
Multi-agents with PIQLEFran
es
o De ComitéJune 9, 20061 Introdu
tionThis text is a short presentation about the way we implement multi-agentslearning s
hemes in PIQLE. The next se
tion will enumerate the basi
 ideas,the third se
tion will detail the new general 
lasses, while the forth se
tion willpresent an example of use.2 Basi
 ideasThe stru
ture of PIQLE is left quite un
hanged by this extension towardsmulti-agent learning. Some new 
lasses were added, none were 
hanged. In thenext se
tion, we will des
ribe more pre
isely ea
h new 
lass, but here, we onlygive the basi
 ideas behind this implementation.
• A Swarm is a new implementation of the 
lass Agent : it is designed to
ontain a number of individual ElementaryAgents, ea
h one with its own
hoosing/learning algorithm, and with its own vision of the a
tual stateof the environment.The basi
 behaviour of PIQLE is maintained : in presen
e of a State,the Agent asks its algorithm to give it the A
tion to perform. After thisis done, the Agent informs ba
k its algorithm about the new State, andthe reward.The di�eren
es here are that :� The Swarm asks ea
h of its 
omposing ElementaryAgents to ask itsown algorithm whi
h elementary A
tion it should perform.� All those elementary A
tions are 
olle
ted all together in a 
olle
tionnamed ComposedA
tion.� The Swarm, whi
h builds this ComposedA
tion, asks the environmentto 
ompute the next State and the new reward. Remark that, evenif it is not the 
ase in the two short examples presented here, ea
hElementaryAgent 
ould proposed an A
tion of a di�erent kind.1



� This reward is sent ba
k to ea
h ElementaryAgent, whi
h in turnwill give those informations to its algorithm, whi
h then will be ableto learn.
• As it 
an be inferred from the above behaviour des
ription, the universeasso
iated with a Swarm no longer has to return a list of possible A
tions.There are then two kind of environments :� A general environment, visible from the Swarm, whi
h de�nes initialstate, 
omputes the next state based on a State and a ComposedA
tion,
omputes rewards, and knows when an episode ends. This environ-ment does no longer give the list of possible A
tions.� Elementary environments (ElementaryMultiAgentContraintes),tied to individual ElementaryAgents, whi
h will be able to 
omputethe list of possible A
tions.� For pra
ti
al Java programming reasons, and (perhaps) more theo-reti
al questions about the way ElementaryAgents per
eive their en-vironment, ElementaryAgents are a little bit more than just Agents :they 
an �lter the representation of a State to extra
t just what they
an per
eive of it.3 The new 
lasses3.1 Pa
kage agentsThis pa
kage 
ontains two new 
lasses :
• The 
lass Swarm, whi
h represents a group of Agents.
• The 
lass ElementaryAgent, whi
h represents an element of a Swarm.Those two new 
lasses, as usual in PIQLE, are independent of both the learningalgorithm(s) and of the problem to solve. The only limitation, for the moment,is that Swarms 
an only (try to) solve one player puzzles : a Swarm is an extensionof the 
lass Agent, but not of the 
lass Agent2Joueurs.3.1.1 The 
lass SwarmAs Swarm extends Agent, only a few methods and �elds had to be added ormodi�ed :
• The �eld ListOfAgents is a 
olle
tion aimed to 
ontain all theElementaryAgents 
omposing a Swarm. We have 
hosen an ArrayList,but other 
olle
tions would work as well. A new method (add) helpsadding an ElementaryAgent to this Arraylist.
• Situating an Agent into its environment, i.e. setting its initial state, re-quires now to set the same initial state to all the ElementaryAgents mem-bers of the Swarm : method setInitialState is then rewritten.2



• Similarily, (eventually) resetting the internal states of an Agent at thebeginning of an episode requires now a loop over the ElementaryAgents.
• Less ane
doti
, asking a Swarm to 
hoose the A
tion to perform is now atwo steps pro
edure :� Ask ea
h ElementaryAgent to 
hoose its elementary A
tion.� Colle
t all those A
tions into a new kind of A
tion 
ontaining allthose elementary A
tions : an instan
e of the 
lass ComposedA
tion.Note that for the moment, we rely on the stru
ture of ArrayListto make the 
orrespondan
e between the i

th A
tion and the i
thElementayAgent : this does not appear to be very safe, and a moresophisti
ated version of ComposedA
tion might be thought of.That is why the method 
hoix is rede�ned in this 
lass.

• Asking a Swarm to apply the A
tion (namely method applyA
tion) pre-viously 
hosen is also rewritten in two times pro
ess :� Asking the environment to modify the 
urrent State, a

ording tothe previous State and the ComposedA
tion, re
eiving the rewardba
k from the environment.� Inform ea
h ElementaryAgent about the new State and reward,asking them to learn. Note that for learning from oldState and newState, ElementaryAgent have to �lter the State, in order to extra
tfrom them the per
eptions they are allowed to use.
• Extra
ting a dataset, useful for external neural network treatment, hasnot be thinked about, at least for the moment. It is quite understandable,as learning does not take pla
e in the Swarm, but into the sub-Agents.
• While not rewritten for the moment, there might be some problems savingand reading a Swarm.3.1.2 The 
lass ElementaryAgentAn ElementaryAgent is a kind of Agent whi
h always apply a Filter to theState it 
onsiders : the 
omplete State is perhaps not visible from the set ofits sensors.The other reason to apply a Filter before to 
onsider a State, is that, fromthe point of view of an ElementaryAgent, the State must be 
onne
ted witha lo
al version of the environment (otherwise, the method getListeA
tionswould be the one from the general environment, whi
h returns nothing).Brie�y speaking, Filters are ne
essary from the point of view of Java 
odewriting.As for the 
lass Swarm, we have, at this time, no ideas on how to save a Swarmor its 
omponents, and we left the saveAgent and readAgent methods void.3



3.2 The pa
kage environnementThree new 
lasses are added in this pa
kage :
• The 
lass ComposedA
tion : to 
olle
t all the individual A
tion 
hoi
esof ElementaryAgents.
• The abstra
t 
lass ElementaryMultiAgentContraintes, voiding some use-less methods in the multi-agents framework, and de�ning the methodgetListeA
tions.
• The abstra
t 
lass Filter, to indi
ate how to �lter a State.3.2.1 The 
lass ComposedA
tionIn this preliminary version, a ComposedA
tion is just an extension of anArrayList, inheriting all methods to add, a

ess, eventually remove elementsfrom this 
olle
tion. As said before, a more sophisti
ated and se
ure de�nitionmy be thought of.For 
ode se
urity reasons, we also voided the methods one normally will nothave to 
all in the 
ontext of multi-agents learning.In fa
t, the only rewritten method is 
opy, to ensure that the 
ontent of aComposedA
tion will be 
opied. The 
lone method might do that, perhaps. . .3.2.2 The abstra
t 
lass ElementaryMultiAgentContraintesThe only role of this 
lass is to provide to an ElementaryAgent the list of thepossible A
tions from a given State.Typi
ally, this 
lass 
ontains only the (re)de�nition of method getListeA
tions :please have a look at the provided examples to see this basi
 de�nition.3.2.3 The abstra
t 
lass FilterThe Agent might see exa
tly the same State that the one provided by theSwarm : in this 
ase, applying a Filter to a State is just 
opying the State, only
hanging the referred Contraintes (see 
lass MountainCarFilteror LedFilter,for example).In other 
ases, what the Agent sees is just a part of the 
omplete State : seefor example the LED example below, where an Agent 
an only see a diameterlimited part of the bar of LEDs. In this situation, an Agent has to transformthe 
urrent State into a more restri
ted State, a

ording to its sensors (andalso 
hanging the global Contraintes asso
iated with the global State to alo
al version of ElementaryMultiAgentContraintes).4 ExampleThis example is an implementation of MAABAC, whose details 
an be found in[PDD04℄. MAABAC is a modelisation of body members as a swarm of mus
les.4



The goal is for the member to rea
h a target. In PIQLE's implementation,ea
h mus
le is an agent, knowing only its 
ontra
tion and the distan
e betweenthe extremity of the member and the target.Two example programs are given :
• TestMaaba
.java : A four segments arm (i.e eight mus
les) tries to rea
ha target at (3.0,0.5), while the arm's extremity is initially at (4.0,0.0).Ea
h mus
le is using a standard Q-learning algorithm to learn, and thegraphi
al interfa
e appears when the arm rea
hes the target 100 times ina row.
• TestMaaba
Tiling.java : a two segments arms tries to rea
h a target at(1.8,0.5), while its extremity is originally at (2.0,0.0). This time, the fourmus
les are governed by linear approximators using tile 
oding. Learningas to be tuned, as it 
an take a very long time . . .In both examples, the 
ode might be 
lear enough to allow modi�
ations (num-ber of segments, target's position, learning s
heme. . . ) for di�erent kinds ofexperiments.Note also on this example that ea
h mus
le 
ould have been linked to di�er-ent kind of learning algorithm, and di�erent lo
al vision of a state (throughde�nitions of Mus
leFilter).5 Con
lusionsWe believe this approa
h of implementing multi-agents learning s
hemes inPIQLE is quite natural and easy to use.The way we fa
e the general multi-agents problem seems very general and �exible to embed a lot of standardmulti-agents situations.Referen
es[PDD04℄ Ph. Preux, S. Delepoulle, and J-C. Dar
heville. A generi
 ar
hite
-ture for adaptive agents based on reinfor
ement learning. InformationS
ien
es Journal, 161:37�55, 2004.
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