
StepSizeAdaptation in Evolution Strategiesusing ReinforcementLearning
Sibylle D. Müller, Nicol N. Schraudolph,PetrosD. Koumoutsakos

Instituteof ComputationalSciences
SwissFederalInstituteof Technology
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Abstract- Wediscussthe implementation of a learning al-
gorithm for determining adaptation parameters in evo-
lution strategies. As an initial test case,we consider the
application of reinforcementlearning for determining the
relationship betweensuccessrates and the adaptation of
step sizes in the (1+1)-evolution strategy. The results
fr om the new adaptive schemewhen applied to several
test functions arecomparedwith thoseobtained fr om the
(1+1)-evolution strategy with a priori selectedparame-
ters. Our resultsindicate that assigninggoodrewardmea-
suresseemsto be crucial to the performanceof the com-
bined strategy.

1 Intr oduction

The developmentof stepsize adaptationschemesfor evo-
lution strategies(ES) hasreceivedmuchattentionin the ES
community. Startingfrom anearlyattempt,theso-called“1/5
successrule” [1], appliedon two-memberedES’s, mutative
stepsizecontrol[2] andself-adaptationschemes[3] werede-
veloped,followedby derandomizedmutationalstepsizecon-
trol schemes[4], [5]. The latter two methodshave become
state-of-the-arttechniquesthat are usually implementedin
ES’s. Thesecontrol schemesemploying empiricalrulesand
parametershave beenproven successfulfor solving a wide
rangeof real-world optimizationproblems.

We considerreplacingapriori definedadaptationrulesby
a moregeneralmechanismthatcanadaptthestepsizesdur-
ing theevolutionaryoptimizationprocessautomatically. The
key conceptinvolvesthe useof a learningalgorithmfor the
online stepsizeadaptation.This implies that the optimiza-
tion algorithmis notsuppliedwith apre-determinedstepsize
adaptationrule but insteadtherulesareevolvedby meansof
learning.

As aninitial testfor our approach,we considertheappli-
cationof reinforcementlearning(RL) to the1/5 successrule
in a two-memberedES.

In Section 2, we present the concept of RL and an
overview of algorithmsconsideredfor our problem. The
combinationof RL with the ES is shown in Section3 and
resultsarepresentedin Section4.

2 ReinforcementLearning

Reinforcementlearning(RL) is alearningtechniquein which
anagentlearnsto find optimalactionsfor thecurrentstateby
interactingwith its environment. The agentshouldlearn a
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Figure 1: The interaction betweenenvironment
andagentin RL.

control strategy, also referredto aspolicy, that choosesthe
optimal actionsfor the currentstateto maximizeits cumu-
lative reward. For this purpose,the agentis given a reward
by anexternaltrainerfor eachactiontaken. The rewardcan
be immediateor delayed.SampleRL applicationsarelearn-
ing to play boardgames(e.g.Tesauro’s backgammon[7]) or
learningto controlmobilerobots,seee.g.[6]. In therobotex-
ample,therobot is theagent thatcansenseits environments
suchthat it knows its location, i.e., its state. The robot can
decidewhich action to choose,e.g.,to moveaheador to turn
from onestateto thenext. Thegoalmaybeto reachapartic-
ular locationandfor thispurposetheagenthasto learnapol-
icy. Thediagramin Figure1 shows the interactionbetween
agentandenvironmentin RL.

2.1 The Learning Task

The learningtaskcanbe divided into discretetime steps,
�
.

Theagentdeterminesateachsteptheenvironmentalstate��� ,
anddecidesuponanaction ��� . By performingthisaction,the
agentis transferredto a new state�����	��

��������������� andgiven
a reward �����	� . This reward is usedto updatea valuefunc-
tion that canbe eithera state-valuefunction ��������� depend-
ing on statesor an action-valuefunction ����������� � depend-
ing on statesandactions. To eachstateor state-actionpair,
thelargestexpectedfuturerewardis assignedby theoptimal
valuefunctions �"!#���$� or �%!#�����&��� , respectively. Theoptimal
state-value function �'!(���$� can be learnedonly if both the
reward function � andthe function � that describeshow the
agentis transferredfrom state��� to state�����	� areexplicitely
known. Usually, however, � and � areunknown, In this case,
theoptimalaction-valuefunction �%!(������� � canbelearned.



2.2 Temporal Differ enceLearning

In this paper, we consideronly RL methodsfor which the
agentcanlearnthe � function, therebybeingableto select
optimalactionswithoutknowing explicitely therewardfunc-
tion � and the function for the state ��������� � resulting from
applying action � on state � . From this classof Temporal
Differencelearning(TD), wepresenttwo algorithms,namely� -learning and SARSA. Both needto wait only until the
next time stepto determinetheincrementto �)��� � �&� � � . Such
techniques,denotedasTD(0) schemes,combinethe advan-
tagesof bothDynamicProgrammingandMonteCarlometh-
ods [8]. The differencebetween � -learning and SARSA
lies in the treatmentof estimation(updatingthe valuefunc-
tion) and choiceof a policy (selectingan action). In off-
policy algorithmssuchas � -learning,thechoiceandthees-
timation of a policy areseparated.In on-policy algorithms
suchas SARSA, the choiceand the estimationof a policy
are combined. Experimentsin the “Clif f Walking” exam-
ple in [8] compare� -learningand SARSA. The resultsof
theseexperimentsindicate that the � -learningmethodap-
proachesthegoal fasterbut it fails moreoftenthanSARSA.
Focussingmoreon safetythanon speed,we decidedto im-
plementSARSA for our online learningproblempresented
in the next section. It shouldbe notedthat the convergence
of SARSA(0) wasproven only recently[10]. The SARSA
pseudocodereadsasshown in Figure2 [8].

Initialize *,+.-�/10�23/�4 arbitrarily.

Repeat (for each episode):

Initialize - / .
Choose 2 / from - / using policy derived from *5+.- / 0�2 / 4
using e.g. an 6 -greedy selection scheme.

Repeat (for each step of episode):

Take action 27/ , observe 89/ , -�/.: ; .
Choose 23/.: ; from -9/.: ; using policy from *5+.-9/.: ;<0=23/.: ;�4
using e.g. an 6 -greedy selection scheme.*5+.-9/90�27/>4@?A*5+B-�/&0�23/>4 �%CED 89/.: ; ��F *,+.-�/B:�;30�23/B: ;�4 GH*5+.-�/10�23/�4BI-�/J?K-9/.: ;�0�27/J?K23/B:�;

until -�/ is terminal.

Figure2: TheSARSAalgorithm

2.3 Learning Parameters

SARSA employs threelearningparameters:L is a learning
rate, M a discountfactor, and N a greedinessparameter. Con-
stantlearningratesL cannotbeusedbecausewehaveto deal
with a non-deterministicenvironment. For the considered
problem,a learningrateof

L	�O
 PQ%R ��� � �&� � � (1)

is recommendedin [11] where
Q'R

is thetotalnumberof times
thestate-actionpair �����<�&���9� hasbeenvisiteduntil andinclud-
ing the

�
-th iteration. DiscountfactorsM
S P

arenecessary

for continuinglearningtasksthat aredealtwith, in orderto
avoid that the expectedfuture reward becomesinfinite. We
set MT
VU@W X arbitrarily. The greedinessparameterN means
thattheactionwith thehighestvaluefunctionis chosenwith
aprobability � P,Y N(� (greedyaction-selection)andthatanac-
tion is selectedat randomwith (a small) probability N . We
chooseN�

U@W P .
3 Combination of RL and ES

Theideais to useaRL methodto learnastepsizeadaptation
rule in ES’s. Weconsidera two-memberedESemploying the
1/5 successrule. The1/5 successrule wasoriginally formu-
latedasfollows [9]:

After every Z mutations,check howmanysuccesseshave
occured over the preceding

P U(Z mutations. If this number
is lessthan [\Z , multiply the steplengthsby the factor 0.85;
dividethemby0.85if more than [\Z successesoccured.

In our approach,the frequency with which stepsizesare
updatedis kept the same(afterevery

P U#Z mutations).Also,
thestepsizeadaptationfactorof 0.85remainsconstant.

RL is introducedto learnfrom themeasuredstates,i.e. the
successrates;theactionscanbe(1) to increasethestepsize
(divideby thestepsizeadaptationfactor),(2) to decreasethe
stepsize(multiply by thestepsizeadaptationfactor),or (3) to
keepthestepsizeconstant.As thesuccessrateis determined
by lookingbackoverthelast

P U(Z mutations,thetotalnumber
of different statesis

P U#Z^] P
, including the caseof a suc-

cessrateof zero. Therefore,the �_������� � tableto be learned
consistsof � P U#Z)] P �O`�a state-actionpairs.We describefour
differentapproachesto assignrewardsin Section4. �_�����&���
is initializedwith uniformly randomnumbersfrom therange
[-1,1]. The combinedalgorithm is called (1+1)-RL-ES,or
shortRL-ES.

4 Results

TheRL algorithmis testedin theoptimizationof thesphere
andtheRosenbrockfunctionin severaldimensionsandcom-
paredwith the original (1+1)-ES.The two functionsarede-
finedas

1. b -�c�d$e�8<e �>f,�E

gihj.k � �>l j YmP �9n#��o +qp<4 
 P ��f +rp�4 

st�
2. b\uwv -9e h�x 8 v�y�z �>f,�%
{g h G �jrk � � P U(U'`|��l}nj Y l j �	���9n�]~��l j YP �9n��7�&o +qp<4 
�U|W P �&f +qp<4 
�s��

and the optimization is terminatedas soonas b�S P U G � p .
If the terminationcriterion is not metwithin

Q � generations,
therun is callednot converged. We determinea convergence
rate that is theratio of convergedrunsover thetotal number
of runs.Theconvergencespeedis measuredby countingthe
numberof functionevaluationsuntil convergence.

Theconvergencerateandtheaverageandstandarddevia-
tion for the numberof generationsto reachconvergenceare
listedin Table1 for the(1+1)-ESandin Table2 for two meth-
odsof theRL-ES.



In the RL-ES, the lower boundfor the stepsizeis settoP U G �9� while theupperboundis setto
P U �9� basedonourexpe-

rienceaboutusefulstepsizelimits. If thelimits areexceeded,
therewardis setto -1. Fromourexperiments,definingproper
limits turnedout to bea crucialfactor.

In thefollowingsubsections,wediscusstheresultsfor dif-
ferentwaysto definea rewardmeasure.

Problem (1+1)-ES

Sph1D X���� P �
Sph5D ���\U���a��
Sph20D

P X�[#���m�#U
Sph80D ��[(a#������U
Ros2D

P�� [#U��i�mX �\a
Ros5D

P ��U�[([��E� P �����
Table1: Numberof iterationsuntil convergenceis reached
for the(1+1)-ES.Resultsareaveragedover 30 runs,andthe
convergencerateis 1.0for all problems.

Problem RL-ES(Method1) RL-ES(Method2)
(conv. rate;

Q � ) (conv. rate;
Q � )

Sph1D �\U(X�� P a�X P a(��X�� �|P a
(0.72;

P U#� ) (1.00;
P U(� )

Sph5D
P�� ��[�� P � P a P a��#U���X����

(0.64;
P U#� ) (0.98;

P U(� )
Sph20D � �#a#��� P � � � ��� P U�� P �����

(0.50;
P U#� ) (0.92;

P U(� )
Sph80D [\� �|P U�� P�� [��(� [#U(��� P � P U(�(��U

(0.57;
P U � ) (1.00;

P U � )
Ros2D

P [(X�[(a P � P �\�(a�[�� � � �#��a���� P a��\�
(0.63;

P U(� ) (0.99;
P U�� )

Ros5D [(���([([(�(�i�m[\����U�[ P � a �(�(� � �i��[(�����\��[
(0.77;

P U(� ) (1.00;
P U�� )

Table2: Numberof iterationsuntil convergenceis reachedfor
two methodsof (1+1)-RL-ES.Method1 (describedin Section
4.1) denotestheoriginal rewarddefinition in termsof a suc-
cessrate increaseor decreasewhile method2 (describedin
Section4.2)usesasa rewardmeasurethedifferencein func-
tion valuesbetweenthecurrentandthelastrewardcomputa-
tion. Resultsareaveragedover 1000runsfor thesphereand
over30 runsfor Rosenbrock’s function.

4.1 Method 1

In a first approachcalledmethod1, the reward from the en-
vironmentis definedto be either+1 if the successratehas
increased,0 if the successrate did not change,or -1 if the
successratedecreased.

For the sphere,this RL-ES methodconvergesabout3 to
7 times slower than using the (1+1)-ES.For Rosenbrock’s
function, the RL-ESachievesan iterationnumberaboutone
orderof magnitudeworsethanthe(1+1)-ES.

Note that for both functions,the RL-ES is extremelyun-
robust. Convergenceratesaslow as50 % areunacceptable.
Fromourinvestigationonthespherefunction,thebasicprob-
lem is thatwith theselectedschemeno informationis avail-
ableif thesuccessrateis zero.Whenthestrategy is in a state
of zerosuccess,it ofteneitheroscillatesbetweenchoosingthe
actions“increase”and“decrease”or it getsstuckby always
choosingthe action “keep”. A no-successrun usuallyhap-
pensif the � valuesareinitializedsuchthatin thefirst phase
of the optimizationthe stepsizeis increased.This causesa
zerosuccessrateandoften yields oneof the two behaviors
describedabove.

Anotherinterestingfeatureis the �_������� � tableat theend
of theoptimizationandthe

Q%R ���(����� table.Fromthe1/5 suc-
cessrule, we would expecta � valuetableasshown for the
1D casein Table3. Notethat“+” denotesthehighest� value
perrow.

Successrate Action: Action: Action:� ` P U �&� increase decrease keep

0,1 +
2 +
3,4,5,6,7,8,9,10 +

Table3: Schemaof the � valuetableasit shouldlook if the
1/5successruleis learnt.The“+” denotesthehighest� value
perrow.

As it turnsout, sucha structurein the actual � tableat
the endof the optimizationusingRL-ES may be found but
it mayaswell bestructureddifferentlywithout muchchange
in termsof convergencespeed.Oneexamplefor anactually
obtained� table(Table4) and

Q'R
table(Table5) is shown

below for theoptimizationof a 1D spherefunctionthat took
108generations.The* symbolindicatesthatthestate-action
pair wasnot visited during the optimizationandthe highest
valuesarein bold face. Note that for successratesbetween
0.4 and1.0 no learninghastakenplace. Then,the � values
aretheinitialized values.Thehighest� valuesarefoundfor
the action“decrease”whenthe successratesare0, 0.1, and
0.2. The action “increase”is assignedthe highest � value
for a successrate of 0.3. Exceptfor a successrate of 0.2,
the obtained� valuesmatchour expectationsfrom the 1/5
successrule. Thenumberof visits for eachstate-actionpair
alsoreflectthatthecorrectactions(accordingto the1/5 rule)
havebeenselectedin thisparticularcase.

Changingthe initialization of the � tablefrom uniformly
randomnumbersin the range[-1,1] to zero valuesdid not
haveany effecton theresults.

When we comparethe reward assignmentin method1
with the 1/5 successrule, we observe that our definition is



Successrate Action: Action: Action:� ` P U �<� increase decrease keep

0 * -0.715020 0.833568 0.390386
1 0.329887 1.073497 0.017461
2 -0.340735 0.810838 * 0.451931
3 0.008306 * -0.868088 * -0.563195

4,5,6,7,8,9,10 * * *

Table 4: � valuesfor a convergedoptimizationusing RL-
ES after 108 generations.The * symbol indicatesthat the
state-actionpair wasnotvisitedduringtheoptimization.The
highestvaluesarein bold face.

Successrate Action: Action: Action:� ` P U �&� increase decrease keep

0 * 0 48 2
1 3 23 2
2 * 0 7 * 0
3 13 * 0 * 0

4,5,6,7,8,9,10 * 0 * 0 * 0

Table5: Numberof visits
Q R

for a convergedoptimization
usingRL-ES after 108generations.The * symbol indicates
thatthestate-actionpair wasnot visitedduringtheoptimiza-
tion. Thehighestvaluesarein bold face.

ill-posed.Recallthatthe1/5ruleaimsatanoptimumsuccess
rateof 0.2. In contrast,the definition in method1 assignsa
positive reward whenever the successrate is increasedeven
if thesuccessrateis �
U@W�[ . Despitethis ill-posedrewardas-
signment,theresultsfor thespherearenot affectedsomuch
becausesuccessrateslarger than0.2 areachieved lessoften
thansuccessrates ��U@W�[ . However, for Rosenbrock’s func-
tion, thedifferencematters.

4.2 Method 2

In a secondapproach,we defineasrewardthedifferencebe-
tweenthecurrentfunctionvalueandthefunctionvalueeval-
uatedat thelastrewardcomputation,�\�������$�_
�b +q�34 Y b +q��G}�O�34 (2)

where �%� is the differencein generationsfor which the re-
ward is computed. This reward assignment,referredto as
method2 in the following, is better than the initial reward
computationin both theconvergencespeedandrate. Values
aregivenin Table2. Althoughbetterthantheoriginal reward
computationin termsof speed,thisRL-ESremainsslowerby
afactorof about3 thanthe(1+1)-ES.A factorof 3 seemsrea-
sonablegiven the fact that the RL-ES hasto learnwhich of
the threeactionsto choose.Especiallythe convergencerate

is noteworthy: It lies in therange[0.92,1.0],which is a great
improvementcomparedwith method1.

Why is method2 betterthanmethod1 in termsof thecon-
vergencerate? Onereasonmight be that the reward assign-
mentin method1 is ill-posedasstatedearlier. Anotherreason
is that the secondrewardassignmentis relatedto thedefini-
tion of theprogressrate,at leastfor thespherefunction:

Theprogressrateis defined[9] as� 
K� �&¡.¡ f +q�34 Y f,v c �7¡r¡ Y ¡.¡ f +r��G¢�O�34 Y f,v c �7¡.¡ � (3)

For the spherefunction, b -�c�d$e�8�e �>f,��
{gihjrk � ��l j Y
P �9n , with
theoptimumat f5v c �5
¤£ , we have that� 
 ��¥<¡r¡ f +q�34 Y £¢¡r¡ Y ¡.¡ f +r��G¢�O�34 Y £}¡.¡ ¦
 ��§w¨ g hjrk � �>l +q�34j YmP � n Y ¨ g hjrk � ��l +q��G}�O�34j YmP � n�©


 ��§ ¨ b +q�34-�c�d$e�8<e Y ¨ b +q��G}�O�34-�c�d$e�8�e © W
For thesphere,theprogressrateis thedifferencebetweenthe
squarerootsof functionvalues,a resultsimilar to thereward
assignmentin Eqn.2.

Theresultsin Table6 documentthebehavior of thestrat-
egy with therewardidentifiedasthetheoreticalprogressrate� . The theoreticalresultsagreewell with method2 which
strengthensourassumptionthatmethod2 workswell because
it indirectly incorporatesinformationaboutthe optimal pa-
rametervector.

In summary, assigningagoodrewardmeasureseemsto be
crucialto theperformanceof theRL-ES.

Problem RL-ES(Theoreticalprogressrate)
(conv. rate;

Q � )
Sph1D a���[����#[ P

(1.00;
P U(� )

Sph5D
P � � ��� P�P�� X

(0.98;
P U � )

Sph20D � � X(U�� P � � [
(0.90;

P U(� )
Sph80D [(U P ���E� P(P ��X P

(0.98;
P U � )

Ros2D
P X�� � [i�m[#��a � a

(1.00;
P U�� )

Ros5D a P ���\���i�m[(���#a(��U
(1.00;

P U � )
Table6: Numberof iterationsuntil convergenceis reached
for the (1+1)-RL-ESmethodwhich employs the theoretical
progressrateasreward,asdescribedin Section4.2. Results
areaveragedover 1000runsfor thesphereandover 30 runs
for Rosenbrock’sfunction.



4.3 Methodswith Optimum-IndependentReward Assign-
ments

As seenabove,definingtherewardasthetheoreticalprogress
rate is a good measure. However, the theoreticalprogress
rate assumesknowledgeabout the optimum that is usually
unknown. How canwe formulatea suitablereward that ap-
proximatesthetheoreticalprogressrateusingonly valuesthat
canbemeasuredwhile optimizing?Wecanconsidertwo pos-
sibleforms,namelyª Form1:

The sign of the differencebetweenfunction values,«&¬(­ ¥ b +q�34 Y b +q��G}�O�34 ¦ : It describesif therealizedstep,��f +q�34 Y f +q��G}�O�34 � , pointsin thehalf spacein which the
optimumlies.ª Form2:
The realizedsteplength, ¡.¡ f +q�34 Y f +q��G}�O�34 ¡.¡ . It is an
approximationof thetheoreticalprogressrate.

Method3 employsonly thefirst form,

�\��� ���\�_
 «&¬(­¯® b +q�34 Y b +r��G¢�O�34�° (4)

while method4 combinesbothforms,

�\�������$�_
±¡.¡ f +q�34 Y f +q��G}�O�34 ¡.¡�` «&¬(­ ® b +q�34 Y b +r��G¢�O�34 ° W (5)

Resultsof thetwo methodsaresummarizedin Table7.

Problem RL-ES(Method3) RL-ES(Method4)
(conv. rate;

Q � ) (conv. rate;
Q � )

Sph1D �([([���X � � a(a ��� � a(X
(0.96;

P U#� ) (1.00;
P U#� )

Sph5D X�a(��� P �(��U P a#� � � P U�X�[
(0.94;

P U#� ) (0.99;
P U#� )

Sph20D � P [#a�� P�� � � ��a P a�� P �#X��
(0.90;

P U#� ) (0.94;
P U#� )

Sph80D
P ��[�[ P � P U�[ � � P X(a(��[i��X��([#X

(0.99;
P U � ) (1.00;

P U � )
Ros2D

P �([(� � ���m[ P �#a � � a P a � ��� � � P a��
(0.80;

P U(� ) (1.00;
P U(� )

Ros5D X(a(U�U����E� P�� ��X��(U�� a P(P �#U#����a P X P ���
(0.77;

P U(� ) (1.00;
P U(� )

Table7: Numberof iterationsuntil convergenceis reached
for methods3 and4 of (1+1)-RL-ES,asdescribedin Section
4.3. Resultsareaveragedover 1000runsfor the sphereand
over30 runsfor Rosenbrock’s function.

For thesphereproblem,theconvergencespeedsof meth-
ods3 and4 aresimilarandthey arein thesamerangeaswith
method2. For Rosenbrock’sfunction,method3 is worsethan
methods2 and 4, while 2 and 4 yield similar convergence
speeds.Theconvergenceratesof methods2 and4 arealmost

the samewhile method3 optimizeslessreliably especially
for Rosenbrock’s problem. In summary, method4 seemsto
be betterthan3 andcompareswell with method2 in which
informationabouttheoptimumis contained.Fromthesepre-
liminary resultsthatareproblemdependent,we proposethe
fourth methodasa rewardassignmentfor RL-ES.

4.4 Action-SelectionScheme

How is the choiceof the action-selectionparameterN influ-
encingtheconvergencespeed?Theaveragenumberof itera-
tionsto reachthegoalin the1D sphereproblemasafunction
of N is shown in Table8. Thenumberof iterationsis averaged
over 1000runs,and

Q ��
 P U � . For all N values,thesuccess
rate is in the range[0.68,0.72]for method1 and [0.66,1.0]
for method2. Optimumstrategy parameterfor the consid-
eredcaseslie closeto N�

U@W U�� for method1 and N�

U@W�� for
method2. However, theseresultsarenot conclusive.

N Method1: Method2:
Averagenumber Averagenumber

of iterations of iterations

1.0 2847 3066
0.5 1242 327
0.1 709 349
0.05 652 457
0.01 688 677
0.001 1017 901

Table8: Influenceof N ontheaveragenumberof iterationsfor
the1D spherefunction,measuredin 1000runsand

Q �5
 P U#� .
5 Summary and Conclusions

We propose an algorithm that combines elementsfrom
step size adaptationschemesin evolution strategies (ES)
with reinforcementlearning(RL). In particular, we testeda
SARSA(0) learningalgorithm on the 1/5 successrate in a
(1+1)-ES.Heuristicsin the (1+1)-ESwere reducedand re-
placedwith a moregenerallearningmethod. The resultsin
termsof convergencespeedandrate,measuredon thesphere
andRosenbrockproblemin severaldimensions,suggestthat
theperformanceof thecombinedscheme(calledRL-ES)de-
pendsstronglyon the choiceof the reward function. In par-
ticular, theRL-ESwith arewardassignmentbasedonacom-
binationof the realizedsteplengthandthesign of the func-
tion valuesyields the sameconvergencerate(100 %) asthe
(1+1)-ESand its convergencespeedis smaller than that of
the(1+1) strategy by a factorof about3 for bothsphereand
Rosenbrock’s function,a resultthatmeetsourexpectations.

Futurework may answerthe questionwhetherthe pro-
posedrewardcomputationcanbegeneralizedfor non-tested
optimizationproblems.
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