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tAn important question in reinfor
ementlearning is how generalization may be per-formed. This problem is espe
ially impor-tant if the learning agent re
eives only par-tial information about the state of the en-vironment. Typi
ally, the bias required forgeneralization is 
hosen by the experimenter.Here, we investigate a way for the learn-ing method to extra
t bias from learning oneproblem and apply it in subsequent prob-lems. We use a gradient-based poli
y sear
hmethod, and look for 
ontrollers that 
onsistof a 
ontext 
omponent and an a
tion 
ompo-nent. Empiri
al results on a two-agent 
oor-dination problem are reported. It was foundthat learning a bias made it possible to ad-dress problems that were not solved other-wise.1. Introdu
tionReinfor
ement learning problems with large statespa
es typi
ally require the use of generalization. Anyform of generalization implies that 
hoi
es must bemade regarding the similarity of di�erent situations,and any su
h 
hoi
es 
onstitute a bias. The su

essof a parti
ular method for generalization depends onwhether this bias is appropriate for the problem athand [12℄.For standard Markov De
ision Pro
esses (MDPs) theobservation of the learner 
aptures all relevant infor-mation about the state of the environment. In Par-tially Observable MDPs (POMDPs), the 
hoi
e of theappropriate a
tion may in prin
iple depend on all pre-0The most re
ent version available fromhttp://www.ee
s.harvard.edu/~pesha/papers.html

vious observations. Thus, the learner has to extra
trelevant information from the history of its intera
-tions with the environment. This renders the need forappropriate generalization even more pressing.While in general it may not always be possible tore
over all required information about the state ofthe environment from observations, a 
ertain 
lass ofpomdps 
an be redu
ed to mdps by distinguishingamong di�erent 
ontexts in whi
h the agent may �nditself. If su
h 
ontexts 
an be extra
ted from the in-tera
tion history, then the remaining problem 
an beaddressed using the standard reinfor
ement learningmethods. For information about reinfor
ement learn-ing in general the reader may 
onsult [15, 16, 10℄.For problems having the above stru
ture, the optimalpoli
y 
an be des
ribed as a set of behaviors, ea
hof whi
h 
orresponds to a parti
ular 
ontext. In thispaper, we suggest that this stru
ture has a poten-tial for meta-learning. If related environments requiresimilar behaviors, while di�ering in their 
orrespon-den
e between 
ontexts and input observations, thenbehaviors 
an be transferred from previously solvedproblems to more diÆ
ult variants of those prob-lems. Thus, we have identi�ed a parti
ular me
hanismfor extra
ting useful bias from related problems (seee.g. [5, 4, 2, 3, 6℄), and a 
orresponding 
lass of prob-lems for whi
h 
ould bene�t from this me
hanism. Weinvestigate this method for a simple 
ase, and reportempiri
al results.2. Ar
hite
ture and LearningMe
hanismPartial observability of the environmental state re-quires the poli
y representation to in
lude some formof memory in order to spe
ify the optimal poli
y. Inour 
ase, this is a
hieved by using a �nite state 
on-



troller (see e.g. [11℄). Furthermore, in order to �ndoptimal poli
ies for partially observable problems, thelearning method must be able to sear
h for poli
iesthat use memory. To this end, we employ a gradient-based method for poli
y sear
h, see [13, 1℄ for the gen-eral method and [14℄ for the dis
ussion of 
ooperationwithout expli
it 
oordination in agents 
ontrolled byfs
s.The main idea of this paper is to sear
h for poli
iesthat 
an be des
ribed as a set of 
ontexts and 
or-responding behaviors, so that the behaviors 
an betransferred between problems. To make this possible,we 
onstru
t the agent from two 
omponents, see �g-ure 1. The �rst 
omponent, 
alled the 
ontext 
om-ponent, is to determine the 
urrent 
ontext from theintera
tion history. In general this history may in
ludepast observations, a
tions and rewards. In this parti
-ular problem, the 
ontext 
omponent uses the 
urrentobservation and the 
ontext at the previous time stepto determine the 
urrent 
ontext. The a
tion 
ompo-nent re
eives the 
urrent 
ontext and, optionally, theobservations as input, and spe
i�es a behavior or par-tial poli
y for ea
h 
ontext.
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Figure 1. Proposed ar
hite
ture. The 
ontext 
omponentdetermines the 
urrent 
ontext from the previous observa-tion and 
ontext. The a
tion 
omponent uses this informa-tion, possibly in 
ombination with the 
urrent observation,to produ
e a 
orresponding behavior.Separating the 
ontext and a
tion 
omponents in therepresentation of a poli
y allows these 
omponents tobe learned separately. Other examples of taking ad-vantage of su
h 
ontroller stru
ture are presented in[9℄ and [7, 8℄. The former uses a 
ontroller 
onsist-ing of two disjoint neural networks, while the latterdemonstrates how to use the natural 
ontinuity of theEu
lidean 
oordinate system to generalize over the ob-servation spa
e.In order to transfer experien
e, we �nd an optimal
ontroller on a small instan
e of the problem at hand,and retain the a
tion 
omponent of the 
ontroller whens
aling up to a larger instan
es of the problem. Thisprovides a natural way to in
orporate bias into the

learning pro
ess.The �nite state 
ontroller will now be des
ribed inmore detail. The 
ontroller 
onsists of an internal statetransition fun
tion that determines the 
ontext fromobservations, and an a
tion fun
tion that asso
iatesea
h 
ontext with a 
orresponding behavior.
m(t+1)m(t)

o(t) o(t+1)

s(t) s(t+1)

a(t)

Figure 2. An in
uen
e diagram for agent with fs
s inpomdp.The 
omplete 
ontroller for an agent with a
tion spa
eA and observation spa
e O is a tuple hM;�a; �mi,where M is a �nite set of internal 
ontroller states(
ontexts), and �m :M�O ! P(M) is the internalstate transition fun
tion that maps an internal stateand observation into a probability distribution over in-ternal states. In the experiments, and �a :M ! P(A)is the a
tion 
omponent that maps an internal stateinto a probability distribution over a
tions. We as-sume that both the internal state transition fun
-tion and the a
tion fun
tion are sto
hasti
, that theirderivatives exist, and that these are bounded awayfrom zero. Figure 2 depi
ts an in
uen
e diagram foran agent using this 
ontroller.We 
onsider series of problems that require similar be-haviors. Thus, by retaining the part of the poli
y �athat spe
i�es the behaviors learned on a small prob-lem, a useful starting point for addressing larger butsimilar problems is obtained. The 
ontext 
omponent�m on the other hand must be learned anew, sin
e theparti
ular observations that identify ea
h 
ontext mayvary a
ross di�erent environments. In the followingse
tions, we �rst des
ribe the task in detail, than ex-periments are reported that illustrate the advantage ofaforementioned learning with bias.3. Task Des
ription: Blo
k MovingThe metaphor for the task used in the experiments is\blo
k moving" whi
h is a multi-agent problem derivedfrom the \load-unload" problem [11, 13℄. It requiresthe 
ooperation of two agents and 
onstitutes a 
oor-



dination problem in the sense that the agents need toadjust their a
tions to one another. In the real-worldversion of this problem, the a
tivity of the two peoplelifting a heavy blo
k should be syn
hronized for sat-isfa
tory results, and thus requires 
oordinating themoment at whi
h to start moving. The informationabout the state of ea
h agent is ex
hanged through(possibly non-verbal) 
ommuni
ation.
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l Figure 3. State transition fun
tion.In the simple, abstra
t task we study here, the pro
essis modeled as follows. Ea
h agent 
an move indepen-dently between several lo
ations (see �gure 3 for threelo
ations example). When two agents are in state S3,they automati
ally load a blo
k. From then on, theymust move in syn
hrony in order not to drop the load.Sin
e the agents per
eive only their own lo
ation andnot that of the other agent, 
ommuni
ation is ne
es-sary.The reward fun
tion for the task is depi
ted in �gure 4.The states in this diagram are 
olle
tive states, spe
i-fying the state of both the �rst and se
ond agent (A1and A2). Conne
tions without arrows mark transi-tions that 
an have either dire
tion. The proje
tion ofthe diagram onto either horizontal axis yields the statetransition diagram for a single agent shown above in�gure 3.The reward fun
tion not only depends on the 
urrentstate of both agents, but also on a history of bothof their states. The only aspe
t of this history that isrelevant to the reward fun
tion is whether the load hasbeen lifted and not dropped sin
e it was lifted. Thetwo 
olle
tive states with this property are in the upperlevel of the diagram, marked loaded. All remaining
olle
tive states are at the lower, unloaded level.A potential for 
ommuni
ation is provided as follows.In addition to the a
tion an agent 
an sele
t to movebetween states, ea
h agent has a single bit that it 
anset or reset. Ea
h agent reads the bits of all otheragents, in addition to the sensor information spe
i-fying its own lo
ation. If both agents would alwaysstart in state S1, they 
ould learn to move to state S3as qui
kly as possible, and return to S1 from there.This ballisti
 poli
y would 
ause them to move in syn-
hrony, without any need for 
ommuni
ation. In orderto disallow this strategy, the initial position of ea
hagent is sele
ted randomly from all lo
ations ex
ept
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Figure 4. The reward stru
ture for \blo
k moving" do-main.\load".For the three-lo
ation instan
e depi
ted in �gure 3 theoptimal strategy has the following form. Ea
h agentmoves to state S3, informs the other agent of its pres-en
e there and, if ne
essary, waits for the other agentto arrive. Then ea
h agent moves to S2, and fromthere ba
k to S1. If both agents exe
ute this poli
y,they move together after pi
king up their load. Thus,by the use of 
ommuni
ation, the agents 
an syn
hro-nize their behavior and 
olle
t the maximum amountof reward.Part of the diÆ
ulty of this task is that it requires es-tablishing a 
onvention. While it is 
lear that the onlypossibility for 
ommuni
ation is for ea
h agent to setor reset its bit, the sending and re
eiving agent must
onverge on the same 
hoi
e of whi
h setting to use forwhi
h 
ase. Sin
e both agents are equivalent and mayfun
tion both as sender and as re
eiver, this problemneeds to be solved twi
e (not ne
essarily in the sameway). A greater diÆ
ulty than the sele
tion of su
ha 
onvention however is that of settling on sendingand re
eiving behavior simultaneously; while the �rstagent to arrive 
an only determine whether the se
ondagent has arrived through 
ommuni
ation, the se
ondagent 
an only dis
over that signaling this informationis useful if the �rst agent a
ts on it, using the same
onvention. The ne
essity to simultaneously arrive at
ompatible 
ommuni
ation and a
tion poli
ies makesthe blo
k moving problem a 
hallenging one.The diÆ
ulty of the problem strongly depends on thesize of the problem instan
e. A version of the prob-lem with three states has been des
ribed, involvinga \load" state (S3), an intermediate state (S2), and
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Figure 5. Empiri
al 
omparison of biased and unbiasedlearning by poli
y sear
h in fs
s for the \blo
k lifting"environment of various size.an \unload" state (S1). To obtain larger versions ofthe problem, we introdu
e one or more additional in-termediate states. Sin
e the part of the poli
y spa
ethat must be 
onsidered grows exponentially with thelength of the smallest optimal poli
y, even adding oneor two states makes the problem 
onsiderably morediÆ
ult.4. Empiri
al ResultsIn our experiments we begin by learning the optimalpoli
y with no initial bias in the instan
e of the prob-lem with three lo
ations all together, 
ounting loadand unload lo
ations. For this trivial instan
e of thedomain even an exhaustive evaluation of all poli
ieswould be feasible, so it 
omes as no surprise that agentsrapidly 
onverge to a good poli
y. The resulting a
tionfun
tion is used as a bias - a starting point for a
tionfun
tions in learning poli
ies for larger instan
es of thedomain.Figure 5 illustrates the advantage of learning with biasin our domain. All plots are averaged over 10 runs.The learning rate is kept 
onstant. A poli
y is learnedin the spa
e of three-state �nite spa
e 
ontrollers. Forthe domain with four lo
ations, both biased and un-biased learning 
onverge, but unbiased does so after asigni�
ant delay. For the domain with �ve lo
ationsunbiased learning never pi
ks up for the trial lengthused. Using the bias learned on a smaller version ofthe problem makes it possible to learn even on this dif-�
ult instan
e, and turns out to be even more eÆ
ientthan unbiased learning for a smaller domain with fourlo
ations.

In the experiments, the a
tion fun
tion from a smallerproblem instan
e was used as a starting point in thelearning pro
ess, and 
ould in prin
iple be modi�ed. Inpra
ti
e, we found that the a
tion 
omponent did not
hange, and only the 
ontext 
omponent was learnedanew.5. Dis
ussionThe signal from the other agent in our environmentformed a part of the observation. A potential 
hangein the representation of the 
ontroller would be to sep-arate the lo
ation from the signal and feed the signalpart of the observation dire
tly into the a
tion fun
-tion. This would be justi�ed by the fa
t that as wein
rease the size of the domain, the number and thesemanti
s of the messages does not 
hange. The lo
a-tion numbering on the other hand does 
hange, andneeds to be learned for every instan
e. Another alter-native approa
h to the approa
h that has been inves-tigated would be to �x the a
tion fun
tion and onlylearn internal state transition fun
tion. We plan toexperiment with some of these variants of the setup infuture experiments.In a sense, an agent that develops a 
ategorization intodi�erent situations and learns what behavior to use inea
h situation, establishes a 
onvention with itself inthe form of a mapping between 
ontexts and behaviors.Given a mapping from possible world states to internalstates, there is a 
orresponding mapping from internalstates to partial poli
ies that in 
ombination leads tothe optimal 
omplete poli
y.The issue of arising at a 
onvention be
omes more pro-noun
ed in problems su
h as that used here, wheremultiple agents have the ability to ex
hange signals.This variant of establishing a mapping between inter-nal states and signals to produ
e 
an be seen as a rudi-mentary form of 
ommuni
ation development; whileany 
onsistent signaling 
onvention is suÆ
ient to al-low agents to produ
e optimal behavior, and the spe-
i�
 signaling 
onvention that will be used is thereforearbitrary, arriving at su
h a 
onvention is a diÆ
ult
oordination problem.6. Con
lusionWe investigated an approa
h to partially observablereinfor
ement learning problems where the represen-tation of the poli
y is separated into a 
ontext 
ompo-nent and an a
tion 
omponent.Useful bias was extra
ted from a simple version of theproblem by retaining the a
tion 
omponent. When put



to use on more diÆ
ult problems, this method solvedproblems whi
h an unbiased approa
h was unable toaddress. In future work, we hope to explore otherme
hanisms for extra
ting bias from learning and uti-lizing it to aid subsequent learning. We believe thismay in prin
iple make it possible to address problemsthat 
an not pra
ti
ally be addressed by 
onventionallearning methods.Referen
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