some examples on the system level in
lude load balan
ing, network management andnetwork routing [Di Caro & Dorigo 1997, Minar et al. 1999℄. In this paper we apply the agent paradigmto network routing. Most of the work in agent-based network routing is based on inse
t 
olonies. It relieson the prin
iples that individual inse
ts exhibit a simple behavior while 
olle
tive 
ommunities exhibit
omplex problem solving 
apabilities. For example, individual ants have limited abilities, however ant
olonies are 
apable of performing tasks that are remarkably 
omplex. Considerable resear
h has been
ondu
ted in mapping the foraging a
tivities of ants to routing and network management a
tivities ofmobile agents. Real ants are represented as arti�
ial agents that traverse the network 
olle
ting spe
i�
information from their environment and 
oordinate their a
tions through pheromones. On the basis of thisinformation the agents make several de
isions to adapt their behavior (Rea
tive Agents) and/or 
hangethe existing environment a�e
ting their future inputs (Proa
tive Agents).This paper fo
usses on a new implementation of Distan
e Ve
tor Routing Algorithm (DVR) usingan agent-based approa
h { Agent-based Distan
e Ve
tor Routing (ADVR). DVR is a simple, iterative,asyn
hronous and 
ompletely distributed routing algorithm [Bertsekas & Gallager 1987℄. Certain imple-mentations of DVR su
h as Routing Information Proto
ol (RIP) are used widely in many networks as



they 
an be easily 
on�gured and maintained. However, it has been shown that a large number ofupdate messages ex
hanged by adja
ent nodes in a network 
onstitute 
onsiderable resour
e overhead[Bertsekas & Gallager 1987℄. Redu
ing the resour
e overhead may allow for DVR-
lass algorithms to bedeployed in a wide range of networks (wireless, Ad-Ho
) whi
h require a simple, resour
e eÆ
ient routingproto
ol due to limited availability of resour
es (memory, bandwidth). The number of messages in ADVR,at a given instan
e, is bounded by the number of 
onstituent agents in the network. In ADVR, the ex-
hange of the metri
s and the pro
ess of route dis
overy moves from the nodes to the agents. Hen
e in thisapproa
h, the route dis
overy is manifested in the movement of agents 
arrying routing information fromone node to another rather than the propagation of individual update messages. The performan
e of anyagent-based system will depend on its agent population. Most of the agent-based implementations assumea �xed number of agents in the network. Certain systems 
reate agents at regular intervals and destroythem on
e the required task is a

omplished [Di Caro & Dorigo 1997℄. Although the latter approa
h pro-vides some degree of 
exibility it does not adapt to sudden 
hanges in the network topology. It is diÆ
ultto know, a priori, the optimal degree of 
on
urren
y or the number of agents in the system sin
e it dependson the network dynami
s and availability of resour
es. Hen
e, autonomous agent-based systems shouldbe 
apable of adapting to their environment and 
ontrolling the agent population as a fun
tion of theirworking environment.Se
tion 2 des
ribes the routing me
hanism used in ADVR. Se
tion 3 provides an overview of themigration strategy implemented by ADVR. Se
tion 4 emphasizes the need for a dynami
 agent populationin ADVR. The paper 
on
ludes with Se
tion 5 summarizing the paper and giving a brief overview ofongoing resear
h. 2. ADVRDistan
e Ve
tor Routing (DVR) algorithms ex
hange a metri
 that represents the distan
e from a nodeni to any destination nj . In most implementations of DVR, this information (metri
) is ex
hanged amongadja
ent nodes in the form of triggered updates, whi
h is initiated when there is a 
hange in the routingtable of one of the neighboring nodes. After re
eiving the update information from a neighboring node, anode ni updates its own routing table in the following manner [Hedri
k 1988, Bertsekas & Gallager 1987℄:D(i; j) = � 0 8 i = jmin[d(i; k) +D(k; j)℄ 8 otherwise (1)where D(i; j) represents the metri
 of the best route from node ni to node nj 
urrently known to ni. d(i; k)represents the 
ost of traversing the link from node ni to node nkWhile the message a
tivity in 
onventional DVR 
an es
alate to 
onsume signi�
ant amounts of networkresour
es, the number of messages in ADVR, at a given instan
e, is bounded by the number of 
onstituentagents in the network. In ADVR, the ex
hange of the metri
s and the pro
ess of route dis
overy moves fromthe nodes to the agents [Minar et al. 1999℄. Hen
e in this approa
h, the route dis
overy is manifested in themovement of agents 
arrying routing information from one node to another rather than the propagationof individual update messages. An agent 
an be formally des
ribed as: �(i; x; y; Rx; 
), where � is anAgent with ID i migrating from node nx to node ny, 
arrying the routing table Rx and using the migrationstrategy 
 to move among adja
ent nodes. Rx is a subset of rx, the routing table of nx.In ADVR, agents start at arbitrary nodes and migrate to adja
ent nodes using 
. Upon arriving at anode ny, an agent �(i; x; y; Rx; 
) updates the routing table Ry based on the following equation:D(y; j) = min(D(y; j); [d(y; x) +D(x; j)℄) 8 nj in Rx (2)where D(x; j) is an entry in Rx. While equation(2) is based on equation(1), it is performed less frequentlyin ADVR as 
ompared to DVR. After performing the update, the agent sele
ts Ry and migrates to anadja
ent node using migration strategy 
.At every node the agent has to make a de
ision regarding the routing table data it would 
arry to thenext node. This de
ision plays an important role in providing a resour
e eÆ
ient solution with ADVR.If the agent 
arries the entire routing table available at ea
h node, it would in
ur ex
essive overheadin transferring redundant data. On the other hand if the agent sele
ted a subset of total routing data
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(b) Average Routing Overhead until Convergen
eFigure 1: Analysis of Routing Overhead in DVR and ADVRavailable at the node, it would unne
essarily delay the propagation of important routing information.Hen
e, agents identify routing table entries that have been modi�ed, yet have not been transferred to aparti
ular neighbor. Asso
iated with every entry exi in routing table rx is a ve
tor Vxi of boolean 
ags forea
h of the neighbors nodes of nx. j Vxi j=j Hx j 8exi, i.e., the size of ea
h of the Vxi is equivalent to thesize of the neighborhood of a node nx, Hx. Upon sele
ting a neighbor ny of the 
urrent node nx, an agent�(i; x; y; Rx; 
) will 
arry only those entries exi in Rx for whi
h Vxi[y℄ == 1. The agent 
opies ea
h entryexi that is to be transferred to neighbor node ny to its data segment, and sets the 
orresponding boolean
ag Vxi[y℄ == 0. At startup, all the 
ags are set, i.e., Vxi := 1 8exi.It was observed that DVR is 
hara
terized with parallelism due to the broad
ast storm in
urred by itmaking it highly rea
tive to small 
hanges. On the other hand, ADVR is restri
ted in its parallelism bythe number of agents in the network whi
h 
ontrols the outburst of routing pa
kets. Figure 1(a) displaysthe aggressive messaging of DVR manifested in its path-
ost 
onvergen
e. It 
an be seen although, asmall agent population 
annot 
ompete with the 
onvergen
e of ADVR, a substantial number of agents
an outperform DVR in terms of 
onvergen
e. Intuitively, an arbitrarily large agent population would
onverge signi�
antly faster, and hen
e, would be desirable. Nevertheless, a larger agent population has asigni�
antly larger average message overhead (see Figure 1(b)). A large average overhead implies that asubstantial number of agents traverse the network 
on
urrently, thereby, imposing resour
e requirementson the network. For s
alable systems, the average overhead should be as low as possible. Therefore it isapparent that signi�
antly large agent populations, resulting in high average overhead and therefore hamperthe s
alability of ADVR. On the other hand, a very small agent population will hinder the performan
e ofADVR, in terms of 
onvergen
e times and route dis
overy in dynami
 networks.3. AGENT MIGRATION STRATEGYIt has been shown in the previous se
tion that, in ADVR, agents migrate among nodes, thereby establishingroutes for every pair of nodes in the network in a distributed way. Hen
e, the eÆ
ien
y of ADVR, in termsof the route dis
overy, is 
hara
terized by the migration strategy of the agents. It is important that theagents migrate intelligently, sin
e an imprudent strategy 
an severely a�e
t the performan
e of ADVR. Itis imperative that an agent-based system 
arefully 
hooses its migration strategy as there is no 
onsensuson a single global optimal strategy. A method suitable for one system 
an produ
e unwanted side e�e
tsfor other systems.A Random Walk is a naive agent migration strategy whereby an agent residing at a node nx randomlysele
ts any one of the neighbors of nx [Amin et al. 2001, Minar et al. 1998℄. Although this method is simpleto implement, it fails to exploit the intelligen
e of mobile agents. Another method implemented by systems
ould be a Least Re
ently Used (LRU) on nodes whereby agents perform a depth-�rst-sear
h of the network



based on network information 
arried by them, su
h as agent migration history [Minar et al. 1998℄. Systemsimplementing LRU 
ould bene�t from population of agents ex
hanging their information. Multiple agentson the same node ex
hange their data and make migration de
isions based on the overall data. However,it was observed that by ex
hanging their data, all the agents on that node 
ontain the same data therebymaking similar de
isions. This results in 
lustering of agents in spe
i�
 parts of the network. Motivatedby the su

ess of inse
t 
olonies, 
ertain systems use a population of naive, autonomous agents performing
omplex tasks using Stigmergy [Di Caro & Dorigo 1997, White 1997℄. Stigmergy is the me
hanism fornaive individuals to 
ommuni
ate with ea
h other by 
hanges in the environment. Most of the migrationstrategies based on inse
t 
olonies are mapped to the foraging a
tivities of ants. Although this strategy hasshown impressive results in 
ertain appli
ations, it tends to favor migration patterns. Hen
e, it may not bea feasible solution for systems that require agents to explore the entire network with equal probabilities.For ADVR we have 
ombined the strengths of both the approa
hes, the stigmergeti
 feature of the inse
t
olonies and the exploratory feature of the depth-�rst-sear
h. That is, with very little knowledge of thenetwork, the agents 
ommuni
ate with ea
h other via the environment and perform the depth-�rst-sear
h onthe network as a 
ommunity. The agents do not 
arry any network information; they simply indi
ate theirpresen
e using pheromone trails. A pheromone is a volatile 
hemi
al released by inse
ts in the environmentindi
ating their presen
e. Ants use pheromone trails to follow the path of the su

essor ant. Whilethe ant pheromones are used to attra
t other members of the 
ommunity [S
hoonderwoerd et al. 1997,Di Caro & Dorigo 1997, White 1997℄, in our approa
h, pheromones repel other agents. An agent traversinga link xy from node nx to ny deposits a pheromone on xy. Another agent migrating from nx will 
hose alink with the weakest pheromone value thereby migrating to a least re
ently visited region of the network.This paper refers to this 
lass of pheromones, that assist in agent migration strategy as Link Pheromones.It 
an be observed that su
h an approa
h exploits the stigmergeti
 behavior of inse
t 
olonies and avoidsthe 
lustering of agents in spe
i�
 regions of the network. By 
hanging and retrieving information from theenvironment as opposed to 
arrying the network information [Minar et al. 1998℄, agent in ADVR imposeminimal resour
e requirements. 4. DYNAMIC AGENT POPULATIONMost appli
ations implementing an agent-based approa
h assume a stati
 agent population and ana-lyze their results. Some systems implementing inse
t 
olonies are oblivious to their environment, 
re-ating/deleting agents periodi
ally. A large population of agents would in
rease the parallelism of thesystem, thereby 
onverging faster [Amin et al. 2001℄. However, it is extremely important to analyze theagent overhead in terms of bandwidth 
onsumption and 
omputational 
y
les. It is imperative to under-stand that in
reasing the agent population will in
rease resour
e demands in the network whi
h wouldindire
tly a�e
t the network performan
e. Hen
e, as explained in Se
tion 2, it is essential to 
ontrol theagent population in order to minimize the average routing overhead of ADVR without impeding the itspath-
ost 
onvergen
e. However, the unpredi
table behavior of dynami
 networks make it very diÆ
ult toestimate a priori, an appropriate number of agents in the network. Thus, it is 
riti
al that an adaptivesystem dynami
ally alters the agent population in response to its resour
e availability.Changing the agent population dynami
ally in response to its environment is a non-trivial issue in theabsen
e of a 
entral 
ontroller. Individual agents la
king a bird's eye view of the system are unable tomake global assessments regarding the environment. Therefore, it requires a high degree of 
oordinationamong agents to analyze the global environment from lo
al information. To fa
ilitate su
h a 
oordination,this paper exploits the stigmergeti
 properties of agents. Mobile agents with minimum 
ognitive 
apabil-ities 
ommuni
ate with ea
h other using pheromones, establishing an infrastru
ture that assists them inassessing their environment. Pheromones that aid the agents in population 
ontrol are referred to as NodePheromones to distinguish them from Edge Pheromones.The strength or intensity of Node Pheromones 
an be expressed by the equation e��(�t), where � rep-resents the degree of volatility of the pheromone and �t is the time sin
e the deposition of the pheromone.Using this equation the agents 
an extra
t the value of the Node Pheromone at a given time and analyzethe frequen
y of inter-agent arrival at that node. An agent visiting a node nx at time t2 extra
ts the valueof the Node Pheromone that was deposited at time t1 using the equation e��(t2�t1). If this value is abovea 
ertain Termination Threshold (	) and the agent did not produ
e any routing update on nx, the agent
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(b) Degree of Volatility � = 0:5Figure 2: Dynami
 Control of Agent Populationkills itself. However if the Node Pheromone value redu
es below a Cloning Threshold (
), the agent 
lonesitself. Before leaving nx, the agent deposits additional Node Pheromone at time t2. This approa
h 
ontrolsthe agent population based on the inter-agent arrival time expressed as a fun
tion of the Node Pheromone.If the inter-agent arrival time is small (e��(�t) > 	) and the agent produ
ed no updates in the existingrouting table entries, it implies an ex
essive number of agents in the system. On the other hand, if theinter-agent arrival time is large (e��(�t) < 
), it implies there are a sub-optimal number of agents in thesystem. However if 
 � e��(�t) � 	, the agent neither 
lones nor kills. Killing requires the agent todestroy its instan
e along with its data segments. Cloning requires the agent to 
reate another instan
e ofitself with same attributes and privileges.Figure 2(a) shows the 
onvergen
e of the agent population in a 40 node network with average degreeof 7. The results assume the 	 = 0:8, 
 = 0:3, and � = 1. It was observed that irrespe
tive of the initialpopulation, the system 
onverges to a fairly 
onstant number of agents in the system (approximately 20).Networks initialized with a small number of agents es
alate the agent population to a 
ertain value therebyimproving the network performan
e. However, the es
alation of agent population o

urs at every node
ooding the network with ex
essive agents. Nevertheless, the system realizes the overhead of large numberof agents and adjusts itself to dynami
ally redu
e the population. On the other hand, networks initializedwith a large number of agents realize the per-agent overhead and 
ontinuously redu
e the population untilit rea
hes a somewhat 
onstant number.Figure 2(b) displays the varian
e in agent population with Node Pheromones having redu
ed degree ofvolatility (�). A redu
ed degree of volatility denote more stable pheromones. Hen
e their strength de
ayat lower rates redu
ing the frequen
y of 
loning fun
tions and in
reasing the frequen
y of killing fun
tions.Low values of � signi�
antly redu
e the initial burst of agents in systems initialized with small agentpopulation. Although less volatile pheromones help to redu
e the initial agent overhead, it also redu
esthe sensitivity of the system. ADVR implementing a dynami
 agent population may start with a singleagent or an arbitrary number of agents. Nevertheless, the agents 
oordinate themselves and 
onverge to aparti
ular range of population. Although this range may not represent the ideal number of agents requiredfor the system to 
onverge, it represents an optimal population based on the availability of resour
es. Thisrange however depends on the values of 	, 
, and �. An adaptive system should adjust these valuesdynami
ally based on its resour
e availability. Dynami
ally adjusting these thresholds in a distributedfashion as a fun
tion of network topology, 
ongestion level, et
. is a non-trivial problem and is beyond thes
ope of this paper.



5. SUMMARYIn this paper, we have des
ribed a distan
e ve
tor routing s
heme that is based on the mobile agentparadigm { Agent-based Distan
e Ve
tor Routing (ADVR). ADVR redu
es the parallelism in the networkby 
ontrolling the number of 
onstituent agents in the network. It was shown that ADVR exploits thestigmergeti
 features of inse
t 
olonies in its migration strategy. A large number of agents would ideallyimprove the performan
e of ADVR. However, an ex
essive number of agents impede the performan
e ofother appli
ations due to per-agent overhead. Therefore an optimal number of agents are required inthe network that would improve the performan
e of ADVR without a�e
ting the performan
e of otherappli
ations in the network. Nevertheless, network 
hara
teristi
s 
hange over time, 
ontinuously varyingthe optimal population. Hen
e, the optimal number of agents 
annot be determined manually. This paperdes
ribes an adaptive approa
h whereby agents retrieve lo
al information from their environment and makede
isions to either kill or 
lone themselves. The lo
al information retrieved is in the form of pheromonesdeposited by other agents. It was shown that using the adaptive approa
h, a network initialized withan arbitrary number of agents would 
onverge to a range of value 
omprising the optimal population ofagents. It was further shown that this range was dependent on the Termination Threshold (	), the CloningThreshold (
), and the Degree of Volatility (�). Ongoing resear
h is fo
using on over
oming the limitationsof our 
urrent experiments. A 
ompletely adaptive system would manipulate the values of 	, 
, and �dynami
ally based on the resour
e availability. Current resear
h is fo
using on analyti
 fun
tions thatwould manipulate these values dynami
ally and map them to the number of optimal agents in the system.Referen
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