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Abstract—This paper considers variations on an extremely
simple form of car racing, the challengebeing to visit as many
way-points as possiblein a xed amount of time. The simplicity
of the models enablesa very thorough evaluation of various
learning algorithms and control architectures,and enablesother
reseachers to work on the samemodelswith relative ease.

The modelsare usedto compare the performance of various
hand-programmed controllers, and neural networks trained
using evolution, and using temporal differencelearning. Com-
parisons are also made between state-basedand action-based
controller architectures. The best controllers were obtained
using evolution to learn the weights of state-evaluation neural
networks, and thesewere greatly superior to human drivers.

Keywords: Car racing, reinforcementlearning, evolving
neuralnetworks.

I. INTRODUCTION

This paperintroducesa classof point-to-pointcar racing
gameswherethe racingcantake placein a variablenumber
of dimensionsand with alternatve car models.The aim is
to createa setof benchmarkcontrollerlearningproblemson
which to testvariousmachinelearningalgorithms.

In particular we areinterestedn comparingevolution (and
co-evolution for multi-car races)with temporal difference
learning, but we have made the simulation code freely
available on the web to encourageother researchergo try
other methods.

In a recentpaper[5] Runarssorand Lucas investicated
temporal differencelearning (TDL) versusco-evolutionary
learning (CEL) for small-boardGo stratgies. Thereit was
found that TDL learnedfaster but that with careful tuning,
CEL eventually learnedbetter stratgjies. In particular with
CEL it was necessaryto use parent-ofspring weighted
averagingin orderto cope with the effects of noise. This
effect was found to be even more pronouncedn a follow-
up paperby Lucas and Runarssorf4], comparingthe two
methodsfor learningan Othello position value function. In
this paperwe conducta similar kind of investigation, but
for a very differentproblem:a simpli ed kind of carracing
game.In this paperwe consideronly a single-playergame,
andthereforeuseevolution ratherthan co-evolution to learn
controllers,but the comparisonis in a similar vein.

A. Car Racing

Competitve car driving is a problem of great practical
importanceandhasreceved someattentionfrom the compu-
tationalintelligencecommunity Most oftenresearcherbave

usedvariouslearningmethodsfor developing controllersfor

car racing simulationsor games|[3][2]. But computational
intelligencetechnigueave alsobeenappliedto physicalcar
racing, famouslyby Thrunin the DARPA GrandChallenge
[8], but alsoby e.g. Taner et al. who evolved controllersfor

radio-controlledoy cars[7]. Theradio-controlledtoy racing
challengewas run as a competitionfor IEEE Congresson

Evolutionary Computation(CEC) for 2003,2004,and 2005.
The challengewas for a computerto drive the car around
a simple at track with walls, the track being aroundthe
size of a table-tennistable. The input to the systemwas
from an overheadweb-cam.The challengehas yet to see
a really high-performanceentry (e.g. one competitve with

a competenhumanracer).Footageof the 2003 competition
canbeviewedheré. Therearemary challengesvith thereal

cars,includingproblemswith computevision, variabletime-

delaysin image captureand processingand dif culties in

preciselymodellingthe physicsof the carandits interaction
with the track, the walls, and the other car in the caseof

multi-car racing.

On the other hand, there is much to be learnedfrom
studyingsimulationsof the racingchallenge While we hope
to transferwhat we learn from the simulationsback to the
real-world problem, they are also interestingin their own
right (see Togelius and Lucas[9] [11][10]; Togelius et al
[12]). It was found that controllers basedon rst-person
sensoryinputs and neural networks could be evolved to
achieve robustdriving behaiour overanumberof racetracks,
performbetterthanhumanswhenspecialisedn a particular
track,anddisplayinterestingcompetitve behaiour whenco-
evolvedwith anothercar on the sametrack. The authorshave
sincetried developing controllersfor that car simulationus-
ing temporaldifferencelearning,but have hadlittle success.
It is hopedthat the investigationsin the presentpaperthrow
some light on this, even thoughthe car simulationin the
earlier experimentsdiffer from the point-to-pointmodel in
somerespectsmostimportantlythe presencef impenetrable
walls in the former model.

AbbeelandNg [1], who traineda systemto imitate human
driverson a simulation.They arguedthat specifyinga reward
function would be hard, henceit was easierto train the
systemby obsenation. In our study evolution of statevalue
functionsworks well, and easily outperformshumandrivers

Ihttp://iwwwyoutube.comiatch?v=-KvL7zOZMc



(thoughour controllershave simplerobjecties,in that they
have no roadrulesto obey).

Il. BENCHMARK REQUIREMENTS

To enablethe effective study of machinelearning algo-
rithms within a carracing domain,we began with a set of
requirements:

= The capability of generatinga large numberof random
trackswith very little effort.

= The modelmustbe fastto compute.Evolutionaryalgo-
rithms may requiremillions of simulatedtime stepsin
orderto corverge.

> The sensolinputsfor a controller shouldbe reasonably
simple; this encouragesnore membersof the research
communityto participate.

= The setup should presentsufcient challengeto rec-
ognize skill. Furthermore,this should be related to
driving skill, ratherthan just traveling-salesmarstyle
route optimization.

The rst point regarding randomtracks is important to
allow testing of the controllerson large numbersof tracks
that were unseenduring training. This ensureshat we are
testinggeneraldriving behaiour, ratherthanthe specialised
ability to racea small numberof tracks.

To getanideaof thedif culty of the problem,a keyboard
controllerwasimplementedand usedby the authorsto drive
cars as quickly as they possibly could using the normal
and holonomiccarsin two dimensions.Best performances
obtainedin eachcasewere betweenl2 and 16 waypoints.
The evolved neuralnetworks easily surpassethis, achieving
bestperformance®f over 40 waypoints.

Ill. THE MODELS

A simpleclassof modelthatmeetsthe above requirements
is point-to-point racing. This can work in n-dimensional
spacein generalput in this paperwe restrictit to oneor two
dimensionatacing.In eachcasethe challengeis to touchas
mary waypointsas possiblewithin a x ed numberof time
steps.The waypointsmust be touchedin order with only p
visible at ary onetime. For this paperwe x p = 3, which
rewardssomeplanningability while forcing the controllerto
copewith someuncertainty

In this paperthree models are considered:one dimen-
sional,two dimensionaholonomic,andtwo dimensionaktar.

A. RandomTradk Creation

Eachwaypointis dravn randomlyfrom a uniformdistribu-
tion on the unit hypercube This is doneusingan instancer
of Java’'s java.util.Random classas a pseudo-random
numbergeneratar and taking the value of eachdimension
in turn from call to r.nextDouble() . If a no-agument
constructoris usedto creater , thena differentrandomtrack
is createdeachtime (up to the numberof possiblerandom
seeds)but passinganint (e.g.r = new Random(10)
enablesa simpleway to specify a pre-de nedtrack (in this
case,it would be referredto as Track 10)).

Fig. 1. The ve possibleactions(force vectors)availableto a Holonomic
controller

B. OneDimensional

For the one-dimensionatase,the car is representeds a
point on a line with unit mass,displacemens and velocity
v. Time t is discretized,and at eachtime t the controller
selectsone of three possibleaccelerations; 2 fi a;0;ag.
To visit awaypointduringa move attime t, the requirement
is that the waypointat positionx lies betweens; and s+ .

C. Two DimensionalHolonomic

To illustrate the two-dimensionalcase,imagine racing a
vehicle arounda large at air eld, wherean orderedset of
randomwaypointspop up. In the holonomiccase the vehicle
has no heading.At eachtime-stepthe controller chooses
either to apply no force, or a force vector of magnitude
jiajj in one of the four orthogonaldirections, making for

ve possibleactionsin total (gure 1). At eachtime step,
the displacementind velocity are updatedusing Newtonian
mechanicdor a point-mass.

For waypointtouchingcalculationgandfor car collisions,
in the case of multi-car races), both the waypoints and
the vehicles are modelled as discs with radiusr,, andr
respectrely. A waypoint w is touched at time t if the
following conditionis satis ed:

jisi wjj - rw+re

A slightly more complex but conceptuallymore accurate
testwould bewhetherthe rectanglesweptout by thewidth of
thecarin maoving from s; to s;+1 overlappedhewaypointw,
but the simplertestwas deemedadequatdor our purposes,
provided that the radii were madesufciently large. In all
our simulations,both r, andr. were setequalto twice the
magnitudeof the acceleratiorjjajj, wherejjajj = 0:01

D. Two DimensionalCar

This is similar to the abose two dimensionalholonomic
caseexceptthatthe carnow hasa headingwhich is distinct
from its velocity (allowing for someskidding), and that all
forcesarenow appliedin relationto the headingof the car
Justasin areal car, acceleratingorward meansaccelerating
alongits headingvector

IV. SOFTWARE IMPLEMENTATION

All software hasbeenimplementedin Java. All car con-
trollers implementthe Controller interface( gure 2). A
controller is given the immediateset of next n waypoints,
passedin an array called track  such that the next one
is alwaysin track[0] , the one after next in track[1]
and so on. Each time that a car passesa waypoint, the



interface
int

public
public
}

Controller {

action(WayPoint[] track, ICar c¢);

Fig. 2. Theinterfacefor a Car Controller It takesan array of waypoints,
and the currentstateof the car as inputs, and returnsan action choice as
its output.

public interface ICar ({

public  Vector2d  s();

public  Vector2d v();

public  Vector2d heading();

public  double rad();

public  ICar update(int action);

public  ICar copyAndUpdate(int action);
}

Fig. 3. Theinterfacefor a Carin two dimensionsThe currentimplemen-
tationsof this are HoloCar and Car.

track array is shifted along, and a new random waypoint
is insertedinto track[n-1] . Waypointpositionsare sam-
pled from a uniform distribution in the range 0 to 1,
using the instancemethodr.nextDouble() from Java's
java.util.Random class.

To allow state-basedtontrol methods,all the software
carmodelsimplementa copyAndUpdate() = method.This
methodtakesa proposedactionasan update andreturnsan
updatedcopy of the stateof the simulationhaving taken that
action. This enableswhat if style forward planning,andin
particular makesit straightforvardto implementvaluebased
controllerseitherfor reinforcementearningor evolution. The
methodis alsousedby the Fixed Controllers(seeSectionV).

The behaiour of a caris abstractedhroughthe interface
(pure virtual class)ICar , shavn in gure 3. This enables
exactly the same controller to be usedto drive either a
holonomic (gure 4) or a normal car (gure 5). In this
code,s andv areinstancesf Vector2d , a classfor two-
dimensionalvectors,and t is the time intenal. The add
method performs weighted addition. The normal car also
includesa headingvectorh anda steeringconstanttheangle
turnedthroughper unit of forward movement.This was set
to 8:7 radiansto give a reasonableurning circle for the car
(this value may soundvery high, but the car typically hasa
speedof lessthan 0.05 units pertime step).

V. FIXED CONTROLLERS

For eachproblemsetup,we implementedwo hand-coded
controllers:Greedyand Heuristic

public  HoloCar
s.add(v, t);
s.add(a[action],

update(int action)  {

0.5 xacx*t +t);

v.add(a[action], ac+t);
return  this;
}
Fig. 4. The vector arithmetic to updatethe position and velocity of a

holonomiccar

public  Car update(int action) {
return  update(acc[action], steer[action]);
}
public  Car update(double acc, double steer) {
s.add(v, t *0.5);
v.add(h, acc * t);
h.rotate(steer * h.scalarProduct(v));
double mag = h.scalarProduct(v);
v.set(h);
v.setMag(mag);
s.add(v, t *0.5);
return  this;
}
Fig. 5. The vector arithmetic to updatethe position and velocity of a
normal car.

The algorithm for each of these controllersis simple:
considetthe stateof the systemaftereachpossibleaction(i.e.
the set of afterstatedn reinforcementearningterminology
[6]), andselectthe actionthatleadsto the bestscore.In this
case the scoresare penaltyvalues,so this meansthe action
with the lowestscorewill be selected.

The score function used for the greedy controller is
simply the Euclideandistancebetweenthe car and the next
waypoint.The heuristiccontrollerimproveson this by adding
in a penaltytermproportionalto the squareof thecar's speed.
The squareof the speedis usedon the basisthat stopping
distanceis proportionalto this.

The greedy algorithm performs poorly; its failure to
consider the velocity of the car leadsto a tendeng to
signi cantly overshooteachwaypoint. This is becauseyiven
the currentstateof the system,the action that takes the car
closestto the next waypoint usually involves accelerating
toward the waypoint.

The addition of the velocity penalty in the heuristic
controllerleadsto muchbetterperformancelt is instructive
to considerthe code for this controller which is shavn in
Figure 6. Note that settingthe velocity penaltyto zerogives
the GreedyControllet

One of the great strengthsof state-basedontrollersis
that they can work with little modi cation acrossa range
of problems.For example,the codein Figure 6 was used
undhanged to control a holonomiccar, anda non-holonomic
car (bothin two dimensions)eachone achiering reasonable
performancelt may seemsurprisingthat the sameheuristic
works quite well for eithertype of car. This can be under
stood by the natureof the heuristic: reward being closeto
the next waypoint,but penalisedriving too fast In this way,
driving style is highly abstractedfrom the details of ary
particularcar.

The heuristic controller was appliedto a normal car on
Track 29 (recallnamingcorventionfrom Sectionlll-A) with
the velocity penaltysetto 4.0. After the seventhwaypointit
getsstuck,oscillatingin small orbital stepsaroundthe eighth
waypoint. Hence, after 500 time stepsit only achieves a
scoreof 7. Changingthe velocity penaltyaltersthe behaiour
sufciently to avoid this, and increasingthe penaltyto 4.8



package games.twod;

HeuristicController

Constants  {

to zero for a 'Greedy'
double velocityPenalty

public  class
Controller,
/I set
static

implements

Controller
= 4.75;
public int action(WayPoint[] ICar
/I step over each possible
/I and take the one that
/I the lowest score
int action = -1;
double best = Double.MAX_VALUE;
for (int i = 0; i < nActions; i++)  {
ICar next = hc.copyAndUpdate(i);
double score = score(track,
if (score < best) {
best = score;
action = i

track,
action
leads to

next);

}
} .
return  action;
}
public  double ICar
double dist
return  dist

hc.v().mag()

score(WayPoint[] trk,

= trk[0].p.dist(hc.s());

+ velocityPenalty *
* hc.v().mag();

}

Fig. 6. The Java codefor a Heuristic State-BasedController (complete
implementation)

leadsto a much improved score of 29. This is achieved
throughimpressie driving behaiour, with appropriateuse
of forward and reverse driving. The exact same heuristic
controller (with velocity penalty setto 4:0) on the same
track, but controlling a holonomic car, achieses a scoreof
25, comparedo a scoreof 26 whenthe velocity penaltyis
setto 4:8. In this case,more careful driving leadsto less
overshootanda slightly higherscore.This classof heuristic
controller never gets stuck in a stable or oscillating orbit
arounda waypointwhenappliedto a holonomiccar, but this
is a signi cant dangerwhen appliedto a normal car

Importantly this illustrates that even with this simple
setup, simulatedwith a few straightforvard Java classes,
comple behaiour patterns can emege, and interesting
control problemsarise, providing a good test for machine
learningalgorithms.

V1. LEARNING STATE VALUE FUNCTIONS

In this sectionwe reporton someinitial work comparing
evolutionaryalgorithmswith reinforcementearningto learn
statevaluefunctionsthatleadto high performancéehaiour.

We apply the sametechniquesto the three classesof
problem:one-dimensionalwo-dimensionaholonomic,and
two-dimensionahormal car.

Experimentswere made with various setups,but it was
found that in generalmuch betterresultscould be obtained
by usingprior knowledgeof the problemdomainto construct

he) {

he) {

EE®

£ Score = 29

Fig. 7. Trace of the heuristic controller applied to a normal car with
velocity penaltysetto 4.8. The controllerdoesnot get stuck,and performs
well with a scoreof 29 waypoints.

a meaningfulfeaturevector ratherthan just feedingit the
stateof the cari.e. its velocity, andthe relative positionsof
the next waypoints.

A. Evolution

In this sectionwe report on the evolution of statevalue
functions. In performing these experiments,we used our
knowledge of the problem domain, together with some
experimentationto designa featurevector For all of these
experimentswe useda (15+15) ES, running for 100 gen-
erations,and the numberof waypointsvisited in 500 time-
stepsasthe tness function (this performancendicatorwas
alsousedon the testtracks).The randomlygeneratedracks
vary signi cantly in their dif culty , making tness evaluation
highly noisy In extremecaseswe obsened controllerswith
a scoreof over forty on one track, only to fail miserably
with a scoreof zero on anothertrack. To counteractthis,
we experimentedwith two versionsof the EA. In version
one, a single nev randomtrack was usedto evaluate all
the individualsin a given generationwhile in versiontwo,
eachindividual was evaluatedon a new randomtrack. We
expectedversiononeto performbetter sinceeachcontroller
would be comparedfairly against each other one, but the
performanceof the two techniquesvasinseparableResults
quoted are for version two. We usedtwo versionsof the
feature vector with two and three inputs respectiely. The
two-input versionconsistedof the Euclideandistanceto the
next waypoint,andthe squareof the car's velocity. Thethree
input version takes thesetwo and also adds a directional
feature:the absolutevalue of the sin of the angle between
the car's headingandthe directionto the next waypoint.

In eachcasethe value function then appliesthe feature
vector as input to a neural network, whose single output
is taken to be the value of that state. Figure 8 shavs
the tness evolution of an MLP (1 hidden layer with 10
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Fig. 8. Evolving a state-alue MLP for controlling a normal car

units) controlling a normal car in two dimensions.Good

performanceusually evolves in around forty generations.
The error barsshowv the rangeof tnesses(pm %) in each

generationOverall, evolving stateevaluation networks was

by far the successfulof all methodsstudiedin this paper
(see Results Summary Section). This setupwas also used
to evolve state-basedcontrollers for the one-dimensional
problemwhich achiezedscoresatleastasgoodastheaction-

basedcontrollersreportedin the next section.

B. TDL for learning state-values

This work is still in progress.For the one dimensional
problem, TDL behaes erratically When it doeslearn, it
learnsvery rapidly, and achiezes competitve scores.

Early resultson the two-dimensionaltrack are very de-
pendenton the car type. For the normal car, TDL was
often competitze with evolution, with the very bestlearned
controllershaving very similar performanceWhile evolution
also worked well for the holonomiccar, TDL failed badly
for this case For thenormalcar, whenTDL did learnit often
achieved high performancewithin the rst 10 epochsandin
thesecasesffered muchfasterlearningthan evolution. We
arecurrentlyexploring hybrid algorithmsdesignedo exploit
the bestof eachmethod.

VII. LEARNING ACTION VALUE FUNCTIONS

When a model of the agentis not available to the
controller the only way to learn a policy with temporal
differencelearning is to learn the value of (state, action)
pairs. Oncethosevaluesare learnt, the controller works by
following a greedy policy: for a given state,look through
all possibleactionsandselectthe actionthat hasthe highest
value. The rst issueto grapplewith hereis that of how
the function mappingfrom statesto valuesshouldbe repre-
sented.

A. Contoller representations

Thetwo mainwaysof representindgearnablgstate action)
to valuemappingsare astablesandvia function approxima-
tors. Table representationfave the ohvious dravbacksthat
they are discrete,requiring the designerto choosehow to
divide up a continuousmultidimensionalinput spaceinto a

nite (and,to keepthe numberof evaluationsrequiredlow,

rathersmall) numberof table cells. Functionapproximators,
suchasneuralnetworkstrainedwith backpropagtion (which
we usein this paper),might seemlike an obvious choice,
but often performbadly in practiceon this sort of problem.

1) Theone-dimensionaimodel: For the one-dimensional
model,we deviseda tableof 3 to the power of 4, or 81 cells.
Thepositionin the rst dimensionwasselectedlependingn
the speedof the car, andthe next two dependingn distances
to the currentandnext waypoint;the rst cell in adimension
was selectedf the valuewasbelaw -0.1, the third if abose
0.1andthesecondtherwise Theresultingrow is interpreted
asthe value of the threepossibleactionsfor this state.

The alternatve representations basedon an MLP with
onehiddenlayer andtanh activation function. The inputsto
the neural network is the position of the car, the speedof
the car, the positionsof the two waypoints,a bias, and the
actionwhosevalueis sought.The hiddenlayer hassize ve.
The single outputis interpretedasthe value of the action.

2) The two-dimensionalholonomic model: The action-
valuetablefor the holonomicagenthadone moredimension
thanfor the one-dimensionafmodel. The row containingthe
action valuesis obtainedthrough selectingpositionsin the

rst four dimensionsbasedon speedin the horizontaland
verticaldimensionsandtherelative positionof the waypoint
in the horizontaland vertical dimensions.

Anotherwasdesignedaroundan MLP, justlike in the one
dimensionakase takingasinputsthe positionof the car, the
velocity vector, the position of the next waypoint, and the
action. The outputis interpretedas the value of that action.

3) The two-dimensionalcar model: In the caseof the
non-holonomictwo-dimensionalmodel, we used*” rst per
son” inputs, that is, inputs translatedand rotated so as to
accomodatdor the positionand orientationof the car (Note
that the holonomicagentdoesnot have an orientation.)The
table-baseaontrollerhad 3% o5, or 135 cells. Selectionwas
doneon the following threedimensionsspeedangleto the
next waypoint and distanceto the next waypoint. Cut-off
valuesfor thesedimensionswere setto 0.08,0.3 and 0.31
respectiely after an exhaustve search.

Likewise,the MLP-basedcontrollertakesspeedangleand
distanceto the next waypoint,andthe actionto evaluateas
input, and outputsan estimateof the value of that action.

B. Tempoal differencelearning

On-poliy temporaldifferencelearningof actionvaluesis
called Sarsa,and Sarsa(0)is de ned by Sutton and Barto
thus: [6]

Q(st;a) A Q(St;ar)+ ®(riar +°Q(St+1 ;&1 )i Q(St; &))

Before this equationcan be put to practical use, we must
decideon valuesfor the discountrate (°) andthe reinforce-
mentregime. Both decisionggreatly affect not only how fast
learninghappensut alsowhetherarything is learntat all.
In the experimentsbelow, the reinforcementregime was
that eachtime step,a reward of 1 was deliveredif the car
passedwaypoint,and0 otherwise Thediscountratewasset
to 0.002.Theseparametersverearrived at throughextensve



experimentationjput thereis no guarantedhat thesearethe
optimal values. Initially, we tried to give a small negative
reward in the timestepswhen a waypoint was not passed,
but we found the presentsettingto work better

Another parametelis the exploration value, or the prob-
ability of the controller taking a randomaction insteadof
the greedyaction with regard to its action-\alue estimates.
This value is setto 0:1 during training, and setto 0 when
evaluatingthe controller

1) The one-dimensionalmodel: Sarsawas moderately
successfulith the table-basedunction representationbut
highly unreliable.Only abouthalf of all runs endedup in
a tness above 20, and someendedat tnessescloseto O,
but whenit did learna goodpolicy it did so quickly, usually
within 1000 episodegevaluations).The best controller out
of 50 runshad tness 54:6.

With a neural network-based function representation,
Sarsa-learnindared muchworse. The bestcontroller found
scoreda paltry 3:1. There seemedto be intermittent un-
learning involved during the learning processwith the t-
nessof the controller sometimesuctuating wildly between
episodes,occasionally peaking around score 20 only to
drop to one or two in the next episode.Contrary to our
expectationsjowering the learningrate did not resohe this
issue.

2) The two-dimensionalholonomic model: All our at-
temptsat learningbehaiour in the holonomic model were
unsuccessfulnot a singlecontrollerwith tness of at least1
was producedhis way, neitherwith the table-baseaor with
the MLP-basedrepresentation.

3) Thetwo-dimensionakar model: TDL with the table-
based representationwas as unreliable as in the one-
dimensionamodel,but it did atleastin somecasegdearncon-
trollers with performancesigni cantly better than random.
Still, the best-performindearnedcontrollerhada tness of
only 4.7. Thetrainingrunsthatsucceededid sowithin 1000
epochs.ln contrastto the td-learnedcontrollersfor the one-
dimensionalcase,which performedbetterwhen occasional
random movementwas turned off (epsilon setto 0) after
training, the controllerslearnedfor the car model neededa
(small) non-ng@ative epsilonin orderto perform.

TDL with the MLP-basedrepresentatiorwas unable to
learnarny meaningfulpolicy at all.

C. Evolution

We useda 15+15evolution stratgy to optimisethe (state,
action) to value mappings.For the both the connection
weights of the neural networks and the valuesin the cells
of the tables, we used Gaussianmutation with standard
deviation 0.1.

1) Theone-dimensionamodel: The table-basedunction
representatiorturned out to be eminently evolvable, with
every single run producing a good policy within a few
generationsHowever, little progresswas madebeyond the
rst 50 generationsdespitemary runs of 500 generations
being made. The best controller found using this method
andrepresentatiorscored71.2.

The neural network-basedfunction representatiorcould
also be usedto evolve good controllers,but not as good as
the table-basedepresentationThe bestcontroller produced
after 500 generationsiad tness 45.5.

2) The two-dimensionaholonomicmodel: We were un-
ableto evolve goodactionvaluefunctionsfor the holonomic
agent, just like we were unable to learn them with td-
learning.The bestevolved table-basedontrollerhad tness
0.3 andthe bestevolved MLP-basedcontroller scored0.1.

3) The two-dimensionalcar model: Evolution reliably
produced somavhat capable action value function based
controllersfor the car model. The bestevolved table-based
controller (from several runs that produced similar con-
trollers) scored14.4, and basically drives well, apartfrom
the occasionakaseof “orbiting”.

Very similar resultswere achieved using the MLP-based
representationyith the bestevolved controllerscoring15.7.

D. Combiningevolution and tempoal differencelearning

As we have seengevolution andtemporaldifferencelearn-
ing can both be usedto learn functional (state,action) to
valuemappingsalthoughwith varying speedyeliability and
ultimate success.Another interesting questionis whether
the two methodslearn different solutionsto the problems.
Especially it might be suggestedthat while Sarsalearns
approximately correct action values, evolution will learn
valuesthat work, regardlessof whetherthey are corrector
not. To investigate this, we tried applying our evolutionary
algorithmto solutionsthat had beenlearnedwith Sarsaand
Sarsato solutionsthat had beenevolved.

1) The one-dimensionaimodel: Using the table repre-
sentation, neither further evolving a learned controller or
further learning an evolved controller madeary signi cant
differenceat all. The tness of the best TDL-trained con-
troller wasaround54, both beforeand after 500 generations
of evolution. Corversely the tness of the best evolved
controller was around 71 during thousandsof epochsof
further td-learning. In other words, Sarsaperforms much
better than it usually does if initialised with an evolved
controller while evolution performsmuchworseif initialised
with a Sarsa-traineaontroller Thereseemsto be a sort of
lock-in effect.

In case of td-learning on top of evolution, the same
effect was found for the neural network representationno
changeBut in caseof evolution ontop of td-learning, tness
increasedrom 3.1to 68.8.

2) The two-dimensionalholonomic model: The perfor
manceof the action value basedholonomic controllersis
abysmalwhetherthey arelearnedor evolved, and no signif-
icant changesvere obsened when one methodwas applied
uponthe resultsof another

3) The two-dimensionalcar model: Seedingthe Sarsa
algorithmwith evolvedactionvaluebasedcar controllershad
just the sameeffect asit hadin the one-dimensionaiodel:
the further td-learningmadeno signi cant change,neither
negative or positive. Or in otherwords,td-learningperforms
better when initialised with an evolved controller Seeding



evolution with the results of Sarsamade no signi cant
differenceto seedingevolutionwith randomcontrollers:good
controllersevolved just as quickly.

VIII. LEARNING CONTROLLERS DIRECTLY

The abore approachesearn controllersthat are basedon
somesort of explicit representatiorof the valuesof states
or actions.Theseare, to our knowvledge, the only types of
controllersthatcanbelearntusingtemporaldifferencelearn-
ing. But evolutionary algorithmsare also capableof solving
reinforcementearningthroughdirectsearchin policy space,
creatingcontrollersthat don't necessarilydirectly represent
stateor action values.In caseof point-to-pointcar racing,
suchcontrollerswould take (aspect=f) the stateof the car
as inputs and output the desiredaction to take. We chose
to representthe controllers as standardthree-layerneural
networks with tanh activation function, and usedthe same
Evolution Stratgy asabove.

A. Theone-dimensionaiodel

For the one-dimensionahnodel,theinputsto the controller
were the speedof the car, the position of the car, and the
positionsof the currentand next input. Four hiddenneurons
were used.The single outputwas interpretedthus: if above
0.1, move right; below -0.1, move left; otherwiseno action.
This con guration reliably producedgood controllerswithin
100 generationsMary runs of 500 generationseachwere
done,andthey all producedcontrollersof similar tness, in
therange77.0-77.3.

B. Thetwo-dimensionaholonomicmodel

In the two-dimensionalmodel, the neural network had
seven inputs: the currentvelocity in the vertical dimension,
currentvelocity in the horizontal dimension,differencebe-
tweencurrentpositionandthoseof the currentandnext way-
pointsin both dimensions,and a bias. Ten hiddenneurons
wereused,andthetwo outputswereinterpretecasmovement
commandslike in the one-d example, with one output
controlling horizontaland the other vertical movement.

Several modi cations of the action selectionmechanism
(including interpreting the outputs as desired speeds)and
the input representatior(including rotation and translation
accordingto the position and headingof the agent)were
tried, aswell asminor changeso the tness function.Despite
all this, we were unableto evolve good controllersfor the
holonomic model. The best controllers have tnesses be-
tweenl and1.5,andthey typically performlong trajectories
aroundthe gamearea,only occasionallyhitting a waypoint.

C. Thetwo-dimensionatar model

Here, we fed the neural network with the velocity in
vertical and horizontal dimensions,the magnitude of the
velocity vector andthe distanceandrelative angleto the next
waypoint. The output was interpretedas in the holonomic
model, but unlike the holonomic model good controllers
reliably emepge from the evolutionary process Several runs
of 500 generationseach produced controllers of similar

tness, the best of them scoring on average 20.1. This
controller consistentlykeepsa high speedand only rarely
missesa waypoint,andthenonly “orbits” brie y.

IX. RESULTS SUMMARY

Basedon our initial experimentswith all of the above
methods,we then testedsome of them more exhaustvely.
For thesetests,we ran eachexperiment(correspondingo a
singlerow of eachtable)twentytimes.Then,for eachlearned
controller we testedit on 100tracksthatwereunseerduring
training. This methodologywaschosersincetheresultof ary
single learningexperimentcan be highly variable.

A. One-DResults

Both evolution andtemporaldifferencelearningwereable
to learn good controllersfor this simple version of the car
racing problem. Evolution was more reliable and produced
betterendresults,while td-learninglearnedfaster

B. Car Results

Resultsfor the normal car are shovn in table I. Each
of theseresultsusedthe full three-inputfeaturevector The
evolved perceptrorsigni cantly outperformsthe hand-coded
heuristic,while the bestmethodis the state-base®ILP with
a meanscoreof 35.0. Both the action-perceptrorand the
action-MLP achieved similar poor scores- just the action
percptronis shavn here,with a meanscoreof 1.8.

TABLE |
MEAN OF 20 LEARNING RUNS FOR THE NORMAL CAR.

Method Mean | s.e.

EVO-State-MLP 35.0 | 0.24

EVO-State-Perceptron| 30.2 | 0.33
TDL-State-Perceptron| 26.2 1.4
Hand-State-Heuristic | 18.8 1.0
EVO-Action-Perceptron| 1.8 1.3

While the reliability of a methodis important,sometimes
only the best result counts, and we have therefore also
includedthe tness of the bestcontroller obtainedthrough
all of the different methods,testedon 1000 tracks, for the
normalcarin two dimensiongseetable I1).

TABLE I
BEST CONTROLLERS FOUND FOR THE NORMAL CAR, TESTED ON 1000
TRACKS.
Method Td-learning | Evolution

State-MLP - 36.7

State-Perceptron 31.1 315

Action-Table 4.7 14.4

Action-MLP 0 15.7

Direct-MLP - 20.1

C. HolonomicCar Results

Here,for the learnednetworks, we usedboth the two and
threeinput featurevectors,asindicatedby a 2 or a 3 afterthe
namedmethod.The resultsare shavn in tablelll, but only
shaw resultsfor evolution; TDL did not work well for ary of



the holonomicstatecontrollers,rarely exceedingan average
score of 7:0. TDLs bestresult on a single epoch during

learningwas 26:0, which occurredon the 10th epochof a

particularrun. By the end of that run, this good behaiour

had beenunlearnedhowever, and the averagescoreof the

last twenty epochswas only 7:0 (approx). Note that the

third input of the directional differencefeature makes the

problemsigni cantly harderto learn,bothfor the Perceptron
and the MLP, but it makes the MLP signi cantly worse,
with ameanperformancef 11.3.Thethree-inputperceptron
is less affected, with a meanscoreof 18.5. Remwing the

third input takes the Perceptronup to a mean score of

26.7,approximatelyequalto the heuristiccontrolleg but both

theseare surpassedby the 2-input MLP, which hasa mean
performanceof 32.2. The fact that these networks are so

debilitatedby an extraneousnput cameas a surpriseto us,

thoughgiven mary more generationsevolution might learn

to ignorethis.

TABLE Il
THE RESULTS FOR THE HOLONOMIC CAR.

Method Mean | s.e.
State-MLP-2 32.2 | 0.06
State-Perceptron-2 26.7 | 0.01
State-Perceptron-3 18.5 2.1
State-MLP-3 11.3 0.7
State-Heuristic-2 | 26.8 | 0.21

X. CONCLUSIONS

Experimentswere madeon a variety of problem setups
usingdifferentfeaturevectors,anddifferentneuralnetworks
(multi and single layer perceptrons).In each case, state-
value learning worked much betterthan action-\alue learn-
ing. Evolution worked more reliably and achieved better
nal tness than reinforcementlearning, but reinforcement
learning,whensuccessfullearnedfaster Further for learning
actionvaluefunctionswith TDL, table-basedepresentations
were always superiorto MLP-basedrepresentations/Vhen
evolution was used without a model, the direct approach
was superiorto learning action values. Our suspicionthat
the methodlearnsdifferently and not only better or worse
wassupportedy the“lock-in" effect whencombiningthem.

The taskis clearly very sensitie to the learningmethod,
the architectureandthe choseninput featuresgspeciallythe
two-dimensionalnormal car problem. A strong distinction
can be seenbetweenmethodswhich work very well, such
asevolved state-basetLPs, andthosethatwork very badly,
suchas TDL-trained action-basedVLPs. While it is likely
that with more work it would be possibleto improve the
TDL results,a greatstrengthof the evolutionary methodsis
the easewith which they canbe applied.

The state methodscan only be applied when a forward
model exists, which is able to predict the next stateof the
car given the current stateand the selectedaction. This is
simplefor the simulation,wherewe had accesdo the exact
forward model. However, for the real-world car racing,such
is the advantageof the state-basedontroller thatthis makes

it a high priority to learn a forward model from observing
the controlleractions,if sucha modelis not provided.

Theresultsin this paperhave only addressedgingle-player
maximumdistanceracing (i.e. how far canonetravel given
a x ed numberof time steps),but in future we shall address
multiplayerracingwith car collisions.

Finally, we note that to get good performanceit was
necessaryo transformthe raw inputs of waypointpositions
into somecarcentricmeasuresin particular the distanceto
the next waypoint, andthe squareof the velocity. This is in
agreementvith similar resultsfor the full carracingproblem
[9]. We suggesthatthereis animportantrole for geneticor
evolutionary programminghere,to pre-processhe raw input
data, and then use a combinationof RL and Evolution to
evolve the value function basedon the pre-processedata.
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