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Abstract
Prioritized sweeping is a model-based reinforcementlearningmethod
that attemptsto focus an agent’s limited computationalresourcesto
achieveagoodestimateof thevalueof environmentstates.To chooseef-
fectivelywhereto spendacostlyplanningstep,classicprioritizedsweep-
ing usesa simpleheuristicto focuscomputationon the statesthat are
likely to have thelargesterrors. In this paper, we introducegeneralized
prioritized sweeping, a principledmethodfor generatingsuchestimates
in a representation-specificmanner. This allows usto extendprioritized
sweepingbeyondanexplicit, state-basedrepresentationtodealwith com-
pactrepresentationsthatarenecessaryfor dealingwith largestatespaces.
We apply this methodfor generalizedmodel approximators(such as
Bayesiannetworks),anddescribepreliminaryexperimentsthatcompare
ourapproachwith classicalprioritizedsweeping.

1 Introduction
In reinforcementlearning,thereis a tradeoff betweenspendingtime acting in the envi-
ronmentandspendingtime planningwhatactionsarebest. Model-freemethodstake one
extremeon this question—theagentupdatesonly thestatemostrecentlyvisited. On the
otherendof thespectrumlie classicaldynamicprogrammingmethodsthat reevaluatethe
utility of everystatein theenvironmentaftereveryexperiment.Prioritizedsweeping(PS)
[6] providesamiddlegroundin thatonly themost“important”statesareupdated,according
to apriority metricthatattemptsto measuretheanticipatedsizeof theupdatefor eachstate.
Roughlyspeaking,PSinterleavesperformingactionsin theenvironmentwith propagating
thevaluesof states.After updatingthevalueof state� , PSexaminesall states� from which
theagentmight reach� in onestepandassignsthempriority basedontheexpectedsizeof
thechangein their value.

A crucial desideratumfor reinforcementlearningis the ability to scale-upto complex
domains.For this,weneedtousecompact (orgeneralizing) representationsof themodel and
thevaluefunction. While it is possibleto applyPSin thepresenceof suchrepresentations
(e.g.,see[1]), weclaimthatclassicPSis ill-suited in thiscase.With ageneralizingmodel,
a singleexperiencemayaffectour estimationof thedynamicsof many otherstates.Thus,
we might want to updatethevalueof statesthataresimilar, in someappropriatesense,to� sincewe have a new estimateof thesystemdynamicsat thesestates.Notethatsomeof
thesestatesmight never have beenreachedbeforeandstandardPSwill not assignthema
priority atall.



In thispaper, wepresentgeneralized prioritized sweeping (GenPS),amethodthatutilizes
a formal principle to understandand extend PS and extend it to deal with parametric
representationsfor boththemodelandthevaluefunction. If GenPSis usedwith anexplicit
state-spacemodelandvaluefunction representation,an algorithmsimilar to the original
(classic)PSresults. Whena modelapproximator(suchasa dynamic Bayesian network
[2]) is used,the resultingalgorithm prioritizes the statesof the environmentusing the
generalizationsinherentin themodelrepresentation.

2 The Basic Principle

We assumethe readeris familiar with the basicconceptsof Markov Decision Processes
(MDPs); see,for example, [5]. We usethe following notation: A MDP is a 4-tuple,�����
	���������

where
�

is a set of states,
	

is a set of actions,
��� ����� �
��� is a transition

model that capturesthe probability of reachingstate � after we executeaction
�

at state� , and
��� � � is a reward function mapping

�
into real-valuedrewards. In this paper, we

focuson infinite-horizonMDPswith a discountfactor � . Theagent’s aim is to maximize
the expecteddiscountedtotal reward it will receive. Reinforcementlearningprocedures
attemptto achievethisobjectivewhentheagentdoes not know

�
and

�
.

A standardproblemin model-based reinforcementlearningis oneof balancingbetween
planning(i.e., choosinga policy) and execution. Ideally, the agentwould computethe
optimalvaluefunctionfor its modelof theenvironmenteachtimethemodelchanges.This
schemeis unrealisticsincefinding theoptimalpolicy for agivenmodelis computationally
non-trivial. Fortunately, wecanapproximatethisschemeif wenoticethattheapproximate
modelchangesonly slightly at eachstep. Thus,we canassumethat the valuefunction
from thepreviousmodelcanbeeasily“repaired”to reflectthesechanges.This approach
was pursuedin the DYNA [7] framework, whereafter the executionof an action, the
agentupdatesits model of the environment,and then performssomeboundednumber
of valuepropagationstepsto updateits approximationof thevaluefunction. Eachvalue-
propagationsteplocallyenforcestheBellman equation by settingˆ� � � ��� max���� ˆ! � � �
���"�
where ˆ! � � �#���%$ ˆ

�&� � �(' �*),+.- �0/ ˆ
��� ��12�3� �#��� ˆ� � ��1 � , ˆ

��� ��14�5� �
��� and ˆ
�&� � � arethe agent’s

approximationof theMDP, and ˆ� is theagent’sapproximationof thevaluefunction.
This raisesthequestionof whichstatesshouldbeupdated.In this paperweproposethe

following generalprinciple:
GenPS Principle: Updatestateswheretheapproximationof thevalue
functionwill changethemost.Thatis, updatethestateswith thelargest
Bellman error, 6 � � ��$ � ˆ� � � �(7 max���� ˆ! � � �
��� � .

Themotivationfor thisprincipleis straightforward.ThemaximumBellmanerrorcanbe
usedto boundthemaximumdifferencebetweenthecurrentvaluefunction, ˆ� � � � andthe
optimal valuefunction,

�98 � � � [9]. This differenceboundsthe policy loss, the difference
betweentheexpecteddiscountedrewardreceivedundertheagent’s currentpolicy andthe
expecteddiscountedrewardreceivedundertheoptimalpolicy.

To carryoutthisprinciplewehaveto recognizewhentheBellmanerroratastatechanges.
Thiscanhappenattwo differentstages.First,aftertheagentupdatesits modelof theworld,
new discrepanciesbetweenˆ� � � � andmax� ˆ! � � �
��� mightbeintroduced,whichcanincrease
the Bellmanerror at � . Second,after the agentperformssomevaluepropagations,̂

�
is

changed,whichmayintroducenew discrepancies.
We assumethattheagentmaintainsa valuefunctionanda modelthatareparameterized

by :�; and :0< . (We will sometimesrefer to the vector that concatenatesthesevectors
togetherinto asingle,largervectorsimplyas : .) Whentheagentobservesatransitionfrom
state � to � 1 underaction

�
, the agentupdatesits environmentmodelby adjustingsome

of the parametersin : < . Whenperformingvalue-propagations,the agentupdatesˆ� by
updatingparametersin :�; . A changein any of theseparametersmaychangetheBellman
error at otherstatesin the model. We want to recognizethesestateswithout explicitly



computingthe Bellmanerror at eachone. Formally, we wish to estimatethe changein
error, �∆ =?> +�@ � , dueto themostrecentchange∆ A in theparameters.

We proposeapproximating�∆ =?> +B@ � by usingthe gradientof the right handsideof the
Bellmanequation(i.e. max� ˆ! � � �
��� ). Thus,we have: �∆ =?> +B@ ��CD� E max� ˆ! � � �
���GF ∆ A��
which estimatesthechangein theBellmanerrorat state � asa functionof thechangein
ˆ! � � �#��� . Theabovestill requiresusto differentiateoveramax, which is notdifferentiable.

In general,we want to to overestimatethe change,to avoid “starving” stateswith non-
negligible error. Thus, we usethe following upperbound: HH E � max� ˆ! � � �
�����IF ∆ A�HH%J
max�4HH E ˆ! � � �
���IF ∆ A&HHLK

Wenow definethegeneralizedprioritizedsweepingprocedure.Theproceduremaintains
apriority queuethatassignstoeachstate� apriority,pri

� � � . After makingsomechanges,we
canreassignprioritiesby computinganapproximationof thechangein thevaluefunction.

Ideally, this is doneusingaprocedurethatimplementsthefollowing steps:

procedure update-priorities M ∆ NPO
for all QSR9T pri MUQPO�V pri MUQWO�X maxY�Z [ ˆ\ MUQ�].^_O3` ∆ N0Z .

Note thatwhentheabove procedureupdatesthepriority for a statethathasanexisting
priority, the priorities areaddedtogether. This ensuresthat the priority beingkept is an
overestimateof thepriority of eachstate,andthus,theprocedurewill eventuallyvisit all
statesthatrequireupdating.

Also, in practicewewouldnotwantto reconsiderthepriority of all statesafteranupdate
(wereturnto this issuebelow).

Usingthisprocedure,wecannow statethegenerallearningprocedure:

procedure GenPS ()
loop

perform an action in the environment
update the model; let ∆ N be the change in a
call update-priorities M ∆ N�O
while there is available computation time

let Q max b argmaxc pri MUQPO
perform value-propagation for ˆd MUQ maxO ; let ∆ N be the change in a
call update-priorities M ∆ N�O
pri MUQ maxO�VeZ ˆd MUQ maxO5f maxY ˆ\ MUQ max ]g^hO"Z 1

NotethattheGenPSproceduredoesnotdeterminehow actionsareselected.This issue,
which involvestheproblemof exploration,is orthogonalto theour main topic. Standard
approaches,suchasthosedescribedin [5, 6, 7], canbeusedwith ourprocedure.

Thisabstractdescriptionspecifiesneitherhow to updatethemodel,norhow to updatethe
valuefunction in thevalue-propagationsteps.Both of thesedependon thechoicesmade
in the correspondingrepresentationof the modelandthe valuefunction. Moreover, it is
clearthat in problemsthat involve a largestatespace,we cannotafford to recomputethe
priority of every statein update-priorities. However, we cansimplify this computation
by exploiting sparsenessin themodelandin theworstcasewe mayresortto approximate
methodsfor finding thestatesthatreceivehighpriority aftereachchange.

3 Explicit, State-based Representation

In this sectionwe briefly describetheinstantiationof thegeneralizedprocedurewhenthe
rewards,values,andtransitionprobabilitiesareexplicitly modeledusinglookuptables.In
thisrepresentation,for eachstate� , westoretheexpectedrewardat � , denotedby : ˆi > +�@ , the
estimatedvalueat � , denotedby : ˆ; > +B@ , andfor eachaction

�
andstate� thenumberof times

theexecutionof
�

at � leadto state� , denotedj +#k � k l . Fromthesetransitioncountswe can

1In general,thiswill assignthestateanew priority of 0, unlessthereis aself loop. In thiscaseit
will easyto computethenew Bellmanerrorasaby-productof thevaluepropagationstep.



reconstructthe transitionprobabilities ˆ
��� �9�5� �#����$ m?nBo p"o qsr�m 0nBo pto q) q - m n.o p"o qu- r�m 0nBo pto q - , where j 0+"k � k l are

fictional counts thatcaptureourprior informationaboutthesystem’sdynamics.2 After each
stepin theworld, theserewardandprobabilityparametersareupdatedin thestraightforward
manner. Valuepropagationstepsin this representationset : ˆ; > lU@ to the right handsideof
theBellmanequation.

To apply theGenPSprocedurewe needto derive thegradientof theBellmanequation
for two situations:(a)aftera singlestepin theenvironment,and(b) afteravalueupdate.

In case(a), the modelchangesafter performingaction � �v � . In this case,it is easyto
verify that E ! � � �
���wF ∆ A $ ∆ A ˆx.y q{z ' |) q m nBo p"o q r}m 0nBo p"o q ~ � � � �(7 ) 1l ˆ

��� � 1 ��� �#��� � � � 1 �B� , and

that E ! � � 1 �#� 1 ��F ∆ A $ 0 if � 1��$ � or
� 1��$��

. Thus, � is the only statewhosepriority
changes.

In case(b), thevaluefunctionchangesafterupdatingthevalueof a state� . In this case,E ! � � �#�&�&F ∆ A $ � ˆ
�3� ���0� �
��� ∆ A ˆ� y quz . It is easytoseethatthisis nonzeroonly if � is reachable

from � . In both cases,it is straightforward to locatethe stateswherethe Bellmanerror
might have have changed,andthecomputationof the new priority is moreefficient than
computingtheBellman-error.3

Now we canrelateGenPSto standardprioritizedsweeping.ThePSprocedurehasthe
generalform of this applicationof GenPSwith threeminor differences.First, after per-
formingatransition� �v � in theenvironment,PSimmediatelyperformsavaluepropagation
for state � , while GenPSincrementsthe priority of � . Second,after performinga value
propagationfor state� , PSupdatesthepriority of states� that canreach� with thevalue
max� ˆ

�}� ���0� �
����F ∆ ˆ; > lU@ . Thepriority assignedby GenPSis thesamequantitymultipliedby� . SincePSdoesnot introduceprioritiesaftermodelchanges,this multiplicativeconstant
doesnotchangetheorderof statesin thequeue.Thirdly, GenPSusesadditionto combine
theold priority of astatewith anew one,whichensuresthatthepriority is indeedanupper
bound.In contrast,PSusesmaxto combinepriorities.

This discussionshows that PScanbe thoughtof asa specialcaseof GenPSwhenthe
agentusesan explicit, state-basedrepresentation.As we show in the next section,when
the agentusesmorecompactrepresentations,we get procedureswherethe prioritization
strategy is quitedifferentfrom thatusedin PS.Thus,we claim thatclassicPSis desirable
primarily whenexplicit representationsareused.

4 Factored Representation

Wenow examineacompactrepresentationof ˆ
��� � 1 �0� �
��� thatis basedondynamic Bayesian

networks (DBNs) [2]. DBNs have beencombinedwith reinforcementlearningbeforein
[8], wherethey wereusedprimarily asameansgettingbettergeneralizationwhile learning.
We will show that they alsocan be usedwith prioritized sweepingto focus the agent’s
attentionongroupsof statesthatareaffectedastheagentrefinesits environmentmodel.

Westartbyassumingthattheenvironmentstateis describedbyasetof random variables,�
1
� KWKLK � ��� . For now, we assumethat eachvariablecan take valuesfrom a finite set

Val
� ��� �

. An assignment of values � 1
� KWKWK � � � to thesevariablesdescribesa particular

environmentstate. Similarly, we assumethat the agent’s action is describedby random
variables� 1

� KWKLK � ��� . To modelthesystemdynamics,wehaveto representtheprobability
of transitions� �v � , where� and� aretwoassignmentsto

�
1
� KWKLK � ��� and

�
isanassignment

to � 1
� KWKLK � � � . To simplify thediscussion,we denoteby � 1

� KWKLK � � � theagent’s stateafter

2Formally, weareusingmultinomialDirichlet priors. See,for example,[4] for anintroductionto
theseBayesianmethods.

3Although � ˆ��� c�� YP���� nBo p"o q involvesa summationover all states,it canbe computedefficiently. To see

this, notethat the summationis essentiallythe old valueof
\ MUQ�].^_O (minusthe immediatereward)

whichcanberetainedin memory.



the actionis executed(e.g.,the state � ). Thus,
��� ���3� �
��� is representedasa conditional

probability � � � 1
� KLKWK � � � � � 1

� KWKLK � ��� � � 1
� KLKWK � � � � .

A DBN model for sucha conditionaldistribution consistsof two components. The
first is a directedacyclic graphwhereeachvertex is labeledby a randomvariableandin
which theverticeslabeled

�
1
� KWKLK � ��� and � 1

� KWKLK � � � areroots. This graphspecifiesthe
factorization of theconditionaldistribution:

� � � 1
� KLKWK � � � � � 1

� KWKLK � ��� � � 1
� KLKWK � � � ��$

���{�
1

� � � � � Pa
� �"�

(1)

wherePa
�

aretheparentsof � � in thegraph.Thesecondcomponentof theDBN modelis
a descriptionof theconditionalprobabilities� � � � � Pa

� �
. Together, thesetwo components

describea uniqueconditionaldistribution. Thesimplestrepresentationof � � � � � Pa
� �

is a
tablethatcontainsaparameter: � k ��k � $ � � � � $�� � Pa

� $����
for eachpossiblecombination

of
�¡ 

Val
� � � � and

�¢ 
Val

� � � � � (note that
�

is a joint assignmentto several random
variables).It is easyto seethatthe“density” of theDBN graphdeterminesthenumberof
parametersneeded.In particular, acomplete graph,to whichwecannotaddanarcwithout
violatingtheconstraints,isequivalenttoastate-basedrepresentationin termsof thenumber
of parametersneeded.On theotherhand,a sparsegraphrequiresfew parameters.

In thispaper, weassumethatthelearnerissuppliedwith theDBN structureandonlyhasto
learntheconditionalprobabilityentries.It isofteneasytoassessstructureinformationfrom
expertsevenwhenpreciseprobabilitiesarenotavailable.As in thestate-basedrepresenta-
tion, we learntheparametersusingDirichlet priors for eachmultinomialdistribution [4].
In this method,we assesstheconditionalprobability : � k �£k � usingprior knowledgeandthe
frequency of transitionsobservedin thepastwhere � � $,�

amongthosetransitionswhere
Pa
� $,�

. Learningamountsto keepingcountsj � k �£k � thatrecordthenumberof transitions
where � � $¤�

andPa
� $¥�

for eachvariable � � andvalues
�¦ 

Val
� � � � and

�§ 
Val

�
Pa
� �

.
Ourprior knowledgeis representedby fictionalcountsj 0� k ��k � . Thenweestimateprobabil-

itiesusingtheformula : � k �£k � $ m?¨ o ©"o ª r�m 0¨ o ©"o ªm}¨ o « o ª �
wherej � k¬k � $ ) � - j � k � - k � ' j 0� k � - k � .

Wenow identifywhichstatesshouldbereconsideredafterweupdatetheDBN parameters.
Recallthatthisrequiresestimatingtheterm E ! � � �
���®F ∆ A . Since∆ A is sparse,aftermaking

thetransition� 8 �W¯v � 8 , wehavethat E ! � � �#�&�}F ∆ A $ ) �±°£² > +#k � @° m ¨ o © ¯¨ o ª ¯¨ , where
� 8�

and
� 8�

arethe

assignmentsto � � andPa
�
, respectively, in � 8 �W¯v � 8 . (Recallthat � 8 , � 8 and � 8 jointly assign

valuesto all thevariablesin theDBN.)
We saythat a transition � �v � is consistent with an assignment

� $ � for a vectorof
randomvariables

�
, denoted

� � �#�³� � � � $´� � $ � � , if
�

is assignedthe value � in � �v � .
We alsoneeda similar notion for a partial descriptionof a transition. We saythat � and�

are consistentwith
� $ � , denoted

� � �#���WFµ� � $¶� � $ � � , if there is a � suchthat� � �#�³� � � � $·� � $ � � .
Usingthisnotation,wecanshow thatif

� � �
���LF� � $·�
Pa
� $,� 8� �

, then¸ ! � � �
���¸ j � k � ¯¨ k � ¯¨ $ �j � k¬k � ¯¨
¹º

1: � k � ¯¨ k � ¯¨ »l : > +#k � k lU@B¼ � � ¯¨ k � ¯¨ ˆ
��� �S��� �#��� ˆ� � � �I7 »l : > +#k � k lU@B¼ � � ¯¨ ˆ

��� �S��� �#��� ˆ� � � �s½¾¿�
andif � �#� areinconsistentwith Pa

� $¡� 8�
, then °£² > +#k � @° m ¨ o © ¯¨ o ª ¯¨ $ 0.

Thisexpressionshowsthatif � is similar to � 8 in thatbothagreeonthevaluesthey assign
to theparentsof some� � (i.e.,

� � �
� 8 � is consistentwith
� 8�

), thenthepriority of � would
changeafterweupdatethemodel.Themagnitudeof thepriority changedependsuponboth
thesimilarity of � and � 8 (i.e. how many of thetermsin E ! � � �#�&�wF ∆ A will benon-zero),
andthevalueof thestatesthatcanbereachedfrom � .
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Figure1: (a) Themazeusedin theexperiment.S marksthestartspace,G thegoalstate,and1, 2
and3 arethethreeflagstheagenthasto setto receivethereward. (b)TheDBN structurethatcaptures
theindependenciesin this domain.(c) A graphshowing theperformanceof thethreeprocedureson
thisexample.PS is GenPSwith astate-basedmodel,PS X factored is thesameprocedurebut with a
factoredmodel,andGenPS exploits thefactoredmodelin prioritization. Eachcurve is theaverage
of 5 runs.

Theevaluationof °�² > +#k � @° m ¨ o © ¯¨ o ª ¯¨ requiresusto sumoverasubsetof thestates–namely, those

states� that areconsistentwith
� 8�

. Unfortunately, in the worst casethis will be a large
fragmentof thestatespace.If thenumberof environmentstatesis not large,thenthismight
bea reasonablecostto payfor theadditionalbenefitsof GenPS.However, this might bea
burdensomewhenwehavealargestatespace,whicharethecaseswhereweexpectto gain
themostbenefitfrom usinggeneralizedrepresentationssuchasDBN.

In thesesituations,we proposea heuristicapproachfor estimatingE ! � � �#�&� ∆ A without
summingoverlargenumbersof statesfor computingthechangeof priority for eachpossible
state. This canbe doneby finding upperboundson or estimatesof °�² > +#k � @° m ¨ o © ¯¨ o ª ¯¨ . Oncewe

have computedtheseestimates,we canestimatethepriority changefor eachstate � . We
usethenotation �ÜÛ � � 8 if � and � 8 bothagreeon theassignmentto Pa

�
. If Ý � is anupper

boundon (or anestimateof)
HHHH °£² > +"k � @° m ¨ o © ¯¨ o ª ¯¨ HHHH , wehave that � E ! � � �
��� ∆ A�Þß� J ) �

: +Bà ¨ + ¯ Ý � K
Thus,to evaluatethepriority of state� , we simply find how “similar” it is to � 8 . Note

thatit is relatively straightforwardto usethisequationto enumerateall thestateswherethe
priority changemightbelarge. Finally, wenotethattheuseof aDBN asamodeldoesnot
changetheway we updateprioritiesaftera valuepropagationstep. If we useanexplicit
tableof values,thenwe would updatepriorities as in the previous section. If we usea
compactdescriptionof thevaluefunction,thenwecanapplyGenPSto gettheappropriate
updaterule.

5 An Experiment

We conductedanexperimentto evaluatetheeffect of usingGenPSwith a generalizing
model. We useda mazedomainsimilar to the onedescribedin [6]. The maze,shown
in Figure1(a),contains59 cells,and3 binaryflags,resultingin 59 á 23

$
472possible

states. Initially the agentis at the startcell (marked by S) andthe flagsarereset. The
agenthasfour possibleactions,up, down, left, andright, that succeed80% of the time,
and20%of the time theagentmovesin anunintendedperpendiculardirection. The â ’ th
flag is setwhentheagentleavesthecell markedby â . Theagentreceivesa rewardwhen
it arrivesat thegoalcell (markedby G) andall of theflagsareset. In this situation,any
actionresetsthegame.As notedin [6], thisenvironmentexhibitsindependencies.Namely,
theprobabilityof transitionfrom onecell to anotherdoesnot dependon theflag settings.



Theseindependenciescanbecapturedeasilyby thesimpleDBN shown in Figure1(b)Our
experimentis designedto testtheextentto which GenPSexploits theknowledgeof these
independenciesfor fasterlearning.

We testedthree procedures. The first is GenPS,which usesan explicit state-based
model. As explainedabove, this variant is essentiallyPS.The secondprocedureusesa
factoredmodelof the environmentfor learningthe modelparameters,but usesthe same
prioritizationstrategy asthe first one. The third procedureusesthe GenPSprioritization
strategy we describein Section4. All threeproceduresusethe Boltzmanexploration
strategy (seefor example[5]). Finally, in eachiterationtheseproceduresprocessat most
10statesfrom thepriority queue.

Theresultsareshown in Figure1(c). As we cansee,theGenPS procedureconverged
fasterthantheproceduresthatusedclassicPS. As wecansee,by usingthefactoredmodel
we get two improvements.The first improvementis dueto generalizationin the model.
Thisallows theagentto learna goodmodelof its environmentafterfewer iterations.This
explainswhy PS

'
factored convergesfasterthanPS. Thesecondimprovementis dueto

thebetterprioritizationstrategy. Thisexplainsthefasterconvergenceof GenPS.

6 Discussion

We have presenteda generalmethodfor approximatingtheoptimaluseof computational
resourcesduring reinforcementlearning. Like classicprioritized sweeping,our method
aimsto performonly themostbeneficialvaluepropagations.By usingthegradientof the
Bellmanequationourmethodgeneralizestheunderlyingprinciplein prioritizedsweeping.
The generalizedprocedurecanthenbe appliednot only in the explicit, state-basedcase,
but in caseswhereapproximatorsareusedfor themodel. Thegeneralizedprocedurealso
extendsto caseswherea functionapproximator(suchasthatdiscussedin [3]) is usedfor
thevaluefunction,andfuturework will empiricallytestthisapplicationof GenPS.We are
currentlyworkingonapplyingGenPSto othertypesof modelandfunctionapproximators.
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