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Abstract.  Evolutionary car racing (ECR) is extendedto the caseof two
cars racing on the sametrack. A sensorrepresertation is devised, and
various methods of evolving car controllers for competitiv e racing are
explored. ECR can be combined with co-ewlution in a wide variety of
ways, and one aspect which is explored here is the relativ e-absolute t-
nesscontin uum. Systematical behavioural di®erencesare found along this
contin uum; further, atendency to specialization and the reactive nature
of the controller architecture are found to limit evolutionary progress.

1 Intro duction

Evolutionary car racing (ECR) is about using evolutionary algorithms to create
and tune controllers, sensorsor other parametersfor racing cars, in simulation
or physical reality. Only a few attempts to ewlve cortrollers or aspects of con-
trollers have sofar beenmade, all quite recertly [1][2][3][4];see[5] for a complete
review. Our own work has focusedon investigating various controller architec-
tures and sensorrepresettations, and nding ways of developing neurocortrollers
with generaldriving skills that can pro ciently race a variety of tracks, as well
as specialized controllers that perform very well on particular tracks. We have
alsoarguedthat car racing is a promising environment for ewvolving complexand
relatively generalintelligence, asthe task of navigating a basictrack is relatively
simple to learn, but gradually can be made more and more complex almost
without limits, requiring path planning, anticipation, opponert modelling, etc.

All published researt on ECR sofar hasdealt with the caseof a solo-racing,
or one car on a track a time. This paper addressesthe more complex case of
two cars competing against eat other on the sametrack at the sametime, and
includesthe possibility of car-car collisions. We will explore di®eren methods of
ewlving neurocortrollers and sensorsetups for successfullycompeting against
another car, and we hope that our results will be useful both for gamedewelopers
looking to automatically create racing gameAl, and computational intelligence
researtiersseekingto usegamesand game-like environments to ewolve ever more
generaland complex intelligence.

1.1 Co-ev olution

In our previous researd, a controller's "tness wasde ned asthe progressa con-
trolled car had madearound a track within a pre-speci ed time, and sodepended



only on the cortroller itself and a few small random factors. Competing against
another controller fundamertally changesthe problem, sothat tness becomes
dependent on the behaviour of both the assessedortroller and its competitor.
Evolution with such "tness functions is commonly called co-ewlution, and has
beenusedin ewlutionary computation both to improve ewlvability and to study
ewlutionary dynamics [6][7].

ECR allows the application and exploration of seweral uncommon forms of
co-ewlution. According to Dawkins and Krebs, biological co-ewlution can be
either intraspeci ¢ or interspeci ¢ and either symmetric or asymmetric [8]; in
ewlutionary computation terms, the co-ewlution can be either between two
populations, or individuals in one population, and betweencontestants using the
sameor di®erert tness functions. ECR allows all these types of co-ewlution,
which is interesting sincemost competitiv e co-ewolutionary robotics experiments
we know of build on predator-prey scenarios,and thus fall in the asymmetric
interspeci ¢ category [9][10][11].

A secondway in which ECR allows uncommon modes of co-ewlution is
through the existenceof a well de ned solo tness function: any cortroller can
be tested both for absolute solo tness, which meansthe distance covered when
racing without competition, absolutecompetitiv e tness, which is the samething
when having to take the behaviour of another car into accourt (including the
possibility of collisions), and relative tness, which is de ned ashow far in front of
or behind the competitor a corntrolled car nishes. Further, absolute competitiv e
“tness and relative tness can be blended seamlessly We believe that these
characteristics make ECR ideal for exploring co-ewlution.

1.2 Scope of this paper

The “rst set of questionswe will try to answer concernthe extension of the car
racing model and ewlutionary approad to two cars: how well will cortrollers
ewlved for solo racing do with competition? Will it be possibleto co-ewlve
corntrollers that do better? Is our cortroller architecture and sensorsetup appro-
priate for this? Will we be able to evolve human-competitiv e drivers, and if not,
what are the problemswith our method?

The secondset of questionsaddressco-ewlution. Will there be a di®erence
in tness, and in behaviour, if we ewolve for absolute, relative or mixed absolute
and relative tness? What sort of di®erencewill be obsened? For example, will
cortrollers ewlved for relative tness turn out to drive more aggressiely? Will
there be a di®erencein sensorsetups?

2 Metho ds

2.1 Simulation Environmen t

The experimerts reported in this article weredonein a slightly updated version
of the simulator usedin [5]. The 2-dimensional simulator is intended to, quali-
tativ ely if not quartitativ ely, model a standard radio-cortrolled (R/C) toy car



(approximately 17 certimeters long) in an arenawith dimensionsapproximately
3*2 meters, where the track is delimited by solid walls. The simulation has the
dimensions400*300 pixels, and the car measures20*10 pixels.

A track consistsof a set of walls, a chain of waypoints, and a set of starting
positions and directions. Cars are added to a track in one of the starting posi-
tions, with corresponding starting direction, both the position and angle being
subject to random alterations. The waypoints are usedfor tness calculations.

The dynamics of the car are based on a reasonably accurate medanical
model, taking into accourt the small size of the car and bad grip on the surface,
but is not basedon any actual measuremets [12][13]. While the dynamics of
the car itself are fairly straightforward, the collision handling has been subject
to much tuning and exception-handling in order to get a behaviour that feels
right for the human player and cannot easily be exploited in an unintended way
by the ewolutionary algorithm. A collision betweentwo carsis basically handled
as a fully elastic collision, but the orientations of the cars are also disturbed,
depending on which parts of the cars collided.

2.2 Sensors

The car experiencesits environment through four types of sensors:the speed
sensor, the waypoint sensor,a number of wall sensors,and a number of car
sensors.The speed sensoris simply the speed of the car. The waypoint sensor
givesthe di®erencebetweenthe car's current orientation and the angle to the
next waypoint (but not the distance to the waypoint). When pointing straight
to a waypoint, this sensorthus outputs 0, when the waypoint is to the left of
the car it outputs a positive value, and vice versa.

The wall sensorsare modelled on \range- nders" similar to sonarsor IR
sensors,where eat sensorhas an angle (relativ e to the orientation of the car)
and a range, between 0 and 200 pixels. The output of the wall sensoris zero if
no wall is encourtered along a line with the speci ed angle and range from the
certre of the car, otherwiseit is a fraction of one, depending on how closeto the
car the sensedwall is. The car sensorswork exactly like the wall sensors,with
the crucial di®erencethat the output depends on whether and how far along
the line another car is detected. A small amourt of noiseis applied to all sensor
readings, asit is to starting positions and orientations.

2.3 Controller Arc hitecture

The cortrollers in the experiments below are basedon neural networks. More
precisely we are using multila yer perceptrons with three neuronal layers (two
adaptive layers) and tanh activation functions. A network has at least three
inputs: one xed input with the value 1, one speedinput in the approximate
range [0..3], and one input from the waypoint sensor,in the range[-] .. ]. In
addition to this, it haseight inputs from wall and car sensorsjn the range[0..1].
All networks have two outputs, which are interpreted as driving commandsfor
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the car. Both the neural network and sensorcon guration of a cortroller are
directly encaded together in the genomeas an array of real numbers.

2.4 Co-Ev olutionary Algorithm

For the co-ewlutionary algorithm, amodi'ed (* + , ) ewolutionary strategy with
1 = 50and, = 50 without self-adaptation) was used. (This algorithm is based
on the EAs usedin [3] and [5]. It is possible that the addition of crosswer
and/or self-adaptation could make ewolution more excient, but we choseto leave
these out for the sake of conceptual simplicity and minimizing the number of
parametersto tune.) The di®erencebetweenthe co-ewlutionary algorithm used
here and a standard ewolutionary strategy is in the tness calculation. There are
two typesof primitiv e tness de ned: absolute and relative tness. The absolute
“tness of a controller C is calculated asthe number of waypoints it has passed,
divided by the number of waypoints in the track, plus an intermediate term
represerting how far it is on its way to the next waypoint. An absolute tness
of 1.0 thus meanshaving completed one full track within the alloted time. In
the ewolutionary experimerts reported below, eat car was allowed 700 time-
steps (enough to do two to three laps on most tracks in the test set). Relative
“tness is de ned as the di®erencein absolute tness betweenC and the car it
is competing against. Both the absolute and relative tness valuesfor a given
controller was calculated as the mean of three trials of the cortroller on ead of
the tracks.

When the primitiv e tnessesof all the cortrollers have beencalculated, they
are normalized, sothat they are all in the range[-1..1]. The "nal tness value of
ead cortroller is then calculated by blending the two primitiv e "tness values:
f itness = prabsfit + (1j p)earelf it wherep is the proportion of absolute tness,
a constart set at the beginning of the ewolutionary run. It could be argued that
only ewolution with completely relative tness constitutes co-ewlution.

There are three mutation operators: Gaussianmutation of all neural connec-
tion weights, Gaussianmutation of all sensorparameters(anglesand lengths), or
sensortype mutation. Each time the mutation method of a cortroller is called,
numbers drawn from a Gaussiandistribution with a standard deviation of 0.1
are added to both neural connection weights and sensorparameters. With a
probability of 0.4, a sensortype mutation is also performed, meaning that one
of the sensorshasits type changedfrom car to wall or wall to car.

At the start of an ewolutionary run, all cortrollers have four wall sensorsand
four car sensorspointing in random directions and with random ranges,and the
neural connectionweights are initialized to small random values.

2.5 Comp etition trac ks

In order for the competitions to be more challenging, and to prevert the con-
trollers from adopting strategiesthat would only work on a single track, three
di®eren tracks were usedto evaluate every trial (see gure 1). While we have



previously shown [5] that controllers can be ewlved that pro ciently race a di-
versecollection of tracks, this seemsto require a lengthy processof incremertal
ewolution if the tracks are both clockwise and counter-clockwise. But if all the
tracks have the samedirection, likethe three tracks chosenfor the presen exper-
iments, it is possibleto ewlve a good cortroller for thesetracks using standard
ewolution.

i =1

Fig. 1. The three tracks usedin the experiments, including waypoints. Each track also
shows a sample car with evolved sensors(discussedin section 3.2)

3 Exp erimen ts

3.1 Giving solo-evolved controllers some comp etition

10 separatesolo-ewlutionary runs were made accordingto the setup described
in the Methods section above. Each ewlutionary run lasted for 200 genera-
tions. (The mean tness was zero at generation O of every ewlutionary or co-
ewolutionary run in this paper; tness growth graphs have beenomitted to con-
sere space.)

On average, the best individual of the last generation of ead of the ewvo-
lutionary runs had “tness 2.49 (with standard deviation %= 0.23), and used
5.7 (%= 0.67) wall sensorsand 2.3 (¥#0.67) car sensors.The best run resulted
in a best controller with "tness 2.67, and the best controller of the worst run
had "tness 1.89. Most of the ewlved sensorsetupsconsistedin a relatively even
spread of medium-range wall sensorspointing forward and diagonally forward,
and the few car sensorspointing badward.

One of these cortrollers, with "tness 2.61 (0.13), was selectedfor further
testing. When put in a competition with another car cortrolled by a copy of the
samecortroller, average tness droppedto 1.23(0.6). Behavioural analysisshows
that the two cars collide repeatedly at the beginning of almost every trial, as
they don't have any method of detecting and reacting to ead other's presence.
Depending on starting conditions, the outcome of the competitions vary, but
usually one or both of the carsis either driven to collide with the wall, or spun
around so that it starts driving the track the wrong way. A car that starts
going the wrong way is usually, but not always, unable to turn around and start



driving in the correct direction again; a car that crashesinto the wall usually
gets stuck. This is becauseof the cortroller designrather the game medanics,
asit is perfectly possiblefor a human player to back away from the wall and
continue driving in the right direction. In many trials, howewver, one of the cars
managedto escaje the collisions in the right direction and proceededto make
its way smoothly around the track.

From this experimert, it can be seenthat the problem of racing two cars
concurrently is suxciently di®erert from the problem of solo-racing that the
performance of a solo-ewlved cortroller is catastrophically compromisedwhen
tested in competition conditions.

3.2 Co-evolving controllers: The absolute-relativ e tness contin uum

50 ewlutionary runs were made, ead consisting of 200 generations.They were
divided into "v e groups, depending on the absolute/relative tness mix usedby
the selection operator of the co-ewlutionary algorithm: ten ewlutionary runs
were performed with absolute tness proportions 0.0, 0.25, 0.5, 0.75 and 1.0
respectively. Thesewerethen testedin the following manner: the bestindividuals
from the last generation of eac run were rst tested for 50 trials on all three
tracks without competitors, and the results averagedfor ead group. Then, all
“v econtrollers in eat group weretested for 50 trials ead in competition against
ead cortroller of the group. Finally, the number of wall and car sensorswere
averagedin ead group. Seetable 1 for results.

Proportionabsolute |0:0 0:25 0:5 0:75 1.0
Absolute tness solo/1.99 (0.31)|2.09 (0.33)(2.11 (0.35)(2.32 (0.23)(2.23 (0.23)
Absolute tness duo|0.99 (0.53)|0.95 (0.44)|1.56 (0.45)|1.44 (0.44)|1.59 (0.45)
Relative "tness duo |0 (0.75) |0 (0.57) |0(0.53) |0(0.55) |0 (0.47)
Wall/car sensors |5.8/ 2.2 |5.6/ 24 |52/ 28 |42/ 38 |64/ 1.6
Table 1. The results of co-ewlving controllers with various proportions of absolute
“tness. All numbers are the mean of testing the best controller of ten evolutionary runs
for 50 trials. Standard deviations in parentheses.

Analysis It is clearthat, whendriving without competitors, the co-ewlved con-
trollers on averagehave lower absolute tness than the solo-ewlved cortrollers.
Behavioural inspection suggeststhat the co-ewlved cortrollers drive more care-
fully, seldom acceleratingto top speeds,and take corners more consenatively.
A similar but smaller di®erencein absolute solo- tness seemsto exist between
the groups of co-ewlved corntrollers, with cortrollers ewolved more for absolute
“tness performing better than cortrollers ewvolved more for relative ‘tness. The
cortrollers within a group perform similarly, and the lower tness comesfrom
driving slower around the track rather than crashinginto walls or losing direc-
tion.



The di®erencebetweencortrollers co-ewlved with di®erent "tness mixes be-
comes clearer when we measure performance in competition with other con-
trollers from the samegroup, where cortrollers ewlved mostly for absolute t-
nessgenerally get about half a lap farther than those ewolved mostly for relative
“tness. Behavioural analysis con'rms that this is becausethe cars more often
collide at the start of atrial, often forcing oneor both of the carsto crashagainst
the wall or spin around and losetrack of which direction it is going. Often, the
cortrollers ewlved with low (0 or 0.25) proportions of absolute tness actively
look for trouble by trying to collide. (See gure 2).

There seemdo belittle consistencyin ewolved sensorsetups,samplesof which
can be seenin "gure 1 (wall sensorsare blue; car sensorsare pink; ead car is
travelling forwards in direction of the waypoints). We found one cortroller in the
group ewlved purely for relative tness that had only wall sensorsand no car
sensors,and another onein the group ewlved for purely absolute tness! There
is no obvious tendency towards fewer or more car sensorsat either end of the
“tness mix, and the data is too scarceto prove any more subtle tendency. When
looking at all 50 cortrollers together, every cortroller has at least three wall
sensors,and there is always at least one pointing mostly forward. On average,
the cars have twice as many wall sensorsas car sensors,and when car sensors
are presen, there seemsto be at least one pointing mostly backward; overall,
more car sensorspoint backward than forward.

Fig. 2. Tracesof the “rst 100 or so time-steps of three runs that included early colli-
sions. From left to right: red car pushesblue car to collide with a wall; red car fools
blue car to turn around and driv e the track backwards; red and blue car collide seweral
times along the course of half a lap, until they force each other into a corner and both
get stuck. Note that sometrials seeboth cars completing 700 time-steps driving in the
right direction without getting stuck.

Fitness mix groups versus each other In order to nd out how the con-
trollers ewlved with various tness mixtures performed against eac other, we
tested all the "v e cortroller groupsagainstead other. The slightly surprising re-
sults wasthat the groups performed on averageequally well against ead other,
though with considerableintra-group variation. The absolute tnesses of the
controllers in these encourters were quite low, on average 0.96, which suggest



that all cortrollers are quite ill preparedto race against cortrollers from another
“tness mix group.

3.3 Co-evolved versus solo-evolved controllers

The 50 cortrollers co-ewlved with various tness mixes in the section above
were now tested against the 10 solo-ewlved controllers from section 3.1. For
ead group, the ten co-ewlved controllers competed for 10 trials with ead of
the 10 solo-ewlved cortrollers. Seetable 2 for results.

P roportionabsol ute [0:0 0:25 0:5 0:75 1:0
Co-ewlved 1.41 (0.52)|0.99 (0.44)|1.32 (0.58)|1.23 (0.65)|1.41 (0.45)
Solo-ewlved 1.68 (0.56)|1.95 (0.62)|1.74 (0.57)(1.38 (0.65)|1.51 (0.63)

Table 2. Co-ewlved versus solo-ewlved controllers.

Analysis Obsenethat there is a small (mostly) but consistert tness advantage
for the solo-ewlved cortrollers over the co-ewlved ones. (Both co-ewlved and
solo-ewlved cortrollers performed signi cantly worsein thesecompetitions than
when tested in solo racing conditions.) The causeof this "tness di®erenceis
not completely obvious after looking at a large number of these competitions,
but it appearsthat the solo-ewlved cortrollers (which gain higher tness than
the co-ewlved onesin solo trials) simply outrun the co-ewlved cortrollers in
many cases,and so avoid many of the collisions, and further corroborate the
hypothesisthat the controllers tend to be very specializedto compete against
cortrollers similar to themseles. This could be seeneither as a shortcoming of
the ewolutionary algorithm, or asthe desiredstate of things; it could be argued
that the co-ewlved cortrollers should have strategies generalenoughto take on
any opponert, or that a their more careful driving style should always make
them slower than a solo-ewlved cortroller.

3.4 Evolution with a static target

To investigate whether the tendency to specialization in co-ewlved cortrollers
could be usedto create cortrollers that could out-compete the solo-ewlved con-
trollers from section 3.1, we modi ed a copy of the co-ewlutionary algorithm
to work with a static target. In this con guration, ead cortroller is evaluated
by racing three racesagainst randomly selectedcortrollers out of the ten solo-
ewlved cortrollers. It should be noted that this is not co-ewlution at all, asthe
target cortrollers do not ewlve. The car cortrolled by the target cortroller could
instead be seenas an interactiv e feature of the environment.

The experiments we run with this con guration failed to generateany con-
trollers with better "tness than the target controller. This was despite attempts



at ewlving from scratch, starting from a general cortroller, or starting from a
clone of the target controller, and using various mixtures of absolute and rela-
tive "tness. Our interpretation of this is that the solo-ewlved controller drives
the tracks as fast as can be done given its sensingand processinglimitations,

and that the samelimitations hinder the co-ewlved cortrollers from doing any
better.

3.5 Human-comp etitiv eness of evolved controllers

A random selectionof cortrollers weretested by competing with a car cortrolled
by one of the authors via the keyboard. It was found that the solo-ewlved
controllers were generally good contenders, driving at about the sameskill level
or slightly better than the author, aslong ascollisions were avoided. Howewer, it
was found to be quite easyto learn how to collide with the computer cortrolled
car in such a way that it got stuck on a wall, and then cortinue to win the race.
Most of the co-ewlved controllers werepretty simpleto beat by just accelerating
hard at the beginning of a raceand keepdriving, astheir slower driving wouldn't
allow them to catch up.

4 Conclusion

Our main positive nding concernsthe e®ectsof changing the type of tness
function. A very clear e®ectwas that cortrollers ewolved more for relative t-
nessacted more aggressiely, but covered lessdistance both when running solo
and when competing with other cortrollers from the same population, than
cortrollers ewlved more for absolute tness. We could not 'nd any systematic
di®erencebetweenthe sensorsetups ewlved with the various "tness mixtures,
but obsened a generaltendencyto point car sensorsbackwards rather than for-
ward, and the opposite tendencyfor wall sensors it seemgo be more important
to watch your badk than to know whats happening in front of you.

A nding that is relevant to the overarching quest to scaleup ECR and
ewlutionary robotics in generalis that competitive ECR is a much more complex
problem than solo ECR. This can be seenboth from the drastic degradation of
"tness when solo-ewlved controllers are put in competitiv e ervironments, and
from our great ditcult y in ewolving cortrollers that can reliably outperform
the solo-ewlved ones.It can also be seenfrom the total inability of all evolved
controllers to backtrack upon a frontal collision with a wall, and the relatively
poor ability of most ewolved controllers to 'nd the correct direction after having
beenspun around. This points to the needfor more complex sensorsand neural
networks.

However we set up the ewlutionary runs, they seemto su®erfrom over-
specialization, wherethe cortrollers in a population only learn to raceead other.
This result is in broad agreemen with what has beenfound in co-ewlutionary
predator-prey experiments[9][10]. So even though ECR allows us to explore a
larger spaceof variants of competitiv e co-ewlution, it seemsthat we at presen
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are stuck with the samebasic obstaclesto ewlving generally good competitiv e
behaviour.

4.1 Future research

One obvious extension of the cortroller architecture would be to add state to
the presenly statelesscortroller; this could be doneby adding recurrent connec-
tions to the network. The cortroller could also be given the ability to grow or
\complexify" itself asneededduring the ewolutionary run[11]. This could alsobe
the casefor the sensors;we believe that either more sensorsof the presen kind
or somealternate sensorrepresenation will be neededto give the cortroller the
information neededto compete well.

The ewlutionary algorithm could be enhancedwith the addition of a \hall
of fame", where the cortrollers of a generation compete not only against each
other but also against the best cortrollers of previous generations[7][9][10].lt
would be interesting to use evolutionary multi-ob jective optimization to ewolve
fronts of pareto-optimal tradeo®sbetweenrelative and absolute tness.
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