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tMobile multi agent systems 
an be seen as a basis for global peerto peer 
omputing. Nevertheless su
h an open environment makes itdi�
ult to write agents whi
h 
an interfa
e with other agents be
auseit is an ex
ellent area for interfa
e 
on�i
ts. Con�i
ting interfa
es 
anbe remedied by using adaptors. It is possible to automati
ally gen-erate those glue-adaptors by means of geneti
ally engineered 
lassi�ersystems, whi
h use Petri-nets as a model for the underlying interfa
es.This paper reports on an experiment that illustrates this approa
h.1 Introdu
tionMobile multi agent systems [CDGM℄ are a good basis for global peer to peer
omputing. In su
h a world, agents 
ommuni
ate with ea
h other to rea
hspe
i�
 goals. Appli
ations are de�ned by the intera
tions of multiple agentswhi
h usually are written by di�erent developers and di�erent organisations.Over time, this results in interfa
e 
on�i
ts, whi
h makes it di�
ult to 
reateappli
ations whi
h keeps working without a lot of reintegration.In 
omparison to standard desktop software this is nothing new, only,when working with agents, the s
ale of the problem di�ers. In standardsoftware development we deploy a 
ertain appli
ation using a number of
omponents and whenever new 
omponents 
ome up, we reintegrate ourappli
ation and release a new version. With software agents this is not1



possible be
ause 1) we don't ne
essarily know with whi
h agents our agentswill 
ommuni
ate when exe
uting on the net and 2) agent implementations
an 
hange over time without prior noti�
ation, thereby altering the o�eredAPI in a synta
ti
 or semanti
 way. Whenever this happens, agents usingthis 'altered' API, will not work anymore. This will typi
ally result in a
as
aded appli
ation breakdown.As long as we don't solve the problem of interfa
e di�erentiation in someautomati
 fashion, mobile multi agent systems, with their very dynami
nature, may just be too impra
ti
al for programmers to use.Geneti
 algorithms 
an provides us with a mean to automati
ally 
reateprogram 
ode for those adaptors and solve a number of interfa
e 
on�i
tsautomati
ally.This paper reports on an experiment we performed to 
reate automati
interfa
e adaptors between agents. First we will explain what view we use onmobile multi agent systems, next we explain what kind of (typi
al) interfa
e
on�i
t we use in our experiment. Then we explain what a typi
al geneti
algorithm looks like, whi
h leads us to se
tion 5 where we dis
uss the usedmodel. Se
tion 6, 7 then shows how this works on our previously introdu
ed
ase.2 Mobile Multi Agent SystemsRegarding the terminology mobile multi agent system there is some 
onfu-sion. A multi agent system in AI [CDGM℄ denotes a software system thatsimulates the behaviour of large groups of intera
ting agents (
alled multiagents), without fo
using on the distribution aspe
t of these systems. In theworld of distributed 
omputing, a mobile multi agent system is a distributedenvironment in whi
h multi agents 
an exe
ute [BFDV01℄. We adopt these
ond de�nition. A mobile multi agent is an a
tive autonomous software
omponent that is able to 
ommuni
ate with other agents; the term mobilerefers to the fa
t that an agent 
an migrate to other agent systems, thereby
arrying its program 
ode and data along with itself.A requirement for automati
 adaptor generation is that we should be ableto pla
e at runtime adaptors between two agents in a 
ompletely transparentway. This 
an only be done if a number of requirements are met:1. Impli
it Addressing: No agent 
an use an expli
it address of an-other agent. This means no IP-number, DNS-name or alike 
an beused by agents. So we need to work in a 
onne
tion oriented way.



The 
onne
tions are set up solely by one agent: the 
onne
tion bro-ker. The 
onne
tion broker will also pla
e adaptors where ne
essary.Jini[Edw99℄ 
an be seen as a good example of this approa
h.2. Dis
iplined Communi
ation: No agent 
an 
ommuni
ate with otheragents by other means than the ports. An agent should not open aso
ket himself, or use �les on disk to 
ommuni
ate with other agents.All 
ommuni
ation should pass through the ports.3. No Shared Memory: All messages passed over a 
onne
tion shouldbe 
opied. Messages 
annot be shared by agents (even if they are onthe same host), be
ause this would result in 
on
urren
y problems.So, our mobile multi agents 
an be 
ompared to pro
esses [Mil99℄. Agents
an 
ommuni
ate with ea
h other only by sending messages over a 
ommuni-
ation 
hannel [BU00℄. An agent 
an have multiple 
ommuni
ation 
hannels:one for every 
ommuni
ation partner, or more than one for every interfa
eon a 
ommuni
ation partner. Communi
ation 
hannels are o�ered by meansof ports on the agent. In our system, agents 
ommuni
ate asyn
hronouslyand always 
opy their messages 
ompletely upon sending. This, be
ausesyn
hronous 
ommuni
ation 
an be easily expressed with asyn
hronous 
on-stru
ts, while the opposite is di�
ult.
out lock(<x,y>)
in lock_true()
in lock_false()
out unlock(<x,y>)

in unlock_done(<x,y>)

out act()
in act_done()

concurrency port

in lock(<x,y>)
out lock_true()
out lock_false()
in unlock(<x,y>)

out unlock_done(<x,y>)

in act()
out act_done()

behaviour port

Client Agent Server Agent

in lock(<x,y>)
out lock_true()
out lock_false()
in unlock(<x,y>)
out unlock_done(<x,y>)

out lock(<x,y>)
in lock_true()
in lock_false()

out unlock(<x,y>)
in unlock_done(<x,y>)

T

Figure 1: Client and server agent, both honouring the same interfa
e, wherebythe 
lient agent sends out lo
k requests and the server agent 
an a

ept in
ominglo
k requests. Agents intera
t with ea
h other over ports. This enables us to easilypla
e adaptors in between them. (e.g., Adaptor T)The 
onne
tions between agents are full duplex. This means that everyagent 
an send and re
eive messages over a port. This brings us in a situation



where a 
ertain interfa
e is required from another agent and where an agent
an provide a 
ertain interfa
e (see �gure 1).The above view on agents with the given requirements are no restraint.In fa
t, most mobile multi agent systems use these requirements be
ausethey are inherent distributed systems and typi
ally distributed systems arebound by su
h a 
onstraints.3 The CaseThe 
ase we will use in our experiment is a typi
al problem of open dis-tributed systems: how agents syn
hronise with ea
h other. In 
losed dis-tributed systems this is not really a problem. A server provides a 
on
ur-ren
y interfa
e (typi
ally a transa
tion interfa
e) [Lea00℄ whi
h 
an be usedby 
lients. The 
lients have to adhere to this spe
i�
ation or they won'twork. Sin
e the server 
on
urren
y API doesn't 
hange that mu
h this is ausable setup.In peer to peer 
omputing, every agent has to o�er a 
on
urren
y inter-fa
e, and has to use the 
on
urren
y interfa
es provided by other agents. Towhi
h extent an agent provides a 
on
urren
y interfa
e is often a problem.It 
an provide a full-�edged optimal transa
tion interfa
e or it 
an provide asimple lo
k/unlo
k interfa
e. How two interfa
es of a di�erent kind interfa
ewith ea
h other gives rise to problems.In our example we use a simple lo
k/unlo
k interfa
e of the server whi
ha 
lient 
an typi
ally use to lo
k a resour
e and then use it. This API is asfollows:port 
on
urren
yin
oming lo
k(resour
e)outgoing lo
k_true(resour
e)outgoing lo
k_false(resour
e)// lo
k_true or lo
k_false are sent ba
k whenever a lo
k// request 
omes in: lo
k_true when the resour
e is lo
ked,// lo
k_false when the resour
e 
ouldn't be lo
ked.in
oming unlo
k(resour
e)outgoing unlo
k_done(resour
e)// will unlo
k the resour
e. Send unlo
k_done ba
k when done.In our 
ase, the server agent also o�ers some behaviour on another port.This behaviour is as simple as possible.port behaviourin
oming a
t(resour
e)



outgoing a
t_done(resour
e)// will do some a
tion on the agent.Even with this simple de�nition of a 
on
urren
y interfa
e, the semanti
s
an be implemented in di�erent ways. We will use two kinds of 
on
urren
yimplementations:Counting Semaphores In our �rst version, somebody 
an lo
k a resour
emultiple times. Every time the resour
e is lo
ked the lo
k 
ounter is in-
reased. If the resour
e is unlo
ked the lo
k 
ounter is de
reased. Theresour
e is �nally unlo
ked when this 
ounter rea
hes zero. These semanti
sallows us to use routines whi
h autonomously lo
k resour
es.Binary Semaphores The se
ond version of our lo
king semanti
s, doesn'to�er a 
ounter. It simply remembers who has lo
ked a resour
e and doesn'tallow a se
ond lo
k. When unlo
ked, the resour
e is fully unlo
ked.Di�eren
es in how the API 
onsiders lo
k and unlo
k 
an give rise tointerfa
e 
on�i
ts. In �gure 2 the 
lient agent expe
ts a 
ounting semaphorefrom the server agent. The server agent o�ers binary semaphore. The 
lient
an lo
k a resour
e twi
e and expe
ts that the resour
e 
an be unlo
kedtwi
e. In pra
ti
e the server just has marked the resour
e as lo
ked. If the
lient now unlo
ks the resour
e, the resour
e will be unlo
ked. A
ting uponthe server now is impossible, while the 
lient expe
ts it to be possible.
Lock

Unlock

Unlock_done

Lock

Client State Server State

UnlockedLockcount = 0

Lockcount = 1

Lockcount = 2

Lock_true

Lock_true

Act

Lockcount = 1

Locked

Locked

UnlockedFigure 2: An interfa
e 
on�i
t when the 
lient agent expe
ts a 
ounting semaphorefrom the server agent and the server agent only o�ers a binary semaphore.



In the remaining of the paper we will try to generate an adaptor agentbetween both lo
king strategies automati
ally. This will be a
hieved bymeans of geneti
 algorithms, whi
h are introdu
ed in the next se
tion.4 Geneti
 AlgorithmsA geneti
 algorithm[Koz92℄ is an algorithm whi
h tries to solve a problem bytrying out a number of possible solutions. Every solution is measured withrespe
t to the problem at hand. From the best solutions, new solutions are
reated. This pro
ess is repeated until a suitable solution is found. The solu-tions to a problem are 
alled 
hromosomes or individuals. Every individualhas a number of parameters whi
h 
an be modi�ed. This are the genes. Ageneration is a set of individuals whi
h all try to solve the same problem(s).How well an individual performs is 
alled the �tness of the individual.When a generation is measured we keep (reprodu
e) 10% of the bestindividuals. We throw away 10% of the worst individuals (not �t enough)and add 
ross-overs from the 10% best group. A 
ross-over is a randomsele
tion of genes from ea
h individual. The other 80% are simply mutated,whi
h means that the genes of ea
h individual are simply 
hanged at random.The standard question before implementing any geneti
 algorithm are1. What are the individuals ? What are the genes of the individuals (ie,the parameters that 
an 
hange for every individual) ?2. How do we represent the individuals ?3. How do we measure the �tness of an individual ?4. How do we initially 
reate individuals ? How do we mutate them andhow do we 
reate a 
ross over of two individuals ?In our 
ase the individuals are the adaptor agents that we will pla
e between
ommuni
ating agents. Representing the programs we pla
e in su
h an adap-tor agent 
an be done in a number of di�erent ways: we 
an use S
heme,Java or other human-used languages as a representation. The problem withthese is that they are very verbose and the valid program spa
e is very small.Therefore we 
hoose another (well known) format for our programs: 
lassi�ersystems. These will be explained in se
tion 6.A problem of geneti
 algorithms, and learning systems in general, isthat they 
annot learn what they do not see. How 
an we make sure thatour adaptors/individuals have enough input from the environment to make
orre
t de
isions ? This will be dis
ussed in the next se
tion.



5 Petri-netsHow 
an we make sure that our 
on
urren
y adaptors have enough inputfrom the environment ? Our 
on
urren
y adaptors should at least know1. whi
h state the 
lient agent expe
ts the server to be in. (or the proje
ted
lient-state).2. in whi
h state the server agent is.If we don't know that the 
lient thinks that it still has a lo
k, and we don'tknow the state of the server: unlo
ked (see �gure 2), no learned algorithm
an make a 
orre
t de
ision.Representing the state and state-transitions of an agent will be doneby means of Petri-nets [Rei00℄. Petri-nets o�er a model in whi
h we 
anhave multiple a
tors whi
h ea
h go from state to state by means of statetransitions. Both 
on
epts, the states as well as the state transitions, aremodelled.
(!) <x,y>
UnLocked

(*) Lock(<x,y>)

(**) <x,y>
Lock_True()

(**) <x,y>
Lock_False()

<x,y>
Locked

<x,y>
Locking

(*) UnLock(<x,y>)
(**) <x,y>

UnLock_Done()<x,y>
UnLocking

(*) Act(<x,y>,*color*)

(**) Act_Done(<x,y>)
<x,y>
ActingFigure 3: Binary semaphore lo
king strategy, des
ribed in a Petri-net. The red boxes(marked with '*') are the messages whi
h either 
omes in are goes out. The blue ones(marked with '**') are exa
tly the opposite.



For example, in �gure 3 one sees how a binary semaphore lo
king strategyis modelled. States are shown as 
ir
les, while transitions are shown as boxes.The 
urrent state unlo
ked is 
oloured in yellow (marked with a ' !'). Fromthis state the agent requiring this interfa
e, 
an 
hoose only one a
tion:lo
k. When it 
hooses this a
tion, it is in the lo
king state until lo
k_true orlo
k_false 
omes ba
k. Note that we 
an also use this Petri-net to model thebehaviour of an agent whi
h provides this interfa
e. It is perfe
tly possibleto o�er an interfa
e whi
h adheres to this spe
i�
ation, in whi
h 
ase, thein
oming lo
k is initiated from the 
lient, and lo
k_true or lo
k_false is sentba
k to the 
lient when making the transition.
(!) <x,y>
?lockcount

(*) ?lockcount > 0
UnLock(<x,y>)

(**) <x,y>
UnLock_Done()

<x,y>
?lockcount
unlocking

(*) ?lockcount > 0
Act(<x,y>,*color*)

(**) <x,y>
Act_Done(<x,y> Result: void)

<x,y>
Acting

?lockcount = ?lockcount - 1

(*) ?lockcount
Lock(<x,y>)

(**) ?lockcount
<x,y>

Lock_False()

<x,y>
?lockcount
locking

?lockcount = ?lockcount + 1

(**) <x,y>
Lock_True()

Figure 4: Counting semaphore lo
king Strategy des
ribed as a Petri-net.Figure 4 represents the 
ounting semaphore lo
king strategy. One seeshow a transition 
an only be made when a 
ertain 
ondition holds true: anagent 
an only unlo
k when it has a lo
k 
ount whi
h is larger than 0. Theagent state holds this extra �eld: ?lo
k
ount.In the next se
tion we will dis
uss the representation we will use for ouradaptors (the individuals in the geneti
 algorithm). To be able to make 
or-re
t de
isions this representation needs enough input from its environment.In our experiment we use the petri-net states as input for our adaptors.



6 Classi�er SystemsAdaptors should ease the semanti
 di�eren
es between two agents. Sin
e wewant to learn this we need to spe
ify our programs in some kind of way. We
hoose to use 
lassi�er systems for this be
ause they are simple, 
ontains amemory and are Turing 
omplete.A 
lassi�er system [Pol96℄ is a system whi
h has an input interfa
e, a
lassi�er list and an output interfa
e. The input and output interfa
e putand get messages to and from the 
lassi�er list. The 
lassi�er list takes amessage list as input and produ
es a new message list as output. Everymessage in the message list is a set of bits (0 or 1) whi
h are mat
hedagainst a set of 
lassi�ers. A 
lassi�er rule (
lassi�er for short), 
ontains anumber of (possible negated) 
onditions and an a
tion. We will work withfour 
onditions.Conditions and a
tions are both ternary strings whi
h 
an 
ontain 0, 1or #. A '#'-
hara
ter is a pass-through whi
h, in a 
ondition, means 'either0 or 1 mat
hes'. If found in an a
tion, we simply repla
e that 
hara
ter withthe 
hara
ter from the original message (see �gure 5).Message Condition A
tion Mat
hes Result001 00# 101 111 yes 111101 00# 1## 000 no /110 1## ~00# ### no /100 1## 1## 1#0 yes 100Figure 5: Illustration of how a
tions produ
e a result when the 
ondition mat
hes.~ is negation of the next 
ondition. In this illustrative example only two 
onditionsare used.Su
h a 
lassi�er system will need to reason about the a
tions to be per-formed based on the available input. The input of a 
lassi�er system 
onsistsof a full des
ription of the 
lient state, a full des
ription of the server stateand possible the requested a
tions from either the 
lient agent or the serveragent. Every message needs a suitable representationWe model the agent states as 
lassi�er messages. The representation willnot 
ontain the Petri net states, but instead, the Petri net transitions thatare possible, be
ause in essen
e they represent the same. If we spe
ify whata Petri net 
an do in a 
ertain state, then we also now in whi
h state it is.Hen
e, as for the information they are the same. The reason why we 
hoosethis representation lies in the possible optimalisations: we immediatelly know



what kind of a
tions are possible; something we would have to learn ourselveif we would only use the a
tual state.The agent a
tions are represented in the same way.Our 
lassi�er system requires 4 
onditions. The �rst 
ondition must bean in
oming a
tion to mat
h, the se
ond 
ondition must mat
h a 
lient staterepresentation, the third 
ondition must mat
h a server state representationand the last 
ondition is a freeform 
ondition, whi
h 
an be used by the
lassi�ersystem to 
he
k its own working memory.With these semanti
s for the messages, simply translating a request fromthe 
lient to the server requires 1 rule. Another rule is need to translaterequests from the server to the 
lient (see �gure 6).Condition A1 Rule des
ription100 ### ... 111 ### ... Every in
oming a
tion from the 
lient (100)is translated into an outgoing a
tion on the server(111)101 ### ... 110 ### ... Every in
oming a
tion from the server (101)is translated into an outgoing a
tion to the 
lient (110)Figure 6: Blind translation between 
lient and server agents.Although this is a simple example, more di�
ult a
tions 
an be repre-sented. Suppose we are in a situation where the 
lient uses a nested-lo
kingstrategy and the server uses a non-nested lo
king strategy. In su
h a situ-ation we don't want to send out the lo
k-request to the server if there is alo
k 
ount that is larger than zero. Figure 7 shows how we 
an representsu
h a behaviour.Condition1 Condition2 A
tion Rule des
ription100 001 001 000 110 010 If the 
lient wants to lo
k and has a lo
k000 000 000 001 000 000 we send ba
k a lo
k true100 001 001 000 ### ### If the 
lient wants to lo
k and has no lo
k000 000 000 000 ### ### we immediatelly send the message through.Figure 7: Translating a 
lient agent lo
k request to a server agent lo
k a
tionwhen ne
essary.7 Adaptor GenerationAs seen in se
tion 4 a geneti
 algorithm requires individuals to test. Wede�ned our individuals as 
lassi�er systems. They form the 
hromosomes of



the geneti
 algorithm while the 
lassi�er 
onditions and a
tions are the genes.This method of using full 
lassi�er systems is also known as the Pittsburghapproa
h [Smi80℄.Individuals are initially empty. Every time a 
ertain situation arises andthere is no mat
hing gene we will add a new gene. This gene, whi
h is a
lassi�er rule has a mat
hing 
ondition with a random a
tion on the serverand/or the 
lient from the list of possible a
tions. This guarantees that wedon't start with 
ompletely useless rules whi
h 
over situations whi
h willnever exist and allows us to generate smaller genes whi
h 
an be 
he
kedfaster.Mutating individuals is done by randomly adapting a number of genes.A gene is adapted by sele
ting a new random a
tion.To 
reate a 
ross-over of individuals we iterate over both 
lassi�er listsand ea
h time randomly sele
t a rule that will be stored in the resulting
hromosome.Fitness is measured by means of a number of test sets (whi
h will bedis
ussed in the next se
tion). Every test set illustrates a typi
al behaviour(s
enario) the 
lient will request from the server. The �tness of an individ-ual is determined by how far the s
enario 
an exe
ute without unexpe
tedbehaviour. Of 
ourse this is not enough, we should not have solutions that
ompletely avoid the server. For example, return lo
k_true every time arequest 
omes in from the 
lient, without even 
onta
ting the server. Toavoid this kind of behaviour from our algorithm the test set needs a 
overt
hannel over whi
h it 
an 
onta
t the server to verify its a
tions.8 The Experiment8.1 SetupThe experiment is set up as a 
onne
tion broker between two agents. The�rst agent tries to make 
onta
t with the server by means of the broker.Before the broker sets up the 
onne
tion it will generate an adaptor betweenthe two parties to mediate slight semanti
 di�eren
es. It does this by re-questing a test-agent from both parties. The 
lient will produ
e a test-
lientand a test-s
enario. The server will produ
e a test-server. In 
omparisonwith the original agent, these testing agents have an extra testing port, overwhi
h we 
an reset them. Furthermore, this testing port is also used as the
overt 
hannel for validating a
tions at the server.The geneti
 algorithm, using a gene pool of 100 agents, will now usethe test-agents to measure the �tness of a parti
ular 
lassi�er system. Only



when a perfe
t solution is rea
hed; i.e., a 
orre
t adaptor has been found,the 
onne
tion is set up.8.2 S
enariosThe s
enarios o�ered by the 
lient are the ones that will determine what kindof 
lassi�er system is generated. We have tried this with three s
enarios.S
enario 1 is a sequen
e: [lo
k(), a
t(), unlo
k()℄ x 3. (See �gure 8)S
enario 2 is basi
ally the same: [lo
k(), a
t(), a
t(), unlo
k()℄ x 3.The reason why we added su
h a se
ond look-alike s
enario will be
ome 
learin our observations. The third s
enario is the 
ase we explained earlier inthe paper (see �gure 2).
Lock

Client Scenario 1

Act_done

Unlock_done

Unlock

Lock_true

Act3 times

Lock

Client Scenario 2

Act_done

Unlock_done

Unlock

Lock_true

Act3 times

Act_done

Act

Client Scenario 3

Lock

Lock_true

Act_done

Act

Lock_true

Lock

Unlock_done

Unlock

Figure 8: The three test s
enarios we used to measure the �tness of an adaptor.The dashed verti
al lines are waits for a spe
i�
 message (e.g., Lo
k_true).8.3 ObservationsWithout the 
overt 
hannel If we don't use the 
overt 
hannel to 
he
kthe a
tions at the server side, the geneti
 algorithm often 
reates a 
lassi�erwhi
h doesn't even 
ommuni
ate with the server. In su
h a situation the
lassi�er would immediately respond lo
k_true whenever the 
lient requestsa lo
k.With 
overt 
hannel, only s
enario 1. If we use the 
overt 
hannelto measure the �tness more a

urately, we see that a perfe
t solution is
reated within approximately 11 generations. In this 
ase the �tness of ea
hindividual was measured by s
enario 1 and s
enario 3. See �gure 9.
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Figure 9: Fitness of the individuals in ea
h generation. Horizontally we �nd 100individuals. Verti
ally we �nd the �tness of the individuals (after sorting). Everyline represents a generation: the higher the line, the younger the generation.Anti
ipation of what will happen One of the learned 
lassi�ers de-veloped a strange behaviour. Its �tness was 100%, but it worked asyn-
hronously, as illustrated in �gure 10. At the moment an a
t request arrivedfrom the 
lient it sent this message to the server, whi
h would respond witha
t_done. In response to this a
t_done the adaptor would automati
allysend ba
k an unlo
k operation to the server. The server would respond withunlo
k_done, to whi
h the 
lassi�er would send an a
t_done to the 
lient.The 
lient in its turn now send a lo
k_request whi
h immediately results inan unlo
k_done from the 
lassi�er.
Lock

Unlock

Unlock_done

Act

Client Adaptor

Act_done
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Figure 10: How an adaptor anti
ipates the next request from the 
lient andafterwards returns the already available 
orre
t response.This example shows how su
h a learned algorithm 
an anti
ipate futurebehaviour.



Too mu
h anti
ipation of what will happen A problem we en
oun-tered was the fa
t that sometimes, the adaptor anti
ipates too mu
h andafter the �rst a
t, keeps on a
ting. We solved this problem by assigning a�tness of zero to su
h solutions.Fitness measured with all s
enarios If we measure the �tness with allthree s
enarios, we avoid a lot of the unwanted anti
ipated behaviour, whileretaining the wanted anti
ipated behaviour. After maximum 10 generationswe found a perfe
t solution.From this experiment we 
an see the strengths of this approa
h:� We spe
ify programs by means of a test set. This resembles the be-haviour of a standard software developer. At the moment a 
ertainunwanted behaviour (a bug) pops up, het starts debugging. With thisapproa
h the debugging is done automati
ally.� Automati
ally generated adaptors 
an be better than hand 
raftedadapters sin
e they 
an anti
ipate behaviour.9 Con
lusion & Future WorkIn this paper we reported on an experiment to show how we 
an 
reateintelligent interfa
es to make mobile multi agents 
ommuni
ate.Our approa
h lets a geneti
 algorithm learn a 
lassi�er system. This
lassi�er system 
ontains 
lassi�ers whi
h rea
t upon the 
ontext they re
eivefrom 
lient agent and server agent. The 
ontext is de�ned as a 
ombinationof the possible 
lient-side and server-side states.The 
ase studied was 
on
urren
y be
ause this is known to be a majorproblem in peer to peer 
omputing. It is 
lear that this approa
h is notrestri
ted to the domain of 
on
urren
y.As for future work there remain some important problems. First of all weneed to do more rigorous experiments. This in
ludes, using larger interfa
es(with more fun
tions, hen
e larger petri-nets).A se
ond problem involves the use of the test s
enarios. The test s
enariosshould 
over all the a
tions whi
h will be invoked upon the server in allpossible 
ombinations. How 
an we write good tests whi
h doesn't leaveany open holes for the programmer. And if we 
an, are the Petri-nets stillne
essary ? In other words: 
an we learn the model automati
ally just bylooking at the intera
tion between the agents.



A third (all-round) problem is the representational mapping. In ourexample we use two alike representations: Petri nets represented by a bitpattern. This makes learning an adaptor easy. To make this algorithmstronger we need a representational mapping whi
h is able to translate onestate to another state.A
knowledgementsThanks to Johan Fabry, Tom Tourwé and Tom Mens for proofreading thispaper.Referen
es[BFDV01℄ W. Van Belle, J. Fabry, T. D'Hondt, and K. Verelst. Experien
es in mobile
omputing: The CBorg mobile multi-agent system. In Wolfgang Pree, editor,Pro
. TOOLSEE 2001. IEEE Computer So
iety Press, Mar
h 2001.[BU00℄ W. Van Belle and D. Urting. The Component System. Te
hni
al Report 3.4for the SEESCOA proje
t, O
tober 2000.[CDGM℄ A. Chavez, D. Dreilinger, R. Guttman, and P. Maes. A Real-Life Experimentin Creating an Agent Marketpla
e. Pro
. Int'l Conf. Pra
ti
al Appli
ation ofIntelligent Agents and Multi-Agent Te
hnology, London, UK, April 1997.[Edw99℄ W. K. Edwards. Core Jini. The Sun Mi
rosystems Press Java Series. Prenti
eHall, 1999.[Koz92℄ J. R. Koza. Geneti
 Programming; on the programming of 
omputers by meansof natural sele
tion. MIT Press, 1992.[Lea00℄ D. Lea. Con
urrent Programming in Java (2nd edition) Design Prin
iples andPatterns. The Java Series. Addison Wesley, 2000.[Mil99℄ R. Milner. Communi
ating and Mobile Systems: the π-
al
ulus. CambridgeUniversity Press, May 1999.[Pol96℄ R. Poli. Introdu
tion to evolutionary 
omputation. Te
hni
al report, S
hoolof Computer S
ien
e; University Of Birmingham, O
tober 1996.[Rei00℄ W. Reisig. An Informal Introdu
tion To Petri Nets. Pro
. Int'l Conf. Appli-
ation and Theory of Petri Nets, Aarhus, Denmark, June 2000.[Smi80℄ S.F. Smith. A Learning System Based on Geneti
 Adaptive Algorithms. PhDthesis, Department of Computer S
ien
e, University of Pittsburgh, 1980.


