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\ Moti vation /

e ReinforcementLearning (RL) - a successfuframework for learningin
dynamicenvironments pasedn thetheoryof Markov DecisionProcesses.

e Largeproblemsrequiretheincorporationof function approximation (FA)
techniquegfrom supervisedearning)into RL methods.

But:

e Limited theoreticakesultsexist for RL with FA, mostlyfor simple
approximators.

e Mixedevidenceof successHilurein practice.

Examplesf unansweredjuestions:

e \Which combination®f RL andFA methodsaresuccessfullinstable?

e How do propertienf the problemaffectthe stability of learning?

é< goal: elucidatethe effect of domainandFA dynamicson RL algorithms. K




Outline -

Reinforcement.earning.
— RL problem.
— RL algorithms.

FunctionApproximation.
— Approximationarchitectures.

— Trainingalgorithms.

Reinforcement.earningwith FunctionApproximation.
— Two approache®o usingFA in RL.

— Availabletheoreticakresultsandoutstandingjuestions.

Proposedkesearch.




\ 4 RL _”;o_u_mB-
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e Markov systemmodel:
— Transitionprobabilities:P2
— Expectedvalueof theimmediatereward: RS,

e Policy: m: SxA— [0,1].
T((S, @) - probability of takingactiona in states.

e Goal: find apolicy thatoptimizesa long-termperformanceriterion.

e ReturnR;(s): cumulatve long-termrewardfrom states.

fo Continuing,discountedask: R;(s) = ano<x:+x+b wherey € (0, 1].




\ Value _uc:oﬁ_o:m-

Most RL algorithmsestimatevaluefunctions:

e State-waluefunctionfor policy 1T
VT(s) = En{R|s =8} = En{ } Yrtyksals =S}, Vs€ S
k=0
e Action-valuefunctionfor policy 1t

Q'(sa) =En{ Y Yrukrils =sa =a} ,vse SacA(s)
=y

e Optimalstate-@aluefunction:V*(s) = max;V'(s) ,Vse€ S

e Optimalpolicy 1T - a policy with the maximalvaluefunctionV*(s).

f table,with onevalueentryfor eachstate(or stateactionpair).

¢ In finite MDPs,thereis auniqueV* andadeterministicit* thatachieresV*.

e For small,discretestatespacesthevaluefunctionscanberepresentety a
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Dynamic Programming

Computevaluefunctionsbasedn Bellmanequations:

e Bellman equation: V(s) = 3, Ti(s, @) 3¢ P2y [REy +WT(S)] ,VSE S
e Bellman optimality mn_cm:o:”

V*(s) = MageA(s Mu TNMQ +W*(s)],VseS
e Policy Iteration algorithm

1. Policy Evaluation: turn Bellmanequationinto anupdaterule.

2. Policy Impr ovement find deterministicpolicy greedyw.r.t. V™

T (S) = argmaXea(s) 2 ¢ UMQTNMQ +WT(s)],Vse S

e Talular DP methodsconvergewith probability 1 in thelimit.




\ Monte Carlo Methods /

e Estimatevaluefunctionsasthe samplemeanof obseredreturns.

e No knowledgeof thesystemmodelrequired!
Learndirectly from theinteractionof theagentwith its ervironment.

e Convemgesto theactualvaluefunctionin thelimit.
e Needfor sufficientexploration whenestimatingthe action-\aluefunction:
m(s,a) > 0,Vs a.
E.g.e-greedypolicy: - chooseagreedyactionwith probability 1 — €;
- chooseary otheractionwith probability €.

e On-policy andOff-policy methods.

— On-poliey methodsestimatehevaluefunctionfor the policy used
behae.

— Off-policy methodauseonepolicy to behae but estimatehevalue
f functionfor a differentpolicy (e.g.theoptimalpolicy 1°). K




Temporal Difference(TD) Learning

o Updatesf thevaluefunctionareperformedafteread observedransition

e Learningdirectly from experience!

Predictionproblem:estimatehevalueof a givenpolicy.

o One-stepTD :V(s) « V(s) + 0 [rie1+ W (S41) = V()]

NG v

Temporal differ encesa,
wherea; € [0,1] - learningrateparameter

e Eligibility traces- establishthe”influence” of pasteventsin thecurrent
updates:

Amv . <>@I“_.Amv if m* S
yAa_1(s)+1 ifs=g A €10,1]

e TD(A) algorithm: V(s) «+ V(s)+ade&(s),Vse S

\_




\ T.U Learning (2) -

ControlProblem: find the optimalpolicy.
Therearedifferenton-polioy andoff-policy algorithms.E.g.

Q-learning (Watkins,1989):.

Q(s, ) <+ Q(st,a) + At |rt41 +<3%XOAM+?£ —Q(s,a)] , vt

Agentevaluateghe optimalpolicy but follows anarbitrarystochastigolicy.

e Almostall TD-stylelearningalgorithmsconvergein thelimit with
probability 1 to correctvaluesif valuefunctionsarerepresentedstables,
basedn generaltochasti@approximatiorresults.

e Talularrepresentatiors infeasiblefor large problems:

— Spacdssue

— explorationissue

f —> Needfor FA to represenvaluefunctions. K




\ Function Approximation /

GivenmtrainingsamplesXi,vi),yi = f(X).
Findan mccﬂox_Bmﬁmﬂmc_u_:@ﬁ by minimizing someerrorfunction,e.g.

= 3 i~ TP

Approximation Ar chitectures

e Commonapproach:f(X) = M__.,\_uom_. B; Aﬂ@__v - "dictionary methods”
e Linear methoddearncoeficientsa;; non-linear methoddearna; and®;.
e BasisfunctionsB; Aﬂ@__v canbedefinedglobally or locally.
E.gQ.
e RadialBasisFunctionsBj(X) = g~ 1%=cill*/207.

— local basisfunctions,canform linearor non-lineararchitecture.

f. m_:@_m_mv\m:mma-dﬁo;ma:mcﬁm_:mﬁm”:o:-__:mmaqoszmo&qm@_ocm__omm_m_ncsozo@
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Training Methods

e Gradient descent updateparametersv of theapproximatiorarchitecture
to descenbntheerrorfunction.

— Batch steepestiescent
m
W< wW+a ME?@? — (X, W)]
=

wherea € (0,1) - learningrate.

— Incrementalgradient descent updatew aftereachtrainingsample.

e Memory-based(lazy) learning:
— Storeall datapointswithout processing
— To make aprediction,interpolateon the storeddatacloseto thequery

— Goodfor non-stationaryargetfunctions

E.g. k-nearesheighborlocally weightedlearning.

\_ /
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RL with FA E- )

Value-basedapproach: FA is usedto represenvaluefunctions.

e RL methodsrovide FA with tamgetsor errorfunctionsfor a subsebf states.

E.g. - Samplereturnscollectedby Monte Carlomethod
- Updatedo thevalueestimatesomputedoy DP andTD methods
- Temporaldifferenced: =ri11+W(S+1) —V(S)
- Bellmanerrorg = Pmmﬁoﬁumﬁv — F+H+<38mm>ﬂm+: Q(s+1,8)]}
e FA providesRL methodswith valueestimategieneralizedo theentirestate
space.

e Policy is deterministicgreedyw.r.t. approximatiorof the valuefunction.

Policy-basedapproach: FA is usedto representhe stochastigolicy.

e Learntheoptimalpolicy directly.

e FA parameterareupdatedn thedirectionof the gradientof the expected

f returnfor the currentstochastigolicy. K
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4 2
RL with FA @-

FA Is mud more difficult in the context of RL!

e Sampleof thetarmgetvaluefunctionsarenotavailableright away.
e Thetamgetfunctionappearson-stationary

Cornvergenceof approximateRL methodgo the optimalsolutionis not expected.

Generakonvergencequestions:
e Doesthealgorithmcorverge?
e If so,how closeis theresultingsolutionto the optimalone?

e If not,doesit oscillatein someboundedegion or doesit diverge?

\_ /
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Theoketical resultsare verylimited!

4 RL with FA @- O

Prediction Problem

Control Problem

TD(A) convergeswith probability 1 for
linear architectuies

Monte Carlo and Bellman Error meth-
odsconvergeto alocally optimal

solution.

Value iteration and Q-learning converge
with avelagers.

Q-learningconvergeswith soft-stateaggre-
gation
Grow-Supportalgorithmis safefrom diver-
gence.

Policy GradientandVAPScorvergeto alo-
cally optimalsolution.

TD(0) wasshawn to diverge for a par
ticular non-lineararchitecture.

Oscillatory behaior was detectedor Pol-
Icy iterationandits variants.

Valueiterationwas shavn to diverge for a

\Z

particularnon-lineararchitecture. K




14

-~

RL with FA Ev-

Someof theoutstandingjuestions:

Which RL/FA combinationsaresuccessfullinstable?

How commonis unstabldearningin practice?”Doesit have oscillatoryor
divergentnature?

Whatis the samplecompleity of RL/FA methods?

How accuratéhe approximation®f the valuefunctionsshouldbeto find
goodpolicies?

Whataretherelatve meritsof differentRL/FA algorithmsin practice?
No comparatre studyexistsup to date!

How to chooseappropriatalgorithmsfor problemswith different
properties?

How to automaticallychoosesuccessfualgorithms’parameterso avoid
trial-and-errordesignprocess.

%




Main ThesisDir ections

DefineattributesthatcharacterizérL problemsandcreatea benchmark
suiteof RL problems.

Conductanempiricalstudyof RL/FA methods.

Partially automatdhe designof RL systemdy developingalgorithmsfor
automatigparametesettingandfor choosingFA, basedn domain
properties.

Improve understandin@f the specificoutstandingyuestionsaabout
propertiesandrelatve meritsof RL/FA algorithms.

15
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e Defineattributesto characterizeéhe propertief RL tasks.e.g.:
— Averageentropy - ameasuraf the uncertaintyof statetransitions.
— Controllability - a measuref the effect of theagents actionson state

transitions.

Prior evidencethatthey influenceperformancef algorithms.

e Developabenchmarlsuiteof artificial andreal RL problemsusing
attributesto characterizé¢hem.Noneis availableat present!

e Conductanempiricalstudyof the RL/FA methodsfocusingon:

ProposedReseach (1)

— Stabillity of thelearningprocess

— Quality of the solution

— Speedf corvergence

— Samplecompleity

— Sensitvity to usertunableparameterge.g.a, A)
f — Performancdor problemswith differentcharacteristics

%
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ProposedReseach (2)

Investigatethefollowing issues:

Impactof differentexplorationstrategies
On-poligy vs. off-policy algorithms

Bootstrapping/s. non-bootstrappingnethods:
— Bias-variancetrade-of by varyingA in TD(A)

— Possiblyformal analysis
Value-baseds. policy-basedalgorithms

How accurateshouldthe valuefunctionapproximatiorbefor different
methodsandproblems

%
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ProposedReseach (3)

e Developboostingalgorithmsfor RL.

— Boosting- combineseveralapproximatorsspecializedn a subsedf
trainingsamplesto obtaina betteroverall performance.

— Boostingcanbevaluablefor RL - possibilityto combinesimplebut
reliableapproximatorso boostthe overall performanceavhile preserving
awell-behaedlearning.

e Extendthework of my MasterThesisonthe FuzzyCellular Automata

approximatorandapplyit to RL.
— Local method,similarto memory-basetearning.

— Relatedto otherFAs successfufor RL.




