Generalized Prioritized Sweeping

David Andre Nir Friedman Ronald Parr
ComputerScienceDivision, 387 SodaHall
University of California,Berkeley, CA 94720
{dandre, nir, parr}@s. berkel ey. edu

Abstract

Prioritized sweeping is a model-based reinforcementearningmethod
that attemptsto focus an agents limited computationalresourceso
achieve agoodestimateof thevalueof ernvironmentstates.To chooseef-
fectively whereto spendacostlyplanningstep classigrioritizedsweep-
ing usesa simple heuristicto focus computationon the statesthat are
likely to have the largesterrors. In this paper we introducegeneralized
prioritized sweeping, a principledmethodfor generatingsuchestimates
in arepresentation-specifinanner This allows usto extendprioritized
sweepindgeyondanexplicit, state-baserkpresentatioto dealwith com-
pactrepresentationthatarenecessarfor dealingwith largestatespaces.
We apply this methodfor generalizedmodel approximatorg(such as
Bayesiametworks),anddescribepreliminaryexperimentghatcompare
ourapproactwith classicabrioritizedsweeping.

1 Introduction

In reinforcementearning,thereis a tradeof betweenspendingtime actingin the envi-
ronmentandspendingime planningwhatactionsarebest. Model-freemethodgake one
extremeon this question—the agentupdateonly the statemostrecentlyvisited. On the
otherendof the spectruniie classicaldynamicprogrammingmethodshat reesaluatethe
utility of every statein the environmentafterevery experiment.PrioritizedsweepingPS)
[6] providesamiddlegroundin thatonly themost‘important” statesareupdatedaccording
to apriority metricthatattemptso measure¢heanticipatedizeof theupdatefor eachstate.
RoughlyspeakingPSinterleavesperformingactionsin the environmentwith propagating
thevaluesof states After updatingthevalueof states, PSexaminesall stateg from which
theagentmightreachs in onestepandassignghempriority basedon the expectedsizeof
thechangen theirvalue.

A crucial desideratunfor reinforcementearningis the ability to scale-upto comple
domains.Forthis,weneedo usecompact (or generalizing) representatiosof themodd and
thevaluefunction. While it is possibleto apply PSin the presencef suchrepresentations
(e.g.,se€[1]), we claimthatclassicPSis ill-suited in this case.With ageneralizingnodel,
asingleexperiencamay affect our estimationof the dynamicsof mary otherstates.Thus,
we mightwantto updatethe valueof stateghataresimilar, in someappropriatesenseto
s sincewe have a new estimateof the systemdynamicsat thesestates.Note thatsomeof
thesestatesmight never have beenreacheeforeandstandard®Swill notassignthema
priority atall.



In this paperwe presenteneralized prioritized sweeping (GenPS)amethodthatutilizes
a formal principle to understandand extend PS and extend it to deal with parametric
representationfor boththemodelandthevaluefunction. If GenP3s usedwith anexplicit
state-spacenodelandvalue function representationan algorithm similar to the original
(classic)PSresults. Whena modelapproximator(suchas a dynamic Bayesian network
[2]) is used,the resultingalgorithm prioritizes the statesof the ervironmentusing the
generalizationmherentin themodelrepresentation.

2 TheBascPrinciple

We assumehe readeris familiar with the basicconceptsof Markov Decision Processes
(MDPs); see,for example,[5]. We usethe following notation: A MDP is a 4-tuple,
(S, A,p,r) whereS is a setof states, A is a setof actions, p(¢ | s,a) is atransition
model that captureshe probability of reachingstatet after we executeactiona at state
s, andr(s) is areward function mappingS into real-valuedrewards. In this paper we
focuson infinite-horizonMDPs with a discountfactory. Theagents aimis to maximize
the expecteddiscountedotal reward it will receve. Reinforcementearningprocedures
attemptto achieve this objectve whenthe agentdoes not know p andr.

A standardproblemin model-based reinforcementearningis oneof balancingbetween
planning(i.e., choosinga policy) and execution. Ideally, the agentwould computethe
optimalvaluefunctionfor its modelof theervironmenteachtime themodelchangesThis
schemas unrealisticsincefinding the optimalpolicy for agivenmodelis computationally
non-trivial. Fortunatelywe canapproximatehis schemef we noticethattheapproximate
modelchangesnly slightly at eachstep. Thus, we canassumehat the value function
from the previous modelcanbe easily“repaired”to reflectthesechanges.This approach
was pursuedin the DYNA [7] framework, where after the executionof an action, the
agentupdatesits model of the ervironment,and then performssomeboundednumber
of valuepropagatiorstepsto updateits approximatiorof the valuefunction. Eachvalue-
propagatiorsteplocally erforcestheBellman equation by settingV(s) «— max,c4 Q(s,a),
whereQ(s,a) = 7(s) + 72, csP(s' | 5,a)V(s'), p(s' | s,a) and7(s) arethe agents
approximatiorof theMDP, andV is theagents approximatiorof thevaluefunction.

This raiseshe questionof which statesshouldbe updated.In this paperwe proposehe
following generabprinciple:

GenPS Principle: Updatestateswvherethe approximationof the value
functionwill changethe most. Thatis, updatethe stateswith thelargest
Bellman error, E(s) = [V (s) — MaXe4 Q(s,a)|.

Themotivationfor this principleis straightforvard. The maximumBellmanerrorcanbe
usedto boundthe maximumdifferencebetweerthe currentvaluefunction, V'(s) andthe
optimalvaluefunction, V*(s) [9]. This differenceboundsthe policy loss, the difference
betweerthe expecteddiscountedeward recevedunderthe agents currentpolicy andthe
expecteddiscountedewardreceived underthe optimalpolicy.

To carryoutthis principlewe haveto recognizevhentheBellmanerroratastatechanges.
Thiscanhapperattwo differentstagesFirst, aftertheagentupdatests modelof theworld,
new discrepanciebetweeri/(s) andmax, Q(s, a) mightbeintroducedwhichcanincrease
the Bellmanerrorat s. Second after the agentperformssomevalue propagationsy is
changedwhich mayintroducenew discrepancies.

We assumehatthe agentmaintainsa valuefunctionanda modelthatareparameterized
by 8y andf,,. (We will sometimegefer to the vectorthat concatenatethesevectors
togetheiinto asingle largervectorsimplyasf.) Whentheagentobseresatransitionfrom
states to s’ underactiona, the agentupdatesits environmentmodelby adjustingsome
of the parameterén 6,,. When performingvalue-propagationghe agentupdatesl” by
updatingparameteré 6y,. A changen ary of theseparametersnay changethe Bellman
error at other statesin the model. We want to recognizethesestateswithout explicitly



computingthe Bellmanerror at eachone. Formally, we wish to estimatethe changein
error, |Ag (s |, dueto themostrecentchange, in the parameters.

We proposeapproximatingAg )| by usingthe gradientof the right handside of the
Bellmanequation(i.e. max, Q(s,a)). Thus,we have: |Ap(s)| = |V max, Q(s,a) - Dyl
which estimateghe changein the Bellmanerror at states asa function of the changein
Q(s,a). Theabovestill requiresusto differentiateoveramax whichis notdifferentiable.
In general,we wantto to overestimatahe changeto avoid “starving” stateswith non-
negligible error.  Thus, we usethe following upperbound: |V(maxl Q(s,a)) -A9| <
max, |[VQ(s,a) - Dg| .

We now definethegeneralizegbrioritizedsweepingprocedure The procedurenaintains
apriority queuehatassigngo eachstates apriority, pri(s). After makingsomechangesye
canreassigrprioritiesby computinganapproximatiorof the changan thevaluefunction.

Ideally, thisis doneusinga procedurghatimplementghefollowing steps:

procedure update-priorities (Ag) A
for all s € S pri(s) < pri(s) + max, |VQ(s,a) - Dg|.

Notethatwhenthe above procedureupdateshe priority for a statethathasan existing
priority, the priorities are addedtogether This ensureghatthe priority beingkeptis an
overestimateof the priority of eachstate,andthus,the procedurewill eventuallyvisit all
stateghatrequireupdating.

Also, in practicewe would notwantto reconsidethe priority of all statesafteranupdate
(wereturnto thisissuebelow).

Usingthis procedureye cannow statethegeneralearningprocedure:

procedure GenPS ()
loop

perform an action in the environment

update the model; let Ay be the change in

call update-priorities(Ay)

while there is available computation time
let s™ = argmax; pri(s) A
perform value-propagation for V (s™); let Ay be the change in 6
call update-priorities(Ag) .
pri(smaX) — |V(Sma><) — max, Q(Smax, (l)| 1

Notethatthe GenPSproceduredoesnot determinehow actionsareselected . Thisissue,
which involvesthe problemof exploration,is orthogonatlto the our maintopic. Standard
approachesuchasthosedescribedn [5, 6, 7], canbe usedwith our procedure.

Thisabstractlescriptiorspecifiesieitherhow to updatehemodel,norhow to updatehe
valuefunctionin the value-propagatiosteps. Both of thesedependon the choicesmade
in the correspondingepresentationf the modelandthe valuefunction. Moreover, it is
clearthatin problemsthatinvolve a large statespace we cannotafford to recomputehe
priority of every statein update-priorities. However, we cansimplify this computation
by exploiting sparseness the modelandin theworstcasewe mayresortto approximate
methoddor finding the stateghatreceve high priority aftereachchange.

3 Explicit, State-based Representation

In this sectionwe briefly describethe instantiationof the generalizegrocedurevhenthe
rewards,values,andtransitionprobabilitiesareexplicitly modeledusinglookuptables.In
thisrepresentatiorfor eachstates, we storetheexpectedewardat s, denotedy 6;,), the
estimated/alueats, denoteddy 6y ), andfor eachactiona andstatet thenumberof times

the executionof « at s leadto statet, denotedN; , ;. Fromthesetransitioncountswe can

In generalthiswill assigrthe statea naw priority of 0, unlessthereis a selfloop. In this caseit
will easyto computethe new Bellmanerrorasa by-productof the valuepropagatiorstep.
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fictional countsthatcaptureour prior informationaboutthesystemsdynamics’ After each
stepin theworld, theserewardandprobabilityparameterareupdatedn thestraightforvard
manner Value propagatiorstepsin this representatiosete‘y(t) to theright handside of
theBellmanequation.

To apply the GenPSprocedurene needto derive the gradientof the Bellmanequation
for two situations:(a) aftera singlestepin theervironment,and(b) afteravalueupdate.

In case(a), the modelchangesafter performingactions—>t. In this case,it is easyto
verify thatVQ(s,a) - &g = Ay, ,, + W (V(t) — Z; p(t' | s,a)V(t’)), and

thatVQ(s',a') - Ay = 0if s’ # sora’ # a . Thus,s is the only statewhosepriority
changes.

In case(b), the valuefunctionchangesfter updatingthe valueof a statet. In this case,
VQ(s,a)-Dg = vp(t | 5,a)Dg, , . Itis easyto seethatthisis nonzeroonlyif ¢ isreachable
from s. In both casesijt is straightforvard to locatethe stateswherethe Bellmanerror
might have have changedandthe computationof the new priority is more efficient than
computingthe Bellman-errof

Now we canrelateGenP 3o standardorioritized sweeping.The PS procedurehasthe
generalform of this applicationof GenPSwith threeminor differences.First, after per
formingatransitions—t in theervironment,PSimmediatelyperformsavaluepropagation
for states, while GenPSincrementshe priority of s. Second after performinga value
propagatiorfor statet, PSupdateghe priority of statess that canreacht with the value
max, p(t | s,a) - Ay ;- Thepriority assignedy GenP3s thesameqguantitymultiplied by
~. SincePSdoesnotintroducepriorities aftermodelchangesthis multiplicative constant
doesnot changeheorderof statesn the queue.Thirdly, GenPSusesadditionto combine
theold priority of a statewith anew one,which ensureshatthe priority is indeedanupper
bound.In contrastPSusesnaxto combinepriorities.

This discussiorshawvs that PS canbe thoughtof asa specialcaseof GenPSwvhenthe
agentusesan explicit, state-basedepresentationAs we shawv in the next section,when
the agentusesmore compactrepresentationsye get proceduresvherethe prioritization
strat@y is quite differentfrom thatusedin PS.Thus,we claim thatclassicPSis desirable
primarily whenexplicit representationareused.

reconstructhe transitionprobabilitiesp(t | s,a) =

4 Factored Representation

We now examineacompactepresentationf p(s’ | s, a) thatis basedn dynamic Bayesian
networks (DBNs) [2]. DBNSs have beencombinedwith reinforcementearningbeforein
[8], wherethey wereusedprimarily asameangyettingbettergeneralizationvhile learning.
We will showv thatthey also canbe usedwith prioritized sweepingto focusthe agents
attentionon groupsof stateghatareaffectedasthe agentrefinesits ervironmentmodel.
We startby assumindhattheenvironmentstateis describedy asetof randomvariables,
Xi,...,X,. For now, we assumethat eachvariablecantake valuesfrom a finite set
Val(X;). An assignment of valueszy, ..., z, to thesevariablesdescribesa particular
ervironmentstate. Similarly, we assumethat the agents actionis describedby random
variablesAy, . .., A;. To modelthe systemdynamicswe have to representheprobability

of transitionss-¢, wheres andt aretwo assignmentt X1, . . ., X,, anda is anassignment
to Ay, ..., Ax. To simplify thediscussionwe denoteby Y3, . . ., Y, theagents stateafter

2Formally, we areusingmultinomialDirichlet priors. See for example,[4] for anintroductionto
theseBayesiammethods.

3Although % involvesa summationover all statesjt canbe computedefficiently. To see

this, notethatthe summationis essentiallythe old value of Q(s, a) (minustheimmediatereward)
which canberetainedn memory



the actionis executed(e.g.,the statet). Thus,p(t | s,a) is represente@sa conditional
probability P(Y1, ..., Y, | X1,..., Xn, A1,..., Ap).

A DBN modelfor sucha conditionaldistribution consistsof two components. The
first is a directedacgyclic graphwhereeachvertex is labeledby a randomvariableandin
whichtheverticeslabeledXy, ..., X,, andAs, ..., A; areroots. This graphspecifieghe
factorization of the conditionaldistribution:

n

P(Y,...,Yn | X1,..., X, A1, A) = [[ P(Y: | Pay), 1)
i=1

wherePa; aretheparentof Y; in thegraph. The secondcomponenbf the DBN modelis
adescriptionof the conditionalprobabilitiesP(Y; | Pa;). Togetherthesetwo components
describea uniqueconditionaldistribution. Thesimplestrepresentatioof P(Y; | Pg;) isa
tablethatcontainsaparameteé; , . = P(Y; =y | Pa; = z) for eachpossiblecombination
of y € Val(Y;) andz € VaJ(Pa,) (notethat = is a joint assignmento several random
variables).lt is easyto seethatthe “density” of the DBN graphdetermineshe numberof
parameteraeededIn particular a complete graph,to whichwe cannotaddanarcwithout
violatingtheconstraintsis equivalentto astate-baserkpresentatiom termsof thenumber
of parameterseeded Onthe otherhand,a sparsegraphrequiresfew parameters.
Inthispaperweassumehatthelearneilis suppliedwith theDBN structureandonly hasto
learntheconditionalprobabilityentries.|t is ofteneasyto assesstructuranformationfrom
expertsevenwhenpreciseprobabilitiesarenot available. As in the state-basetepresenta-
tion, we learnthe parametersisingDirichlet priors for eachmultinomial distribution [4].
In this method,we assesshe conditionalprobability8; ,, . usingprior knowledgeandthe
frequeng of transitionsobsenedin the pastwhereY; = y amongthosetransitionswhere
Pa; = z. Learningamountgto keepingcountsh; , . thatrecordthe numberof transitions
whereY; = y andPa; = z for eachvariableY; andvaluesy € Val(Y;) andz € Val(Pa;).
Our prior knowledgeis representedy fictional countsN?, . Thenwe estimateprobabil-

1,Y,2"
ities usingtheformulad; . = ”N;Ny whereN; . , = E Niy -+ N1 oz
Wenow identify which stateshouldberemr&deredafterweupdatetheDBN paramaters

RecallthatthisrequiresestimatinghetermVQ (s, a) - Ap. Sinced is sparseaftermaking

thetransitions* &t*, we havethatVQ(s,a)-0g = >, 8‘3\,@(5 2)_ wherey} andz arethe

assignment® Y; andPa;, respectiely, in R (Recallthats , &* andt* jointly assign
valuesto all thevariablesn the DBN.)

We saythat a transitions—t is consistent with an assignmenfX = z for a vectorof
randomvariablesX, denoted(s, a,t) = (X = z), if X is assignedhe valuez in s-5t.
We alsoneeda similar notion for a partial descriptionof a transition. We saythat s and
a areconsistentwith X = z, denoted(s,a,-) = (X = =z), if thereis a ¢t suchthat
(s,a,t) F (X = 2).

Usingthis notation,we canshow thatif (s, a,-) |= (Pa; = 2}), then

d 1 5 % p V
az%.(siaz _ Nj -l X itlsaV - Y it]sal@),
5Y7 %] 5052 LY % ti(s,at) =y}, 2) t:(s,a,t) =z}

andif s, a areinconsistenwith Pa; = z7, then BQ(S “) =0.

This expressiorshavsthatif s is similarto s* in thatboth agreeonthevaluesthey assign
to the parentsof someY; (i.e., (s, a*) is consistenwith z}), thenthe priority of s would
changeafterwe updatehemodel. Themagnitudeof thepriority changedependsiponboth
the similarity of s ands* (i.e. how mary of thetermsin VQ(s, a) - Ay will be non-zero),
andthevalueof the stateghatcanbereachedrom s.
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Figurel: (a) Themazeusedin the experiment.S marksthe startspaceG the goalstate,and1, 2
and3 arethethreeflagstheagenthasto setto receve thereward. (b) TheDBN structurehatcaptures
theindependenciein this domain.(c) A graphshaving the performancef thethreeproceduresn
thisexample.PS is GenPSwith a state-basethodel,PS+factored is the sameproceduréout with a
factoredmodel,andGenPS exploits the factoredmodelin prioritization. Eachcurwe is theaverage
of 5runs.

Theevaluationof (.9‘3\,9(7?‘)* requiresusto sumover asubsebf the states-namelythose
k=

statest that are consistentvith z¥. Unfortunately in the worst casethis will be alarge
fragmentbof thestatespace If thenumberof environmentstatess notlarge,thenthis might
be areasonableostto payfor the additionalbenefitsof GenPSHowever, this mightbea
burdensomevhenwe have alarge statespacewhich arethe casesvherewe expectto gain
themostbenefitfrom usinggeneralizedepresentationsuchasDBN.

In thesesituationswe proposea heuristicapproactor estimatingVQ (s, a)Ay without
summingoverlargenumberf statefor computinghechangeof priority for eachpossible

state. This canbe doneby finding upperboundson or estimatesf (.;3\,9(73;“1. Oncewe
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have computedheseestimatesye canestimatethe priority changefor eachstates. We
usethenotations ~; s* if s ands* bothagreeontheassignmento Pa;. If C; is anupper
boundon (or anestimateof) ‘W‘ we havethat|VQ(s,a)0g,, | < 35,4 Civ

Thus,to evaluatethe priority of states, we simply find how “similar” it is to s*. Note
thatit is relatively straightforvardto usethis equatiorto enumeratall the statesvherethe
priority changemightbelarge. Finally, we notethattheuseof aDBN asa modeldoesnot
changethe way we updatepriorities after a value propagatiorstep. If we usean explicit
table of values,thenwe would updatepriorities asin the previous section. If we usea
compacidescriptiorof the valuefunction,thenwe canapply GenPSo gettheappropriate
updaterule.

5 An Experiment

We conductedan experimentto evaluatethe effect of using GenPSwith a generalizing
model. We useda mazedomainsimilar to the one describedn [6]. The maze,shovn
in Figure1(a), contains59 cells, and 3 binary flags, resultingin 59 x 23 = 472 possible
states. Initially the agentis at the startcell (marked by S) andthe flagsarereset. The
agenthasfour possibleactions,up, down, left, andright, that succeedB0% of the time,
and20% of thetime the agentmovesin an unintendedberpendiculadirection. Thei'th
flag is setwhenthe agentleavesthe cell marked by i. The agentrecevesa rewardwhen
it arrivesat the goalcell (markedby G) andall of theflagsareset. In this situation,ary
actionresetdhegame.As notedin [6], thiservironmentexhibitsindependenciesNamely
the probability of transitionfrom onecell to anotherdoesnot dependon the flag settings.



Theseindependenciesanbe capturedeasilyby thesimpleDBN shawn in Figurel(b) Our
experimentis designedo testthe extentto which GenP Sexploits the knowledgeof these
independenciefor fasterearning.

We testedthree procedures. The first is GenPS,which usesan explicit state-based
model. As explainedabove, this variantis essentiallyPS. The secondprocedureusesa
factoredmodel of the erwvironmentfor learningthe modelparametershut usesthe same
prioritization stratgy asthe first one. Thethird procedureusesthe GenPSprioritization
stratgly we describein Section4. All three proceduresisethe Boltzman exploration
stratgyy (seefor example[5]). Finally, in eachiterationtheseprocedureprocessat most
10 statesrom the priority queue.

Theresultsareshavn in Figure1(c). As we cansee,the GenPS procedurecornverged
fasterthantheprocedureshatusedclassicPS. As we cansee by usingthefactorednodel
we gettwo improvements. The first improvementis dueto generalizatiorin the model.
This allows theagentto learna goodmodelof its ervironmentafterfewer iterations. This
explainswhy PS+factored corvergesfasterthanPS. The secondmprovements dueto
thebetterprioritizationstrateyy. This explainsthefastercorvergenceof GenPS.

6 Discussion

We have presentea generaimethodfor approximatingthe optimaluseof computational
resourcesluring reinforcementearning. Like classicprioritized sweeping,our method
aimsto performonly the mostbeneficialvaluepropagationsBy usingthe gradientof the
Bellmanequationour methodgeneralizesheunderlyingprinciplein prioritizedsweeping.
The generalizedprocedurecanthenbe appliednot only in the explicit, state-basedase,
but in casesvhereapproximatorareusedfor the model. The generalizegrocedurealso
extendsto casesvherea functionapproximatorsuchasthatdiscussedn [3]) is usedfor
thevaluefunction,andfuturework will empiricallytestthis applicationof GenPSWe are
currentlyworking on applyingGenPSo othertypesof modelandfunctionapproximators.
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