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Abstract- We discussthe implementation of a learning al-
gorithm for determining adaptation parameters in evo-
lution strategies. As an initial test case,we considerthe
application of reinforcementlearning for determining the
relationship betweensuccesgates and the adaptation of
step sizesin the (1+1)-evolution strategy. The results
from the new adaptive schemewhen applied to several
testfunctions are compared with thoseobtained from the
(1+1)-evolution strategy with a priori selectedparame-
ters. Our resultsindicate that assigninggoodreward mea-
suresseemgo be crucial to the performance of the com-
bined strategy.

1 Intr oduction

The developmentof step size adaptationschemedor evo-

lution strategies (ES) hasreceved muchattentionin the ES
community Startingfrom anearlyattempttheso-called'1/5

successule” [1], appliedon two-memberedES’s, mutative

stepsizecontrol[2] andself-adaptatioischeme$3] werede-
velopedfollowedby derandomizednutationalstepsizecon-
trol schemeg4], [5]. The latter two methodshave become
state-of-the-artechniquesthat are usually implementedin

ES'’s. Thesecontrol scheme&mplgying empiricalrulesand
parameterdiave beenproven successfufor solving a wide

rangeof real-world optimizationproblems.

We considerreplacinga priori definedadaptatiorrulesby
amoregeneralmechanisnthat canadaptthe stepsizesdur-
ing the evolutionaryoptimizationprocessautomatically The
key conceptinvolvesthe useof a learningalgorithmfor the
online stepsize adaptation. This implies that the optimiza-
tion algorithmis not suppliedwith a pre-determinedtepsize
adaptatiorrule but insteadthe rulesareevolvedby meansof
learning.

As aninitial testfor our approachye considerthe appli-
cationof reinforcementearning(RL) to the 1/5 successule
in atwo-memberedS.

In Section 2, we presentthe conceptof RL and an
overview of algorithmsconsideredfor our problem. The
combinationof RL with the ESis shawvn in Section3 and
resultsarepresentedn Sectiond.

2 ReinforcementLearning

Reinforcementearning(RL) is alearningtechniquen which
anagentlearnsto find optimalactionsfor the currentstateby
interactingwith its environment. The agentshouldlearna
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Figure 1: The interaction betweenervironment
andagentin RL.

control stratgy, alsoreferredto aspolicy, that chooseghe
optimal actionsfor the currentstateto maximizeits cumu-
lative reward. For this purpose the agentis givena reward

by anexternaltrainerfor eachactiontaken. Therewardcan
beimmediateor delayed.SampleRL applicationsarelearn-
ing to play boardgamege.g. Tesaurcs backgammoitii7]) or

learningto controlmobilerobots,seee.g.[6]. In therobotex-

ample,therobotis the agentthat cansensats ervironments
suchthatit knows its location,i.e., its state Therobotcan
decidewhich actionto chooseg.g.,to move aheadbr to turn

from onestateto thenext. Thegoalmaybeto reacha partic-

ularlocationandfor this purposehe agenthasto learnapol-

icy. Thediagramin Figure 1 shaws the interactionbetween
agentandervironmentin RL.

2.1 The Learning Task

The learningtask canbe divided into discretetime steps,t.

Theagentdeterminest eachstepthe ervironmentalstates;,

anddecideauponanactiona;. By performingthis action,the
agentis transferredo anew states;; = d(s¢, a;) andgiven
arewardr;,,. Thisrewardis usedto updatea value func-
tion that canbe eithera state-valugfunction V™ (s) depend-
ing on statesor an action-valuefunction Q™ (s,a) depend-
ing on statesandactions. To eachstateor state-actiorpair,

thelargestexpectedfuture rewardis assignedy the optimal

valuefunctionsV*(s) or Q*(s, a), respectiely. Theoptimal

state-alue function V*(s) canbe learnedonly if both the
reward function r andthe function ¢ that describeshow the
agentis transferredrom states; to states;,1 areexplicitely

known. Usually, however, » andé areunknawn, In this case,
the optimalaction-waluefunctionQ* (s, a) canbelearned.



2.2 Temporal Differ enceLearning

In this paper we consideronly RL methodsfor which the
agentcanlearnthe @ function, therebybeingableto select
optimalactionswithout knowing explicitely therewardfunc-
tion r andthe function for the stated(s, a) resultingfrom
applying actiona on states. From this classof Temporal
Differencdearning(TD), we presentwo algorithms,namely
QQ-learningand SARSA. Both needto wait only until the
next time stepto determinetheincremento Q(s;, a;). Such
techniquesdenotedas TD(0) schemescombinethe advan-
tagesof bothDynamicProgrammingandMonte Carlometh-
ods [8]. The differencebetween@-learning and SARSA
lies in the treatmentof estimation(updatingthe value func-
tion) and choice of a policy (selectingan action). In off-
policy algorithmssuchas@-learning,the choiceandthe es-
timation of a policy are separated.In on-policy algorithms
suchas SARSA, the choice and the estimationof a policy
are combined. Experimentsin the “Clif f Walking” exam-
ple in [8] compare@-learningand SARSA. The resultsof
theseexperimentsindicate that the @)-learning methodap-
proacheghe goalfasterbut it fails more oftenthan SARSA.
Focussingmore on safetythanon speedwe decidedto im-
plementSARSA for our online learningproblempresented
in the next section. It shouldbe notedthatthe convergence
of SARSA(0)was proven only recently[10]. The SARSA
pseudocodesadsasshavn in Figure?2 [8].

Initialize Q(s¢,a:) arbitrarily.
Repeat (for each episode):
Initialize s;.

Choose a; froms; using policy derived from Q(s:,a:)
using e.g. an e-greedy sel ection schene

Repeat (for each step of episode):
Take action ay,

observe r;, si41.

Choose az41 from sy;11 using policy from Q(st+1,at+1)
using e.g. an e-greedy selection sche

Q(st,0¢) +— Q(st,at) + a[rip1 + 7Q(St41, at41) — Q(5¢,a1)]
8t &= St41,0¢t < Qt41
until s; is termnal.

Figure2: The SARSAalgorithm

2.3 Learning Parameters

SARSA employs threelearningparametersi is a learning

rate,y adiscountfactor ande a greedinesparameterCon-

stantlearningratesa cannotbe usedbecauseve haveto deal

with a non-deterministicervironment. For the considered
problem,alearningrateof

1

N’U(Staa/t) (1)

Qp =
isrecommendedah [11] whereN,, is thetotalnumberof times
the state-actiomair (s¢, a;) hasbeenvisiteduntil andinclud-
ing the ¢-th iteration. Discountfactorsy < 1 arenecessary

for continuinglearningtasksthat are dealtwith, in orderto

avoid that the expectedfuture reward becomesnfinite. We

sety = 0.9 arbitrarily. The greedinesparametee means
thatthe actionwith the highestvaluefunctionis choserwith

aprobability (1 — ) (greedyaction-selectionqindthatanac-
tion is selectedat randomwith (a small) probabilitye. We

chooses = 0.1.

3 Combination of RL and ES

Theideais to usea RL methodto learnastepsizeadaptation
rulein ES’s. We consideratwo-membered&ESemploying the
1/5 successule. The 1/5 successule wasoriginally formu-
latedasfollows [9]:

After everyn mutations,ched how manysuccessebave
occured over the preceding10n mutations. If this number
is lessthan 2n, multiply the steplengthsby the factor 0.85;
dividethemby 0.85if more than2n successesccuied.

In our approachthe frequeng with which stepsizesare
updateds keptthe same(after every 10n mutations).Also,
thestepsizeadaptatiorfactorof 0.85remainsconstant.

RL isintroducedo learnfrom the measuredtatesj.e. the
successates;the actionscanbe (1) to increasehe stepsize
(divide by the stepsizeadaptatiorfactor),(2) to decreas¢he
stepsize(multiply by thestepsizeadaptatioriactor),or (3) to
keepthe stepsizeconstantAs thesuccessateis determined
by looking backoverthelast10n mutationsthetotalnumber
of differentstatesis 10n + 1, including the caseof a suc-
cessrateof zero. Therefore the (s, a) tableto be learned
consistof (10n + 1) - 3 state-actiorpairs. We describefour
differentapproacheso assignrewardsin Sectiond. Q(s,a)
is initialized with uniformly randomnumberdrom therange
[-1,1]. The combinedalgorithmis called (1+1)-RL-ES,or
shortRL-ES.

4 Results

The RL algorithmis testedin the optimizationof the sphere
andthe RosenbrocKunctionin severaldimensionsandcom-
paredwith the original (1+1)-ES.The two functionsarede-
finedas

1. fsphere(T) = Z2 (z; — 1)2,000 = 1,2 =0,

2. fRosenbrock(m) = Ezn;ll(loo . (1512 - -'L"i+1)2 + (Z‘, -
1)?),09 =0.1,29 =0,

and the optimizationis terminatedas soonas f < 10719,
If theterminationcriterionis not metwithin NV; generations,
therunis callednot corverged We determinea convergence
ratethatis theratio of corvergedrunsover the total number
of runs. The corvergencespeeds measuredy countingthe
numberof functionevaluationsuntil corvergence.

The corvergencerateandthe averageandstandardievia-
tion for the numberof generationgo reachcorvergenceare
listedin Tablel for the(1+1)-ESandin Table2 for two meth-
odsof theRL-ES.



In the RL-ES, the lower boundfor the stepsizeis setto
1015 while theupperboundis setto 10*® basednourexpe-
rienceaboutusefulstepsizelimits. If thelimits areexceeded,
therewardis setto -1. Fromour experimentsdefiningproper
limits turnedoutto bea crucialfactot

In thefollowing subsectionsyediscusgheresultsfor dif-
ferentwaysto definearewardmeasure.

Problem (1+1)-ES
SphiD 97T+ 17
Sph5D 470 £ 35
Sph20D 1928 + 70
Sph80D 8234 + 80
Ros2D 16205 + 973
Ros5D | 140227 4 1487

Table 1: Numberof iterationsuntil corvergenceis reached
for the (1+1)-ES.Resultsareaveragedover 30 runs,andthe
cornvergenceateis 1.0for all problems.

Problem | RL-ES(Methodl) | RL-ES(Method?2)
(corv. rate; NVy) (corv. rate; Ny)

Sph1D 709 + 1391 349 + 613
(0.72;10%) (1.00;10%)

Sph5D 1642 + 1513 1350 £ 987
(0.64;10%) (0.98;10%)

Sph20D 4534 + 1764 4510 + 1857
(0.50;10%) (0.92;10%)

Sph80D 24610 + 16277 20481 + 10440
(0.57;109) (1.00;10°)

Ros2D 129231 + 178327 46843 + 71354
(0.63;109) (0.99;109)

Ros5D | 2872258 + 2440214 | 377565 £ 285542
(0.77;107) (1.00;107)

Table2: Numberof iterationsuntil corvergencds reachedor

two methodf (1+1)-RL-ES Methodl (describedn Section
4.1) denoteghe original reward definitionin termsof a suc-
cessrateincreaseor decreasavhile method2 (describedn

Section4.2) usesasa reward measurehe differencein func-

tion valuesbetweerthe currentandthe lastreward computa-
tion. Resultsareaveragedover 1000runsfor the sphereand
over 30 runsfor Rosenbrocls function.

4.1 Method 1

In afirst approacicalledmethodl, the reward from the en-
vironmentis definedto be either+1 if the succesgate has
increased( if the succesgate did not changeor -1 if the
successatedecreased.

For the sphere this RL-ES methodcorvergesabout3 to
7 times slower than using the (1+1)-ES.For Rosenbrocls
function, the RL-ES achiezesaniterationnumberaboutone
orderof magnitudeworsethanthe (1+1)-ES.

Note that for both functions,the RL-ES s extremelyun-
robust. Cornvergenceratesaslow as50 % areunacceptable.
Fromourinvestigatioronthespherdunction,thebasicprob-
lem s thatwith the selectedschemeno informationis avail-
ableif thesuccessateis zero.Whenthe stratey is in a state
of zerosuccessdi ofteneitheroscillateshetweerchoosinghe
actions“increase”and“decrease’or it getsstuckby always
choosingthe action“keep”. A no-successun usually hap-
pensif the@ valuesareinitialized suchthatin thefirst phase
of the optimizationthe stepsizeis increased.This causes
zerosuccesgate and often yields one of the two behaiors
describedhbove.

Anotherinterestingfeatureis the Q(s, a) tableattheend
of the optimizationandthe N, (s, a) table.Fromthe 1/5 suc-
cessrule, we would expecta () valuetableasshown for the
1D casen Table3. Notethat“+” denoteghehighest) value
perrow.

Successate Action: | Action: | Action:
[-10'] increase| decreasg keep
0,1 +

2 +
3,4,5,6,7,8,9,1Q +

Table3: Schemaof the ) valuetableasit shouldlook if the
1/5successuleislearnt. The“+” denoteshehighest() value
perrow.

As it turnsout, sucha structurein the actual @ table at
the end of the optimizationusing RL-ES may be found but
it mayaswell be structuredlifferentlywithout muchchange
in termsof corvergencespeed.Oneexamplefor anactually
obtained() table (Table4) and N,, table(Table5) is shovn
below for the optimizationof a 1D spherefunctionthattook
108generationsThe* symbolindicatesthatthe state-action
pair was not visited during the optimizationandthe highest
valuesarein bold face. Note that for successatesbetween
0.4 and1.0 nolearninghastaken place. Then,the ) values
aretheinitialized values.The highest() valuesarefoundfor
the action“decrease’whenthe successatesare0, 0.1, and
0.2. The action“increase”is assignedhe highest@ value
for a succesgate of 0.3. Exceptfor a succesgate of 0.2,
the obtained( valuesmatchour expectationsrom the 1/5
successule. The numberof visits for eachstate-actiorpair
alsoreflectthatthe correctactions(accordingto the 1/5rule)
have beenselectedn this particularcase.

Changingthe initialization of the () tablefrom uniformly
randomnumbersin the range[-1,1] to zero valuesdid not
have ary effectontheresults.

When we comparethe reward assignmenin method1
with the 1/5 successule, we obsere that our definition is



Successate Action: Action: Action:
[-10] 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 corverged optimizationusing RL-
ES after 108 generations.The * symbolindicatesthat the
state-actiorpair wasnotvisited duringthe optimization.The
highestvaluesarein boldface.

Successate || Action: | Action: | Action:
[-10%] increase| decreasg  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 N, for a corvergedoptimization
using RL-ES after 108 generations.The* symbolindicates
thatthe state-actiorpair wasnot visited duringthe optimiza-
tion. Thehighestvaluesarein bold face.

ill-posed.Recallthatthe 1/5rule aimsatanoptimumsuccess
rateof 0.2. In contrastthe definitionin method1 assignsa
positive reward wheneer the successateis increaseceven
if thesuccessateis > 0.2. Despitethisill-posedreward as-
signmentthe resultsfor the spherearenot affectedso much
becausesuccessateslargerthan0.2 areachieved lessoften
thansuccessates< 0.2. However, for Rosenbrocls func-
tion, the differencematters.

4.2 Method 2

In asecondapproachwe defineasrewardthe differencebe-
tweenthe currentfunctionvalueandthe functionvalueeval-
uatedatthelastreward computation,

reward = f(9) — fl9=29) (2)

where Ag is the differencein generationgor which the re-
ward is computed. This reward assignmentreferredto as
method?2 in the following, is betterthanthe initial reward
computationin boththe corvergencespeedandrate. Values
aregivenin Table2. Althoughbetterthanthe original reward
computationin termsof speedthis RL-ESremainsslower by
afactorof about3 thanthe (1+1)-ES A factorof 3 seemgea-
sonablegiventhe factthat the RL-ES hasto learnwhich of
the threeactionsto choose.Especiallythe corvergencerate

is notavorthy: It liesin therange[0.92,1.0],whichis agreat
improvementcomparedvith method1.

Why is method2 betterthanmethodl in termsof thecon-
vergencerate? Onereasonmmight be that the reward assign-
mentin methodl isill-posedasstatedearlier Anotherreason
is thatthe secondreward assignmentis relatedto the defini-
tion of the progressate,at leastfor the spherefunction:

Theprogressateis defined[9] as

¢ =E(l2' — zop|| = |2 —zopel)  (3)

For the spherefunction, fsphere(z) = £, (z
theoptimumatz,,; = 1, we have that

i — ].)2, with

@ E (|la@) — 1| — [Jalo=29) —1]))

E (V mr @ - 12— 5, ) - 1)2)
= E (\/fs(gg);wre - \/ﬂ%heﬁ?) .

For thespheretheprogressateis thedifferencebetweerthe
squarerootsof functionvalues,aresultsimilar to the reward
assignmenin Eqgn.2.

Theresultsin Table6 documenthe behaior of the strat-
egy with therewardidentifiedasthetheoreticalprogresgate
. Thetheoreticalresultsagreewell with method2 which
strengthensurassumptionthatmethod2 workswell because
it indirectly incorporatednformation aboutthe optimal pa-
rametervector

In summaryassigningagoodrewardmeasureseemso be
crucialto the performancef the RL-ES.

Problem | RL-ES(Theoreticalprogresgate)
(corv. rate; Ny)

Sph1D 382 + 721
(1.00;10%)

Sph5D 1468 + 1169
(0.98;10%)

Sph20D 4690 + 1862
(0.90;10%)

Sph80D 20147 + 11491
(0.98;10)

Ros2D 19562 + 28363
(1.00;109)

Ros5D 314785 + 255380
(1.00;107)

Table 6: Numberof iterationsuntil corvergenceis reached
for the (1+1)-RL-ESmethodwhich employs the theoretical
progresgateasreward, asdescribedn Section4.2. Results
areaveragedover 1000runsfor the sphereandover 30 runs
for Rosenbrocls function.



4.3 Methodswith Optimum-Independent Reward Assign-
ments

As seerabove, definingtherewardasthetheoreticaprogress
rate is a good measure. However, the theoreticalprogress
rate assumeknowledge aboutthe optimum that is usually

unknowvn. How canwe formulatea suitablereward that ap-

proximategshetheoreticaprogresgateusingonly valuesthat

canbemeasuredvhile optimizing?We canconsidetwo pos-

sibleforms,namely

e Form1:
The sign of the differencebetweenfunction values,
sgn (f9) — fla=29)): It describesf therealizedstep,
(x(9) — g(s-29)), pointsin the half spacean whichthe
optimumlies.

e Form2:
The realizedsteplength, [|z(9) — 2(9=29)||. It is an
approximatiorof thetheoreticaprogressate.

Method3 employs only thefirst form,
reward = sgn <f(g) - f(g_Ag)) (4)

while method4 combineshothforms,
reward = ||29) — 2£(9-29)|| . sgn <f(9) - f(g’Ag)) . (5)

Resultsof thetwo methodsaresummarizedn Table7.

Problem | RL-ES(Method3) | RL-ES(Method4)
(corv. rate; Ny) (corv. rate; Ny)

Sphl1D 522 + 968 337 £ 639
(0.96;10%) (1.00;10%)

Sph5D 938 + 1440 1346 + 1092
(0.94;10%) (0.99;10%)

Sph20D 4123 + 1687 4313+ 1795
(0.90;10%) (0.94;10%)

Sph80D 18221 + 10265 19382 + 9729
(0.99;10°) (1.00;10%)

Ros2D 172568 + 215376 31365 + 65135
(0.80;109) (1.00;109)

Ros5D | 930055 + 1649505 | 311704 + 319148
(0.77;107) (1.00;107)

Table 7: Numberof iterationsuntil corvergenceis reached
for methods3 and4 of (1+1)-RL-ES,asdescribedn Section
4.3. Resultsare averagedover 1000runsfor the sphereand
over 30 runsfor Rosenbrocls function.

For the sphereproblem,the corvergencespeedof meth-
ods3 and4 aresimilar andthey arein the samerangeaswith
method?2. For Rosenbroclsfunction,method3 is worsethan
methods2 and 4, while 2 and 4 yield similar corvergence
speedsThecornvergenceratesof method<? and4 arealmost

the samewhile method3 optimizeslessreliably especially
for Rosenbrocls problem. In summary method4 seemso

be betterthan 3 and comparesvell with method?2 in which

informationaboutthe optimumis contained Fromthesepre-
liminary resultsthat are problemdependentye proposethe
fourth methodasarewardassignmentor RL-ES.

4.4 Action-SelectionScheme

How is the choiceof the action-selectiorparametee influ-
encingthe corvergencespeed?The averagenumberof itera-
tionsto reachthegoalin the 1D sphergroblemasafunction
of g is shawvn in Table8. Thenumberof iterationsis averaged
over 1000runs,and N; = 10%. For all € values,the success
rateis in the range[0.68,0.72]for methodl1 and[0.66,1.0]
for method2. Optimum stratgyy parameteifor the consid-
eredcasedie closeto e = 0.05 for methodl ande = 0.5 for
method2. However, theseresultsarenot conclusve.

€ Method1: Method?2:
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 e ontheaveragenumberof iterationsfor
the 1D sphereunction,measureih 1000runsandN; = 10

5 Summary and Conclusions

We propose an algorithm that combines elementsfrom
step size adaptationschemesin evolution stratgies (ES)
with reinforcementearning(RL). In particular we testeda
SARSA(0) learning algorithm on the 1/5 succesgatein a
(1+1)-ES.Heuristicsin the (1+1)-ESwere reducedand re-
placedwith a moregenerallearningmethod. The resultsin
termsof cornvergencespeedandrate,measuren thesphere
andRosenbroclproblemin severaldimensionssuggesthat
theperformanceof the combinedschemgcalledRL-ES)de-
pendsstronglyon the choiceof the reward function. In par
ticular, theRL-ESwith arewardassignmenbasednacom-
binationof the realizedsteplengthandthe sign of the func-
tion valuesyields the sameconvergencerate (100 %) asthe
(1+1)-ESandits corvergencespeedis smallerthan that of
the (1+1) stratgyy by a factorof about3 for both sphereand
Rosenbrocls function,a resultthatmeetsour expectations.

Future work may answerthe questionwhetherthe pro-
posedreward computationcanbe generalizedor non-tested
optimizationproblems.
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